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Abstract

Kinematic sensors have been widely applied in motion analysis. Together with

the control and detection algorithm, they form a movement analysis system that

can detect the external changes and also interpret those changes to control

output. Recently, a number of researches have investigated automated

movement detection using miniature kinematic sensors and various detection

algorithms. Machine learning techniques were applied in analyzing gait patterns

and features of normal walking. These methods were based on supervised

machine learning approaches such as artificial neural network (ANN) and fuzzy

logic etc. On the other hand, gait classification has been used for the diagnosis,

assessment, and evaluation of pathological gait. In view of subjects with

dropped foot, an optimal sensor set and a simple algorithm for the identification

of gait phases could be useful for clinical evaluation, controlled movement and

activities monitoring. The purposes of this study were to develop a kinematic

gait measurement system using accelerometers and gyroscopes; and validate

the method for gait phases detection in both normal and dropped foot gait after

stroke. Support vector machine (SVM) is a new type of machine learning

technique, which was employed to classify different walking conditions in this

study.

Ten hemiparetic subjects with dropped foot gait (Functional Ambulatory

Category 3 to 4) and three healthy subjects participated in the study. The

subjects were required to walk in five different conditions, namely level ground,

stair ascent, stair decent, upslope, and downslope walking. The measurement

system comprised three sensor units, each contained a dual-axis accelerometer
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and a single-axis gyroscope. The sensor units were attached at the thigh, shank,

and foot segments to measure the segmental linear acceleration and angular

velocity. The kinematic data was analyzed by a threshold method for detecting

the turning points from which their time difference was compared with the force

sensitive resistors attached underneath the foot. The reliability of the system to

detect the stance and swing phases of gait was evaluated by the performance

index (PI), with the ideal value set equal to 1, which depended on the

classification accuracy and timing variation of the gait event obtained from the

detection method. The performance of SVM was also compared with other

machine learning techniques such as ANN and radial basis function (RBF)

network.

In the reliability study of the gait phases detection, it was found that some

specific turning points could effectively identify gait events with a high value in

the PI. The results using SVM classification showed that stair ascent and stair

descent could be distinguished from each other, and from other walking

conditions with 100% accuracy by using a single sensor unit attached to the

shank segment in healthy subjects. For the classification in the five walking

conditions, performance improved from 78% using the kinematic inputs from the

shank sensor unit to 84% with two additional inputs from foot sensor unit. In the

same classification tasks for the subjects with dropped foot, the classification

accuracy of stair ascent, stair decent and other walking conditions were 92.9%

using the kinematic inputs from the shank sensor unit. It was further improved to

97.5% with two additional inputs from foot sensor unit. Stair ascent was also

classified by the inputs from foot sensor unit with an accuracy of 96%. The

results of different classification methods showed that the performance of SVM
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was superior to other machine learning techniques using ANN and RBF

networks.

The kinematic measurement system and SVM method could be applied to

classify various walking characteristics in both healthy subjects and subjects

with dropped foot. This study shows an alternative system and method for gait

analysis, pattern recognition and activity monitoring during rehabilitation.
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Chapter I – Introduction

In the past decades, a number of studies evaluated different configurations of

accelerometers and gyroscopes to detect gait events and spatiotemporal

characteristics (Aminian et al., 2002; Auvinet et al., 2002; Dai et al., 1996;

Pappas et al., 2001; Sabatini et al., 2005; Tong and Granat, 1999). These

studies evaluated a variety of sensors and the measuring locations of body

segment to produce a movement analysis system. A compact movement

analysis system comprising the miniature kinematic sensors would be a useful

clinical tool for monitoring daily activities of person with or without walking

disability.

People with walking disabilities show specific movement patterns and gait

kinematics. Measurement device integrated with different detection algorithms

has been found to be possible to detect the specific gait changes. These

systems have many essential features that allow versatile applications for

human motion analysis that can be performed in different environments, and

are also applied for functional restoration (Mansfield and Lyons, 2003; Sabatini

et al., 2005; Tong et al., 2003; Williamson and Andrews, 2000).

On the other hand, most kinematic and kinetic studies were conducted in indoor

motion analysis laboratory using sophisticated equipment. As kinematic sensor

nowadays is available in very small size, outdoor movement studies can be

performed with the use of a miniature sensor system that is characterized by its

portability and low energy consumption. Many studies have demonstrated the

use of miniature accelerometers and gyroscopes to document body motion

(Dejnabadi et al., 2005; Luinge and Veltink, 2005; Mayagoitia et al., 2002), and
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particularly the gait. These studies also enrich the understanding in the

biomechanics of human activities (Coleman et al., 1999; Haeuber et al., 2004),

sports medicine (Herren et al., 1999), and human physiology (Song et al., 2006).

Furthermore, kinematic sensors have become the mainstream of clinical

researches in analyzing different daily activities and quantifying the treatment

outcomes of medical interventions.

Another interesting area that has drawn the attention of researchers is the

automated movement detection using kinematic sensors and classification

algorithms. Preceding studies included routine gait analysis (Auvinet et al.,

2002), diagnosis of pathological gait pattern (Armand et al., 2006; Begg and

Kamruzzaman, 2006; Kamruzzaman and Begg, 2006), classification of walking

conditions (Coley et al., 2005), and monitoring of daily activities (Haeuber et al.,

2004; Mathie et al., 2004). The sensors were used to measure the movement

kinematics, monitor activities, and assist the computation of biomechanical

model. In such researches, classification algorithms were implemented to

improve overall detection accuracy, which mostly derived from the machine

learning techniques. Therefore, studying human motion requires comprehensive

knowledge on the measuring systems, detection algorithms and the kinematics

of various types of movement so that it can be performed using an appropriate

measurement tool with the highest reliability and performance.
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1.1 Background

Hemiparetic subjects occupied the largest proportion of the stroke survivors

who engaged in the intensive rehabilitation training program because of their

potential for functional improvement and hence living independency. The

investigation of the movement characteristics during activities of daily living can

definitely help to improve the design and outcome of the rehabilitation program.

Among the daily activities, walking is the priority among those training programs.

Hemiparetic subjects show individualized movement style during walking,

particularly in the swing phase while dropped foot occurs. The impaired limb

adapts to a new gait pattern to reduce effort but facilitate locomotion. This

situation makes clinical documentation and evaluation more difficult and less

consistent.

In the study of hemiparetic gait, kinematic sensors has been applied to evaluate

the spatiotemporal characteristics (Goldie et al., 2001). However, the

understanding of kinematic sensors during gait analysis is still inadequate.

Kinematic sensors are usually evaluated together with the force sensitive

resistors during the documentation of gait features since they can continuously

monitor the gait throughout the stance and the swing phases. However, the

constraint of force sensitive resistors for dropped foot gait is that the persons do

not have a consistency in their gait events, such as heel strike or push-off,

which can be identified clearly and accurately. Kinematic sensor also has

additional capability for the measurement outside the laboratory compared to

the sophisticated motion analysis systems which need to be installed indoors.

The ability of kinematic sensors has to be properly evaluated in order to achieve
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reliable and accurate automated gait detection that can enhance the study of

human motion in a variety of movement disorders in free-living environments.

Stair ascent and stair descent as well as walking on sloped surfaces are

common daily walking environment encountered other than level ground

walking. Stair climbing is one of the commonly recognized indicators for activity

level (Leon et al., 1996; Paffenbarger, Jr. et al., 1993). Studies have shown that

stair climbing exercise can promote people’s health (Boreham et al., 2005;

Crossley et al., 2005). In view of the benefits, researchers have been

investigating the kinematics and kinetics of stair climbing in relation to people’s

health status. And it was found that he gait characteristics are quite different in

each particular walking condition in terms of energy expenditure (Terrier et al.,

2001) and the physiological capacity required by the walkers (Zhang et al.,

2003). Although the kinetics of stair climbing has been reported by McFadyen

and Winter (1988), there is a need for deep understanding of the stair climbing

condition through the analysis of kinematics. The biomechanical model of these

walking conditions could be evolved as a useful tool for the evaluation of

functional performance after clinical interventions, such as surgical or

rehabilitative treatment on the lower limbs. Analysis of the conditions can also

facilitate the outcome measurement of the new design of assistive aids and

analysis of risk of fall among elderly. Walking conditions classification can

provide the reference information for gait analysis of various activities during

daily living.

Most of the existing measurement systems are either restricted in indoor

laboratory for three-dimensional (3D) analysis system, or requires complex
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calculation to model the segmental motion using portable kinematic systems

The practical applications of these methods are limited. Therefore, it is essential

to improve the system reliability, portability and applicability by finding a

comparatively simply method to automatically detect the gait phases and

walking conditions as well as to simplify the instrumentation setup in clinical

setting. The practical applications of these methods from other studies are

limited. Therefore, it is essential to improve the system reliability, portability and

applicability by finding a comparatively simply method to automatically detect

the gait phases and walking conditions as well as to simplify the instrumentation

setup in clinical setting. Turning point could be easily identified and provided

information to identify gait phases and walking conditions.

To document the daily walking activities, a portable monitoring device is the

best option to keep tracking on the subject’s movement and to collect the

kinematic data for further processing. The data are manipulated by offline or

real-time analysis, through which a detection algorithm is applied to classify the

data samples. Support vector machine (SVM) has lately applied in gait

identification because of its excellent performance of classification ability.

However, the studies of SVM in gait analysis are still confined to the kinetic and

kinematic approaches using force platform and 3D motion analysis systems.

SVM has not been well studied using inputs from kinematic sensor in subjects

with pathological gait and even in healthy subjects. The methods and results of

this study would have a significant contribution in the kinematic gait analysis.
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1.2 Objective of the Study

The objectives of the study were:

1) to evaluate the reliability of sensor configurations using different

combinations and arrangements of accelerometers and gyroscopes, with

the sensor sets attached to three different locations on the affected lower

limb of subjects with dropped foot and on the dominant side of non-impaired

subjects

2) to evaluate the performance of the machine learning method – Support

Vector Machine for walking conditions classification, namely level ground

walking, stair ascent, stair descent, upslope walking and downslope walking

in subjects with dropped foot

For the first objective, the reliability of the sensor system was evaluated by the

accuracy of the threshold detection method and of the timing variation, which

were compared to the foot switches for the distinction of the stance and the

swing phases. The results could aid in the development of a universal gait

monitoring system by indicating the minimal number of appropriate sensor sets

and the appropriate attachment locations. The system could also be validated

for monitoring dropped foot gait.

For the second objective, the kinematics sensors array with high performance,

based on the results from the first part, would be applied to the study of walking

conditions classification in persons with unilateral dropped foot and persons

without impairment. The sensors were attached to the shank and foot segments

on the lower limb to capture the kinematic data from five different walking
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conditions. The SVM method was applied to classify these walking conditions

and compared with other machine learning techniques. The study also

compared the performance of the inputs composed of different combination of

kinematic variables and the classification accuracy of SVM technique up to 5-

class classification task, i.e. to classify the conditions of level ground, stair

ascent, stair decent, upslope and downslope walking simultaneously.

1.3 Outline of the Dissertation

Following the chapter of introduction, chapter II begins with a brief review on the

human gait analysis and the instruments applied in the motion analysis. The

review turns to the introduction of the sensors and artificial intelligences which

consist of a few common machine learning techniques and SVM. The reliability

studies of kinematic measurement systems comprising different sensors are

then reviewed. Finally, the applications of machine learning technique using

kinematic inputs in movement control, gait events identification and movement

patterns recognition are discussed in detail.

In chapter III, the methodology of this project is presented. The detailed method

of the experiment on the reliability study using accelerometers and gyroscopes

are described. It is then followed by the method of the application of SVM in

walking conditions classification. The relationship of the walking conditions

classification is discussed on the basis of the change of gait pattern.

Chapter IV presents the results and discussion of the studies. This chapter is

divided into two parts. The first part reports the reliability of the measurement



Chapter I Introduction

8

system to identify the gait phases of subjects with dropped foot. The second

part presents the results of walking conditions classification which include level

ground walking, stair ascent, stair descent and sloped walking; and also reports

the performance of SVM for pattern recognition in non-impaired subjects. It is

then followed by the performance of its application in subjects with dropped foot.

Discussions are followed to each part of the studies. Limitations of the study are

finally discussed at the end of the chapter.

Chapter V summarizes the findings in this project and its implications in clinical

use and rehabilitation as well as activities of daily living. The ideas for further

studies are proposed.
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Chapter II – Literature Review

2.1 Gait Analysis

Gait analysis is an essential technique to measure and document the walking

characteristics through a qualitative and quantitative means. The technique

provides a standardized reference for comparing gait discrepancies that would

be observed in different gait pathologies or in-between treatment interventions.

In this section, the characteristics of normal and pathological walking are

discussed in terms of gait kinematics.

2.1.1 Normal Human Walking

A normal human walking cycle can be described by two phases of gait, i.e. the

stance phase and the swing phase. The duration of the stance phase occupies

62% of the gait cycle while the duration of the swing phase occupies 38% of the

gait cycle (Perry J., 1992). A single gait cycle can be further subdivided into

phases or events that represent the durations or the particular instances of the

walking cycle, respectively. Table II-1 illustrates the temporal relations of

various gait phases and events. It is worth to note that the pre-swing phase,

during which the gait transits from stance to swing, prepares the leg to swing

forward in terms of the functional consideration. Table II-2 shows the

breakdowns of the gait cycle and the functions of the gait phase.
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Table II-1: Gait cycle – events, periods, and phases

Event % Gait Cycle Period Phase

Footstrike 0
Initial double limb support

Opposite foot-off 12
Single limb support

Opposite foot strike 50
Second double limb support

Stance

62% of cycle

Foot-off 62
Initial swing

Foot clearance 75
Mid swing

Tibia vertical 85
Terminal swing

Swing

38% of cycle

Second foot strike 100

Adopt from Rose and Gamble (2007)

Table II-2: Gait cycle – periods and functions

Period % Cycle Function Contralateral Limb
1. Initial double limb

support
0-12 Loading, weight transfer Unloading and preparing

for swing (pre-swing)
2. Single limb support 12-50 Support of entire body weight;

center of mass moving forward
Swing

3. Second double
limb support

50-62 Unloading and preparing for
swing (pre-swing)

Loading, weight transfer

4. Initial swing 62-75 Foot clearance Single limb support
5. Mid swing 75-85 Limb advances in front of body Single limb support
6. Terminal swing 85-100 Limb deceleration, preparation

for weight transfer
Single limb support

Adopt from Rose and Gamble (2007)

2.1.1.1 Kinematics of Normal Gait

Gait kinematics is usually described by motion curve that represents the

variation of joint angles within a gait cycle (Figure II-1). A comprehensive

kinematic gait analysis includes the measurement of flexion-extension in the

sagittal plane, abduction-adduction in the coronal plane and rotation in the

transverse plane of the pelvis, thigh, shank and foot segments. Among these

motions, segmental movements in sagittal plane provide the major reference for

gait analysis. Compared with the joint angles measured in sagittal plane, knee
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joint displays the largest range of motion, approximately from 0 to 65 degree.

The hip joint motion ranges from -10 to 35 degree and ankle joint motion ranges

from -10 to 15 degree during normal walking. In addition to the motion of lower

body, head, trunk and upper limb movements may be analyzed for particular

reference to give a comprehensive analysis of kinematic study.

Figure II-1: A typical illustration of motion curve measured in sagittal
plane of normal gait by 3D motion analysis system. The motion curve was
measured by angle in degree against percentage of gait cycle.

(a) Pelvic tilting, (b) Hip flexion-extension, (c) Knee flexion-extension, (d)
Dorsiflexion-Plantarflexion

Gait is evaluated by the spatiotemporal characteristics such as cadence,

walking speed and duration of the stance and swing phases. These parameters

are used to describe gait characteristics because they are relatively easy to

interpret and do not require sophisticated system for measurement. Therefore, it
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is convenient to compare gait discrepancies using these characteristics. Some

of the gait characteristics have been found to be age-related. The duration of

gait phases and cadence changes as the age increases (Rose and Gamble,

2007). The stance time and cadence decrease as the age increases whereas

the swing time increases. Minimum foot clearance during swing phase also

decreases in elderly. Temporal characteristics of gait during stair climbing were

studied in healthy subjects by Livingston et al. (1991). The characteristics were

correlated to the stance/swing duration. Adaptation to dimensional change of

stair riser and tread was regulated by the muscular activities for knee flexion-

extension patterns.

Kinematic gait analysis is not limited to joint angle measurement but extends to

the use of kinematic sensors. The most common sensor types are

accelerometers and gyroscopes. The graphical representation of the

measurement of segmental acceleration and angular velocity are shown in

Figure II-2 and Figure II-3. They are typical kinematic curve in the anterior-

posterior direction measured by accelerometers and gyroscopes at different

measurement locations of the lower limb segments. In Figure II-2, it can be

observed that the waveform similarities were higher while comparing the

acceleration measured from the thigh and the shank. The amplitude change of

linear acceleration measured from the foot segment is the largest (from -1 to 3

g). In Figure II-3, the amplitude change of angular velocity is increasing from

proximal segment to distal segment (from thigh, shank to foot). Therefore, it is

important to note that the measurement of segmental angular velocity has

cumulative effect that is carried from the motion of adjacent segments.
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Figure II-2: Segmental acceleration measured at thigh, shank and foot

Figure II-3: Segmental angular velocity measured at thigh, shank and foot
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2.1.2 Pathological Gait

Pathological gait deviates from the normal gait resulted from the neuromuscular

deficits or deformities. Person who suffers from neuromuscular deficit such as

stroke and cerebral palsy may not be able to coordinate the segmental

movement in the right timing. The muscles do not have sufficient strength to

maintain a smooth forward progression of body. Walking disabilities could be

resulted from the development of musculoskeletal deformities such as

contracture. This deformity limits the range of motion of the joint involved during

normal walking. The gait deficits are relatively long-term disabilities in both

situations. The persons may habitually adapt to a new gait pattern so as to

minimize effort and reduce inefficiency to walk before medical interventions are

administered. More often, normal walking is disturbed by pain which occurs due

to musculoskeletal degeneration and ageing. The gait patterns could be quite

varying depending on the affected part of the body.

Gait analysis can help to identify the gait deviations and sort out the hidden

musculoskeletal problems. It plays an important role for outcome measures,

qualitative and quantitative documentation of the gait. Studying the pathological

gait deviations can also enhance the knowledge of patho-mechanics of human

walking.
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2.1.2.1 Dropped Foot Gait

Dropped foot gait is one of the common walking disabilities. It is usually

occurred in stroke survivors, who make up the major group of independent

walkers with walking difficulties (about 85% of stroke patients) (Olney and

Richards, 1996). The walking disability is resulted from the paralyzed lower limb

muscles, mainly the dorsiflexors that control the lifting of foot segment during

the swing phase of gait. The dropped foot problem is usually compensated by

exaggerated hip flexion and abduction to maximize foot clearance and

maintaining balance of the trunk during swing

Dropped foot may lead to excessive ankle inversion at heel strike resulting in

sprain ankle. More seriously, it may increase the risk of fall. Electrical

stimulation has been used to restore dorsiflexion to prevent foot drop during the

swing phase (Burridge et al., 1997). However, the outcomes are still

unsatisfactory because the correct timing and optimal stimulation pattern could

not be well controlled among individuals whose gait patterns are quite

difference (Taylor et al., 1999). Therefore, a lot of studies have been reported

on the evaluation of the gait identification systems and the control algorithms

that can be implemented to a portable device and to control the stimulation

timing and pattern (Bogataj et al., 1997; Breen et al., 2005; Dai et al., 1996;

Hansen and Haugland, 2001).
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2.1.2.2 Kinematics in dropped foot gait

Kinematic gait studies are usually reported in terms of joint angle and range of

motion in a specific instance. The segmental movement range of dropped foot

gait has been evaluated by Burdett et al. (1988). The key findings for the hip,

knee and ankle range of motion, compared to the normal persons, are

summarized in Table II-3. In addition, the range of the impaired movement is

generally associated to the individual walking speed (Intiso et al., 1994). The

gait differences can be explained by the fact that the hip movement is less

impaired and has better control to assist foot clearance during the swing phase.

This movement compensates the more paralyzed knee flexor and dorsiflexor.

Table II-3: Gait Differences between Dropped Foot and Normal Gait

Hip Knee Ankle
Initial Contact ↓ flexion ↑ flexion ↑ plantar flexion
Toe Off ↑ flexion ↓ flexion ↓ plantar flexion
Mid Swing ↓ flexion ↓ flexion ↑ plantar flexion

2.1.3 Gait Analysis Systems in Laboratory

Gait analysis tends to be a subjective measurement if it is performed based on

experience during observational gait analysis. Instrumented gait analysis

provides an objective mean to quantify the gait parameters for reference and

comparison. Gait analysis system facilitates the experiment on movement and

biomechanical analysis. However, traditional instrumented motion analysis

system was restricted inside gait laboratory and was mainly video-based analog

system or markers system that is required to be installed in a spacious indoor

environment together with certain configuration. The system can only function
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properly in an environment with special lighting to reduce signal noise and

improve accuracy.

Video cameras offered a direct tool for recording and reviewing motion of the

entire body. The body images were captured for observational analysis.

However, they provided no information on the joint range of motion and

spatiotemporal characteristics for reference. They also depended on the

experience of the observer to analyze the information. Film photography was

developed for the recording of joint motion and providing the information of

walking speed and cadence. Instrumented gait analysis system was then

advanced to motion marker system that can capture the 3D coordinates of the

retrospective markers attached to specific body landmarks. The segmental

motions can be modeled and simulated through the reconstruction of the

markers’ coordinates in the computer. The spatiotemporal data can be

calculated using the markers’ coordinates. The system can also synchronize

with the force platform to measure ground reaction force and the

electromyogram through the electrodes for the analysis of the muscular

activities during body motion.

2.2 Introduction to Sensors

Sensors detect the changes of condition of internal or external environment and

transform the changes into electrical signal through the measurement system.

The information collected by sensors determines what desired response will be

produced using the control system. Sensors are often used in combination.
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Signals collected from sensors with different mechanical properties are

integrated and resolved by the control system to provide a coherent

interpretation

There are a variety of sensors available for monitoring body movements. The

selection of sensor is determined by the control mechanism of the system and

functional ability of the subject for the documentation of body motion. However,

the selection of sensor should not be constrained by the design of the system.

In a practical measurement system for monitoring body motion, the criteria of

the sensor have to be:

– low mass and small size

– low power consumption

– reliable and robust

– easy to use, easily mounted or installed

– cosmetically unobtrusive

– able to transmit the power and information between the sensors and the

control processing unit

– able to process the signals with methods

The next section introduces the most common sensor types which have been

widely used in motion analysis. The sensors can be categorized into three types:

1) natural sensor; 2) force sensor; and 3) kinematic sensor

2.2.1 Natural Sensors

Natural sensors measured the neural activities of the human sensory and motor

systems. During nerve conduction, a difference of electrical potential is
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generated due to polarization and hyperpolarization. This potential difference is

measurable by placing a consecutive pair of electrodes along the transmission

pathway. Information such as activity timing, amplitude and frequency can be

obtained from the measurement of the nerve conduction activities.

2.2.1.1 Electroneurogram

Electroneurogram is collected through the implanted nerve cuff electrode that

records the activities of the sensory nerve. Specific information can be

monitored by identifying the corresponding sensory nerve. Upshaw and Sinkjaer

(1997) compared the natural sensor that measures the sural nerve activities to

the foot switch to detect the swing phase of gait in patients with multiple

sclerosis. In general, the detection accuracy reached 85% while using the

sensory nerve signal information only. When the nerve signal had incorporated

with muscle activity, the detection percentage was improved to 100%. This

implies that the natural sensors and biofeedback were reliable for gait phases

detection. However, the technique is invasive during the implantation of

electrodes.

2.2.1.2 Electromyography

Electromyography (EMG) provides an alternative input for measurement of

movement activities. Voluntary contraction of muscle generates EMG signals.

Recordings of the signal via surface electrode act as the inputs and the EMG
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characteristics such as signal magnitude, frequency and timing can provide

data for activities monitoring and sensory feedback. Thorsen et al. (1999) has

reported the control system using EMG input. EMG detection for residual

functions of upper limb was evaluated in healthy and C6/7 quadraplegia. In the

study, hand opening and grasping were controlled by detecting and processing

the EMG signals from the forearm muscles.

2.2.2 Force Sensors

Force sensor detects the external application of force or pressure. There are

mainly two types of force sensor. Mechanical switch is one of the force sensors,

which can only provide all-or-none response. Another one is the force sensitive

resistor, which can measure the amplitude of force application that is directly

proportional to the internal resistance of the sensor.

2.2.2.1 Switch

Switch gives direct input to the measurement system. The switch can be

located anywhere provided that the external force is able to access and trigger

the switch. Foot switches have been used to detect heel contact during walking

(Taylor et al., 1999). The switches provided feedback signals to record the

timing. Switch is the easiest and simplest way for input because of its straight

forward triggering mechanism and installation.
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2.2.2.2 Force Sensitive Resistor

Force sensitive resistor (FSR) usually functions as a switch in the studies of

walking activity. Its resistance drops when there is high pressure over the

contact surface. FSRs have been proven with its reliability in gait detection

system. However, the detection ability is limited to the stand phase of gait only.

In walking application, FSRs functioned as heel switches to identify different

foot contact events such as heel strike, foot-flat and toe-off. To accurately

identify the gait events in the stance phase, FSRs are placed underneath

different locations of the plantar surface, usually at 1st and 5th metatarsal heads,

the heel and the toes (Pappas et al., 2001). FSRs were also implemented into

the portable gait detection system to measure the time reference during the

evaluation and validation of measurement devices being investigated, such as

kinematic sensors.

2.2.3 Kinematic Sensors

Kinematic sensors emerged in the past two decades and they were used in the

measurement of body motion. Kinematic sensors can be categorized into four

types. They are 1) electro-goniometer; 2) inclinometer; 3) accelerometer and 4)

gyroscope. These sensors measure the movement kinematics using different

mechanical properties.
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2.2.3.1 Electro-goniometer

Electro-goniometer is an electronic device which measures the spatial

relationship between segments in terms of angle in a static measurement. It can

also continuously measure the angle variation within a period of time in a

dynamic trial, e.g. consecutive walking cycles. Electro-goniometer was usually

used as a measuring tool during movement analysis and to detect sudden

change of joint angle. However, it is less likely to incorporate into a portable,

small sized measurement system because of its difficulty during positioning

across joints and disturbance of limb movement.

2.2.3.2 Inclinometer

Small size inclinometer (or tilt sensor) measures the angle by measuring the

change of position relative to the gravity or magnetic field. It is available in small

size, high sensitivity and low power consumption. Dai et al. (1996) compared

three types of tilt sensor for the control of functional electrical stimulation (FES)

system. The tilt sensors were attached to the shank to detect the step intention

in hemiparetic and spinal cord injury subjects based on a threshold value.

2.2.3.3 Accelerometer

Accelerometer measures the linear acceleration of the object to which the

sensor attached. Accelerometer detects not only linear acceleration, but also

offers the measurable kinematic variables for the calculation of tilt angle if there
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are two accelerometers attached at the same object. Accelerometers are

available from single axis, dual axes and three axes which are in ultra small size,

high sensitivity, low power consumption and commercially obtainable. They are

able to output both digital and analog signals to provide the flexibility for the

design of the measurement system.

A number of studies have reported on the detection of limb or body orientation

by accelerometry (Morris, 1973; Veltink and Franken, 1996; Willemsen et al.,

1990; Williamson and Andrews, 2000). Morris (1973) reported that the signals

collected from six single axis accelerometers were used to define the movement

of a body segment in space. Willemsen et al. (1990) have studied the use of

two accelerometers attached at the shank to detect the stance-swing phase

change of gait. Performance was improved by the application of the automatic

detection algorithm which was based on cross correlation calculation.

Woodward and Cunningham (1993) have used a portable system to measure

the acceleration at the ankle in various exercises including walking, running and

stair climbing. Veltink and Franken (1996) have also reported the detection of

knee unlocking using four single and two differential accelerometry

configurations and threshold detection method.

2.2.3.4 Gyroscope

Gyroscope measures the angular velocity of the object to which the sensor

attached. It is also commercially available with compact size, high sensitivity,

and low power consumption. The smallest size gyroscope is only equipped with
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single axis and analog output. In kinematic analysis, the object inclination can

be calculated using mathematical integration. A source of drift or offset would

be introduced for a cyclic movement. The problem can be overcome by

automatic reset procedure (Tong and Granat, 1999) or avoiding integration

during calculation (Dejnabadi et al., 2005).

2.2.4 Application of Kinematic Sensor

The applications of kinematic sensor were focused on three major areas of

motion analysis. Kinematic sensors were applied in the studies of

biomechanical analysis and the kinematic modeling. In these studies,

movement kinetics such as joint force and moment can be obtained using

inverse dynamic approach. For the spatiotemporal analysis of gait, walking

characteristics such as speed, cadence and stride length, can be estimated by

integration of the linear acceleration and angular velocity. Kinematic sensors

can also be integrated into a measurement device to monitor the activities of

daily living and motion analysis.

2.2.4.1 Kinematic Studies

Study of accelerometry in movement analysis was first reported by Morris in

1973. Morris (1973) described the method to measure the kinematics of the

lower leg using six accelerometers attached to the shank. The experiment

based on the mathematical calculation to define the movement of the lower limb
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segment. The results had significant contribution on the use of kinematic

sensors in human motion analysis.

A number of studies have discussed the kinematic sensors in movement

analysis afterward. van den et al. (1996) have proposed a method to calculate

joint force and segmental moment from accelerometry data using inverse

dynamics. Although the results were not satisfactory to accurately estimate the

resultant force and moment on a body segment, the study had initiated the

research interest in studding kinematic sensors. Mayagoitia et al. (2002) also

described a kinematic model using the accelerometers and gyroscopes, and

compared the accuracy to the optic, passive-marker system. They found that

the root mean square errors (RMSE) were lower than 7% and the multiple

correlation had overall mean value of 0.98. Kinematic analysis was further

consolidated by Williamson and Andrews (2001) and Dejnabadi et al. (2005).

They showed that the joint angle can be measured by a combination of

accelerometers and gyroscopes. They applied mathematical calculation to

calculate joint angle avoiding integration that may introduce a source of drift.

The method was compared with the motion measurement system and was

found to have very small errors (RMS = 1.3) and excellent correlation

coefficients (0.997). However, the measurement system needed to be

customized for individual prior to each trial. Joint angle measurement based on

the kinematic sensors and magnetometer has lately reported by O'donovan et al.

(2007). The method was independent of a fixed reference coordinate system.

The technique can be applied in a dynamic environment.
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2.2.4.2 Spatiotemporal Characteristic of Walking

Kinematic sensors have been investigated to analyze spatiotemporal

characteristics of gait. Tong and Granat (1999) discussed the use of a uni-axial

gyroscope for the development of a simple portable gait analysis system that

can measure the segment inclination range, cadence and estimation of stride

length and walking speed. Aminian et al. (2002) have reported on the

measurement of the spatiotemporal characteristics in young and elderly

subjects using a gyroscope. The method applied the data from angular velocity

measurement and estimated the walking speed and stride length by integration.

The results were compared to foot switches. They found that there was no

significant difference between these two systems. Moe-Nilssen and Helbostad

(2004) have evaluated the measurement of gait characteristics by one tri-axial

accelerometer attached at the back of the trunk. Besides cadence and step

length, gait regularities and symmetry were documented. Sabatini et al. (2005)

have reported the application of kinematic sensors to ambulatory monitoring

system. The system, which was developed by one bi-axial accelerometer and

one rate gyroscope, was mainly used for the estimation of spatiotemporal

parameters. The study applied the gait phase segmentation procedure to

determine temporal gait parameters. The procedure included a pre-determined

set of rules to define the gait phases and a threshold value for each phase in

terms of angular velocity.

Gait disorders were examined by kinematic sensors. Persons with Parkinson

disease were employed in the study that used accelerometers to compare gait

symmetry and stability by Paquet et al. (2003). They found that the gait
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regularity and cranio-caudal activity appeared to characterize the stability of

Parkinson’s gait. In another study by Aminian et al. (1999) two accelerometers

were proposed to estimate the walking ability in subjects with osteoarthritis and

the gait improvement was compared after surgical intervention in terms of

temporal characteristics.

2.2.4.3 Activities Monitoring

Kinematic sensors were widely applied in monitoring daily activities. Coleman et

al. (1999) have reported the application of step activity monitor that composed

of an accelerometer to detect walking steps with better than 99% accuracy

across a wide range of gait styles for adult, children and even large animals.

Haeuber et al. (2004) have investigated the accelerometry based activity

monitor to quantify ambulatory activity after stroke and evaluated the validity

and ability of conventional accelerometers to measure free-living physical

activity. The results were mainly obtained according to the activity level of

stroke patients by measuring the number of stride daily. Herren et al. (1999)

explored the feasibility of using tri-axial accelerometers to determine the speed

and inclination of running in free-living conditions. Although a slight difference

was found between the estimated and actual values (RMSE = 0.12 m/s for

speed, RMSE = 0.014 radian for incline), the tri-axial accelerometer was valid

for the estimation of speed and terrain inclination.

In latest researches, the applications of accelerometers in gait and balance

evaluation, falls risk assessment and mobility monitoring were reviewed by
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Culhane et al. (2005). The study suggested that kinematic sensors can have a

board application in rehabilitation medicine such as fall risk analysis and

treatment intervention. The sensors also have potential to be applied in daily

clinical practice. Besides walking related applications, trunk posture and upper

limb motion tracking were studied extensively (Plamondon et al., 2007; Uswatte

et al., 2005; Zhou et al., 2007). Most of the reported methods, however,

adopted the approach of spatiotemporal characteristics obtained from

mathematical calculation to evaluate different kinds of activity. Researches

studied on the signal similarities were relatively rare with direct association to

the gait characteristics, movement patterns and situations.

2.2.4.4 The Reliability of using Kinematic Sensors in Movement Analysis

With the latest advancement of the sensor technology, the kinematic sensors

can be created in compact size with excellent reliability and sensitivity. This can

be disclosed from the evidence that the performance of the sensors has been

evaluated compared with other measurement systems and test-retest

experiments during movement analysis. Moe-Nilssen (1998) has reported the

test-retest reliability of tri-axial accelerometer to measure balance during

standing and walking. The intra-class correction coefficient values ranged from

0.79 to 0.94, which were obtained from the three axes of an accelerometer for

walking in even and uneven ground. Henriksen et al. (2004) have also reported

the test-retest reliability of trunk accelerometric gait analysis. They showed that

the method could produce reliable results of intra-class correlation coefficient

(ranged from 0.77 to 0.96) on the spatiotemporal data and measurement error
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(ranged from 0.007g to 0.01g) for the acceleration in normal subjects. Wu and

Ladin (1996) reported that the accuracy of a gait monitoring system and

kinematic modeling was improved by using accelerometers and gyroscopes.

They claimed that adding kinematic sensors (either accelerometer or gyroscope)

remarkably increased the overall accuracy of measurements.

Reliability could be improved by identifying the appropriate measurement

locations of different movement activities. Kavanagh et al. (2006) have validated

the use of accelerometers in gait analysis using the coefficient of multiple

determination to compare the similarity of the gait pattern between walking trials.

The results showed that the accelerometer attached to the shank could obtain

better reliability (0.94) compared to other attachment locations in the lower limb.

Accelerometers were used to measure the spatiotemporal characteristics for

healthy and hemiparetic subjects (Saremi et al., 2006). The study has used

thigh and foot accelerometry. The results showed that there was no significant

difference between both groups of subject compared to the FSRs for the

measurement of walking speed, cadence and step length.

The use of gyroscope in movement analysis was first reported by Miyazaki

(1997). The study has applied gyroscope for the long-term measurement of

spatiotemporal characteristics. The study of gyroscope for the movement

analysis has been of interest in subsequent researches. Aminian et al. (2002)

have evaluated the measurement accuracy of the gait system using gyroscope

compared to foot pressure sensors. They found that there was no significant

difference between actual spatiotemporal parameters such as stride length and
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velocity and their estimated values. Errors for velocity and stride length

estimations were 0.06 m/s and 0.07m, respectively.

Using a combination of sensors of different kinds could enhance the reliability in

the studies of walking features and kinematics estimation. As discussed

duration the introduction to kinematic sensors, the spatiotemporal

characteristics of walking were calculated from the mathematical integration of

the linear acceleration and angular velocity. A source of drift or measurement

error would be introduced during integration as walking is a cyclic movement.

The drift can be avoided by automatically recalibrate the gyroscope when the

movement starts in each cycle that is measured by the inclination using

accelerometers in two different locations of the same segment. Luinge and

Veltink (2005) have developed a measurement system comprising

accelerometers and gyroscopes to measure human body segments in 3D space.

The accuracy for the inclination measurement of body segments including

pelvis, trunk and forearm was within 3 degree of RMS. However, much effort

was put onto minimize error due to integration drift by introducing a Kalmer filter

technique and mathematical assumption. Dejnabadi et al. (2005) have

proposed a method to measure the uni-axial joint angle with minimum number

of accelerometers and gyroscopes. The method was drift-free and had very

small errors (RMS = 1.0 degrees for shank, RMS = 1.6 degrees for thigh) and

excellent correlation coefficients (0.999 for shank, 0.998 for thigh) compared

with the last study by Luinge and Veltink (2005). Nevertheless, in gait detection

study, it is recommended to make use of signal patterns that are direct related

to the gait phases or events and to avoid mathematical calculation.
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2.3 Artificial Intelligence

Control and detection algorithms are mainly categorized into two types. One is

for low level control systems known as open-loop control. It is also called

feedforward control because it gives direct control of the system without any

inputs or feedbacks from the system that makes corrections for any disturbance

externally and internally. Open-loop control was widely used to restore function

such as walking. Because it receives no feedback from the system, this type of

control does not have learning and decision-making ability.

Another type of algorithm is called closed-loop control that requires feedback

from the sensors or the system itself. The feedback gives information of the

current system status that helps to monitor the output continuously according to

the external change. A closed-loop control usually comprises a higher level

control strategy developed by artificial intelligence (AI).

AI provides the interface to integrate and interpret the information collected from

the sensing system. It contains a pre-determined set of rules to identify the

changes at any timing. It also plays a role to organize the output patterns for

various output channels and timings. Some examples of relatively simple AI are

rule-based control and fuzzy logic.

Machine learning techniques belong to an advanced AI. Machine learning

techniques have programmable learning abilities and hence are capable of fine-

tuning the outputs. A variety of AIs, such as artificial neural network, radial basis

function network and inductive learning, were developed to improve control
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accuracy and reliability. They can be applied to pattern recognition with the

support of the motion analysis system. The following section gives a brief

introduction to a few common AIs used for movement control.

2.3.1 Fuzzy Logic

Fuzzy logic is derived from fuzzy set theory dealing with reasoning that is

approximate rather than precisely deduced from classical predicate logic. It can

be thought of as the application side of fuzzy set theory dealing with well

thought out real world expert values for a complex problem (Klir et al., 1997). A

fuzzy logic controller comprises a rule base function, a fuzzy inference

mechanism, an input fuzzification interface, and an output defuzzification

interface (Chau, 2001). The rule base function has a discrete boundary in which

the nature of the input is well-defined and definitely leads to a certain output or

response. However, there are always some fuzzy inputs which may lead to

various responses. The measured value of the controlled variable is “fuzzified”

from its numeric values into fuzzy states. The values are then passed to a fuzzy

logic controller that identifies this fuzzy input and gives the best fit response

according to the membership function that tackles these problems.

2.3.2 Artificial Neural Network

Artificial neural network (ANN) originates from biological nervous system (Chau,

2001). It is also known as parallel distributed processing network. The ANN is
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composed of many “neurons”, and the network function is determined largely by

the connections between them. During the learning process to perform a

particular function, the values of connections between the neurons are adjusted.

The output of a neural network relies on the cooperation of the individual

neurons within the network to operate. Processing of information by neural

networks is characteristically done in parallel rather than in series. Since it relies

on its member neurons collectively to perform its function, a unique property of

a neural network is that it can still perform its overall function even if some of

the neurons are not functioning. In other words it is robust to tolerate error or

failure. There are many machine learning control strategies modified from ANN

such as adaptive logic network (ALN), fuzzy logic networks, RBF networks etc.

2.3.3 Radial Basis Functions Network

Radial Basis Functions (RBF) are usually implemented into a two-layer neural

network and typically have three layers i.e. an input layer, a hidden layer with

non-linear RBF activation function and a linear output layer. RBF is a variant of

ANN. The RBF gives linear output with non-linear inputs, and hence it allows

the modeling of complex mappings. The network parameters can be optimized

by training the network with input-output pairs. Similar to ANN, FBF networks

are commonly applied in pattern recognition such as clustering, speech

recognition and motion estimation etc.
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2.3.4 Support Vector Machine

The support vector machine (SVM) was first proposed by Vapnik, Chervonenkis

and co-workers in 1964 (Wang, 2005). SVMs are a set of related supervised

learning methods used for classification and regression. It was not largely

noticed till 1992 and became a relatively new technique for data classification

and pattern recognition in the past few years. It belongs to a family of

generalized linear classifiers. A special property of SVM is that they

simultaneously minimize the empirical classification error and maximize the

geometric margin (Burges, 1998).

2.3.4.1 The Theory of Support Vector Machine

Most machine learning techniques, such as ANN, often suffer from an overfitting

problem in which the learning machine tends to memorize all of the training

samples and hence lose generalization ability in dealing with unknown samples.

This happens when the capacity of the learning machine (determined by the

predefined structure) does not fit the specific problem. The situation may

worsen when the number of training samples is much smaller compared with

data dimension — known as the small-sample problem.

SVM is a one of the learning machine with a capability of capacity control. The

theoretical basis of SVM is Statistical Learning Theory (SLT). SLT establishes a

mathematical up-bound of expected risk for a learning problem, which can

properly compromise empirical risk and the capacity of the learning machine,

expressed as
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in which R is the expected risk and α represents the model parameter. Remp is

the empirical risk, also known as the training error, and Φ is the confidence

range controlled by Vapnik-Chervonenkis (VC) dimension h and the number of

training samplesl . Theoretically, minimizing the up-bound should naturally lead

to the best classifier. Unfortunately, in most cases, VC dimension is unknown

and is difficult to estimate. Therefore, the structural risk minimization (SRM)

strategy can be introduced to solve this problem (Figure II-4). In SRM, a series

of nested function sets with ordered VC dimensions is designed as the

candidate learning machine. The function set with minimal VC dimensions,

which can simultaneously meet the permissible training error, is selected as the

optimal learning machine. This is quite different from the empirical risk

minimization strategy employed by traditional techniques (such as ANN), which

tries to minimize the training error upon a predefined structure.
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Figure II-4: Structural Risk Minimization

SVMs map input vectors to a higher dimensional space where a maximal

separating hyperplane is constructed. Two parallel hyperplanes are constructed

by the support vectors on each side of the separating hyperplane that separates

the data with a linear classifier. The hyperplane maximizes the distance

between the two parallel hyperplanes. An assumption is made that the larger

the margin or distance between these parallel hyperplanes the better the

generalization error of the classifier will be.
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Figure II-5: A graphical illustration of separating hyperplanes

The hyperplanes divide the data samples into two classes (+ and −) with
many possible separating hyperplanes which classify the samples without
optimization.

Often it is interesting to classify data as a part of a machine-learning process.

These data points may not necessarily be points in 2 but may be

multidimensional n points. It is an interesting question whether the data points

can be separated by an n-1 dimensional hyperplane, which is a typical form of

linear classifier. There are many linear classifiers that might satisfy this property

(Figure II-5). However, it is particularly interested in finding out if maximum

separation (margin) between the two classes can be achieved. By this the

hyperplane is picked so that the distance from the hyperplane to the nearest

data point is maximized. That is to say that the nearest distance between a

point in one separating hyperplane and a point in the other separating

hyperplane is maximized. Now, if such a hyperplane exists, the hyperplane is
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clearly of interest and is known as the maximum-margin hyperplane and such a

linear classifier is known as a maximum-margin classifier.

Figure II-6: Optimal hyperplane separating

The optimal hyperplane separates the samples into two classes with
maximum width of margin constructed by support vectors

To illustrate the concept, an example of linearly separable training set of data is

demonstrated in Figure II-6. Considering that data points of the form

  n
iii yxD 1,  , with each input n

ix  and output label }1{iy

where the iy denotes the class to which the point ix belongs. Each ix is an n −

dimensional real vector, usually of scaled [0, 1] or [-1, 1] values. The scaling is

important to guard against variables (attributes) with larger variance that might

otherwise dominate the classification.
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In the figure, the two classes of data (+ and −) points are denoted by  and .

All the training samples are mapped onto the feature space by a non-linear

function )(x . A number of linear hyperplanes can separate the data points into

two sets. However, there is an optimal separating hyperplane having maximum

margin between the two classes of data. The optimal separating hyperplane

takes the form

0 bxw

The vector w points perpendicular to the separating hyperplane. The offset

parameter b allows adjusting the margin in-between the hyperplanes. In its

absence, the hyperplane is forced to pass through the origin, restricting the

solution.

As the maximum margin is of interest, the support vectors and the parallel

hyperplanes (to the optimal hyperplane) closest to these support vectors in

either class are investigated. These parallel hyperplanes can be described by

the equations

1 bxw

and

1 bxw

If the training data are linearly separable, we can select these hyperplanes so

that there are no points between them and then try to maximize their distance.

By using geometry, the distance between the hyperplanes is
w
2

, so minimizing
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w will increase the margin. To exclude data points, it is necessary to ensure

that for all i either

1 bxw i

or

1 bxw i

This can be rewritten as:

  ,1 bxwy ii ni 1 (2.1)

The problem now is to minimize w subject to the constraint (2.1). This is a

quadratic programming optimization problem. More clearly,

minimize  2
2/1 w , subject to   ,1 bxwy ii ni 1

The factor of 1/2 is used for mathematical convenience.

Writing the classification rule in its dual form reveals that classification is only a

function of the support vectors, i.e., the training data that lie on the margin. The

dual form of the SVM can be shown as follows:





n

ji
jijiji

n

i
i yyW

1,1

)]()([
2
1

)( xxα  with niCi ,,1,0  , (2.2)

in which C is the regularization parameter controlling the trade-off between

model complexity and empirical risk. So, in the hyperplane expression, only

those items with 0i will remain. The corresponding samples must lie along
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the margins of the decision boundary (according to the Kuhn-Tucker theorem)

and thus

0,)(
vectorssupport

  iiii y  xw (2.3)

2.3.4.2 Non-linear Kernel Function in SVM

To avoid computation of the inner product )(),( ji xx  in high-dimensional

space during the optimization of (2.2), the kernel function, which can satisfy

Mercer’s condition, is introduced:

)(),(),( jijik xxxx  (2.4)

The resulting algorithm is formally similar, except that every dot product is

replaced by a non-linear kernel function. This allows the algorithm to fit the

maximum-margin hyperplane in the transformed feature space. The

transformation may be non-linear and the transformed space is high-

dimensional. Thus, though the classifier is a hyperplane in the high-dimensional

feature space, it may be non-linear in the original input space.

Some common non-linear kernels include:

Polynomial (homogeneous):    djijik xxxx ,

Polynomial (inhomogeneous):    djijik 1,  xxxx
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Radial Basis Function:    2
exp, jijik xxxx   , for 0

Gaussian Radial basis function:  












 
 2

2

2
exp,


ji

jik
xx

xx

Sigmoid:    ckk jiji  xxxx tanh, , for some (not every) 0k and 0c

Given a new sample x , the decision function is expressed as

)),(sgn()(
vectorssupport
 jiii kyf xxx  (2.5)

where the  jik xx , could be replaced by one of the kernel functions mentioned

before.

2.3.4.3 Data Manipulation

In solving the practical problem, it is often to get unsatisfactory results if the

users are not familiar with SVM. Hsu et al. (2004) proposed the most practically

adopted procedure to facilitate the analysis using SVM.

a) Data Scaling

The main advantage of data scaling is to avoid attributes in greater numeric

ranges dominate those in smaller numeric ranges. Because kernel values

usually depend on the inner products of feature vectors, e.g. the linear kernel

and the polynomial kernel, large attribute values might cause numerical
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problems. It is recommended that a linear scaling is conducted to each attribute

within the range from -1 to +1 or 0 to 1 for both training and testing sets of data.

b) Kernel Selection

The commonly used kernel function is the Gaussian RBF

)
2

exp(),( 2

2


ji

jik
xx

xx




where  controls the width of the kernel. The RBF kernel non-linearly maps

samples into a higher dimensional space. Unlike the linear kernel, it can handle

the case when the relation between class labels and attributes is non-linear.

Furthermore, the linear kernel is a special case of RBF as Keerthi and Lin (2003)

have shown that the linear kernel with a penalty parameter C has the same

performance as the RBF kernel with some values of the parameters (C,).

Besides the regularization parameter C in (2.2), one more parameter () has to

be determined if compared to linear kernel function. Vapnik (1995) has shown

that RBF has less numerical difficulties than polynomial and sigmoid kernel.

c) Grid-search and Cross Validation

When the RBF kernel is used, the best values of the two parameters (C,) are

unknown for a specific problem. Consequently, optimization of the parameters

must be performed so that the classifier can accurately predict unknown data

(i.e. testing data). These two parameters can be optimized by the grid-search

strategy. To perform a grid search, the parameter space is discretized by grids.

For each grid, the corresponding parameters are set to SVM and then cross
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validation is carried out to evaluate its performance. By sequentially searching

in the grid space, the optimal parameters can be found.

The cross validation procedure can prevent the overfitting problem. There are

two methods of cross validation to optimize the parameters. In n - fold cross

validation, the training set is first divided into n subsets of equal size.

Sequentially one subset is tested using the classifier trained on the remaining

n - 1 subsets. Thus, each instance of the whole training set is predicted once so

the cross-validation accuracy is the percentage of data which are correctly

classified. In leave-one-out-cross-validation (LOOCV), all of the data samples

are divided into two dataset sets, one for training and another one for testing.

Grid search is performed to find out the parameters. The optimized parameters

are then used for testing the data.

2.4 Reviews on Control Algorithms using Kinematic Inputs

Machine learning techniques are sometimes non-separable from sensors in

motion analysis. Sensors detect the external changes in the measuring device

while machine learning techniques work as human brain to interpret and

analyze the information to produce outputs. With the integration of a control

algorithm, the timing of motional change can be identified. The signal

characteristics that are fed into the controller can be used as functional inputs

for control. Researchers have evaluated a variety of control algorithms for the

detection of movement pattern using kinematic inputs. The control may adopt a

relatively simple threshold detection method or a conditional rule-based control
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method. Algorithms such as wavelet transformation and ANN have been used

for more advanced control and classification tasks depending on the study

purpose. Machine learning techniques were applied in three major areas of

movement analysis: 1) movement control; 2) gait event identification; 3)

movement pattern classification.

2.4.1 Movement Control

Machine learning techniques were applied in movement control and their

applications were largely associated with functional restoration using electrical

stimulation of muscles. Chen et al. (1997) and Skelly and Chizeck (2001) have

applied fuzzy logic to control cycling movement by FES. The study

demonstrated the fuzzy control of the stimulation pattern and timing for cycling

movement in paraplegia. Hunt et al. (2004) have studied on the feedback

control of the cycling exercise through the integration of electric motor assist

and FES in paraplegic subjects. Davoodi and Andrews (2004) have

demonstrated the use of fuzzy logic to control the electrical stimulation pattern

for rowing exercise in paraplegic patients.

Fuzzy logic algorithms were capable of controlling relatively simple movement

exercise. However, in the attempt of more complicated movement such as

restoring walking ability, advanced control techniques would be employed.

Kostov et al. (1999) and Hansen and Haugland (2001) have reported that

adaptive restriction rules can provide a safer and more reliable stimulation

pattern than fixed restrictions rules for dropped foot correction by FES. Jonic et
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al. (1999) have also compared three different machine learning techniques. The

study showed that the adaptive-network-based fuzzy inference system required

the least number of rules to obtain the best performance while the best

generalization was obtained by the inductive learning and RBF network.

Tong and Granat (1999) have demonstrated the application of virtual kinematic

sensors to restore walking in spinal cord injured persons. With the assist of

neural network control, the number of sensor and variety of combinations could

be optimized to improve stimulation accuracy (93%). Chen et al. (2004) further

evaluated the ability of neural network and fuzzy logic in controlling the optimum

stimulation current to correct dropped foot during walking. The study has

investigated the incorporation of neural network to fuzzy control. Results

showed that better performance was obtained using the neural network plus

fuzzy controller.

Functional restoration (such as walking) in paraplegics and patients with

dropped foot has been challenging researchers for the application of control

algorithm and studying of system reliability. The control system receives and

interprets the signal to trigger the appropriate actions. The system has to be

robust in order to regulate the pattern, timing and strength of stimulation. This

also ensures that the control system can provide safe and error-free stimulation

that maximizes the reliability and efficiency of the system. Because safety and

efficiency are the first priority for functional restoration, researches have

focused on to improve the reliability that depends on the accurate identification

of the movement intention and correct triggering time for stimulation.



Chapter II Literature Review

47

2.4.2 Gait Event Identification

As walking is a cyclic motion, there would be a few instances having the same

kinematic characteristics that could confuse the actual gait timing throughout

the gait cycle. Therefore, automatic gait detection is a difficult task when using

kinematic inputs. Gait detection accuracy can be improved with the help of

machine learning methods. The applications were extensively studied in gait

event identification.

Kirkwood et al. (1989) have demonstrated the inductive learning technique to

automatically detect gait events in a case study using a given set of sensor data.

The algorithm could calculate which sensors providing sufficient information for

gait events identification without reducing accuracy. However, the techniques

had not been validated in a general application. Wu and Ladin (1996) have

studied the kinematic transients during locomotion. The high frequency

response during heel strike was detected using an integrated kinematic sensor

including accelerometers and gyroscopes. San and Chizeck (1997) has

demonstrated the use of fuzzy model for the identification of gait events of FES

assisted walking in paraplegics. The fuzzy model was built up with trapezoidal

and triangular membership function and max-min and max-product composition

were used. It was found that the fuzzy model had a better performance than the

fuzzy rule base control and feedforward neural network which have

approximately the same computational load. Rule-based algorithm was also

reported by Pappas et al. (2001). The algorithm was tested on both able body

and subjects with impaired gait in different walking conditions (e.g. irregular
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surfaces, inclined surfaces) for the identification of stance, heel-off, swing and

heel-strike.

Williamson and Andrews (2000) have used a single cluster of accelerometers

attached to the shank for real-time gait events detection. The results showed

that the rule induction algorithms using rough set (RS) and ALN can generate

higher accuracy compared with hand-crafted rule-based algorithm. The

detection algorithm of RS or ALN improved the accuracy to 97% for RS and to

94% for ALN to discriminate the stance and swing phase of normal gait.

Filtering technique further improved the accuracy to 98%. In the detection of five

sub-phases (loading respond, mid-stance, terminal stance, pre-swing and

swing), the overall accuracy could reach 82-89%. The RS algorithm was also

computationally more efficient than ALN and could be used for real-time

operation. Hansen et al. (2004) has evaluated the robustness of gait events

detection based on ALN controller. They collected the signal from foot switches

and natural sensors to record the activities of sural nerve. The system was able

to detect the swing phase of hemiparetic subjects and control the stimulation

timing.

However, although the algorithms were reported with good reliability and

accuracy, the integration of the algorithms into the specific control systems are

still limited in real-time application, as the systems required high computational

power to process the data from real-time acquisition and then to generate the

control signals. Chen et al. (2004) showed that a more sophisticated system

configuration was required to process the data through a neural network and
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fuzzy system. Moreover, the training period of the system was lengthy and the

performance varied with the deviation of the subjects’walking pace.

During the rehabilitation of functional recovery for dropped foot, the chief

purpose is to precisely identify the swing phase while dropped foot occurs and

immediately corrected by electrical stimulation. Machine learning techniques

would be too complicated for the detection of the swing phase. It would be

better to use machine learning techniques for a more complicated analysis such

as movement pattern detection, automatic diagnosis of movement disorders

and walking conditions classification. Although foot switch is a reliable

alternative for stance/ swing detection, it is too cumbersome in real application.

The approach may be to use a threshold detection method to simplify system

configuration and facilitate real-time application. The only parameter of concern

is the threshold value that can determine current gait phase. The parameter can

be individually customized without any prerequisite training for the user and the

system. However, no such report demonstrated that threshold detection method

can provide accurate detection of the stance and swing phase using kinematic

sensors. The reason may be due to inappropriate measurement locations or

directions and also the types of sensor.

2.4.3 Movement Pattern Classification

As measurement system comprising miniature sensors can continuously collect

kinematic data of body movement, researchers have been able to identify

specific movement patterns such as sit-to-stand, lying down, running, walking,
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or particular instances outside laboratory (Mathie et al., 2004). Analysis of

segmental movement can also be applied to clinical setting for outcome

measures during rehabilitation programs (Mulroy et al., 2003). Classification

algorithms have been employed in the analysis of movement behavior, walking

environment and other physical activities in free-living condition. For example,

heel-off perturbation during gait initiation was detected by using tri-axial

accelerometer and center of gravity using force platform (Breniere and Dietrich,

1992). A few studies have aimed at to detect the postural transition in the

subjects group with high risk of fall. Najafi et al. (2002) have studied the sit-to-

stand transition in relation to the risk of fall in the elderly using a gyroscope and

wavelet transformation. Hamel et al. (2005) and Stacoff et al. (2005) have

studied the kinetics related to stair climbing and risk of fall. Coley et al. (2005)

have applied gyroscopes to distinguish stair climbing from level ground walking.

The studies evaluated the system in the walking trials by healthy and elderly

subjects. The method can obtain an overall sensitivity and specificity of 98%

and 97%, respectively, compared to the reference ultrasonic motion system.

The algorithm demonstrated a reliable technique of measuring walking upstairs

during physical activity.

Elderly gait shows discrepancies in terms of spatiotemporal characteristics and

3D biomechanical data (Watelain et al., 2000). Machine learning techniques

have been studied in the detection of gait deviation due to ageing lately. Begg

and Kamruzzaman (2006) compared three types of neural networks (standard

back-propagation; scaled conjugate gradient; and back-propagation with

Bayesian Regularization). Cross-validation test results indicated a maximum

generalization performance of 83.3% in the recognition of the young and elderly
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gait patterns. They also found that Bayesian regularization method provided

better performance in sensitivity, selectivity and detection rates.

SVMs were studied by Begg and Kamruzzaman (2005) for the automatic

detection of gait changes with ageing. Minimum foot clearance was captured

through the two-dimensional motion analysis system with the subjects walking

on a treadmill. The results showed that SVM technique (83.3%) was superior to

ANN accuracy (75%) in the comparison of generalization performance. The

SVM technique also demonstrated that a small subset (three to five) of gait

features extracted from minimum foot clearance plots could differentiate the gait

patterns with 90% accuracy. The performance could be further increased by

selecting appropriate walking features and using RBF kernel. In another study

on the detection of gait change due to ageing by Begg et al. (2005), they

showed that the pattern recognition could be performed based on the basic

kinetic and kinematic gait data from force platform and motion analysis system.

A variety of gait features were extracted for SVM inputs. The study showed that

overall accuracy would not be monotonously improving by increasing the

number of input parameters. Maximum accuracy was achieved by giving the

best three selected parameters. This revealed that the SVM classifier can have

very well performance with a small number of datasets.

Salazar et al. (2004) have demonstrated that SVM could classify spastic

hemiplegic gait by identifying a few walking features (e.g. pelvic tilt, hip flexion)

using motion analysis system. Although it was a preliminary study, a new

technique was introduced for gait classification that may have potential

applications in clinical and activities of daily living. Kamruzzaman and Begg
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(2006) have reported a complete analysis of classification for cerebral palsy gait

using SVM. They used two basic spatiotemporal parameters (stride length and

cadence) as SVM inputs. The results showed that the SVM classifier can

discriminate cerebral palsy gait with an overall accuracy of 83.33%. The results

were improved to 96.8% after normalization was administered by the individual

leg length and age. They also proposed a promising kernel function for the

application of SVM in gait recognition, i.e. radial basis kernel, which was found

to outperform the linear or the spline classifier.

Other than SVM technique, Armand et al. (2006) have reported the

classification of toe-walking gait using data-mining method. The results showed

that the fuzzy c-means algorithm was able to identify the short-lived dorsiflexion

pattern from different types of diagnosis showing toe-walking gait. The study

also suggested that the method could be applied to clinical assessment of the

pathological gait (Armand et al., 2006).

As reported by the previous studies, movement classification has many

applications in monitoring movement activities. It can help to analyze some

specific activities in various population groups such as elderly, sport players and

persons with high risk of fall. These studies require the classification algorithm

of machine learning that can detect the nature and motion of activities due to its

learning ability for the movement behavior. If the kinematic sensors can supply

the reliable source of inputs for the classification tasks, automated detection of

movement pattern can be achieved. Considering the rehabilitation of dropped

foot patients, there is a need of automatic detection of various walking

conditions such as sloped walking and stair climbing as these situations are the
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general walking activities encountered in daily living. It further assists the

rehabilitative program and more versatile application of electrical stimulation for

functional restoration.
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Chapter III – Methodology

This study evaluates the reliability and the performance of sensor configurations

using combinations of accelerometers and gyroscopes in the identification of

gait phases and the classification of walking conditions. This chapter describes

the methods to evaluate the reliability of the measurement system and the

classification performance of different walking conditions by SVM. This chapter

starts with the description of the measurement system, which was used

throughout the experiments. In the first part of study, the kinematic gait data

was collected by the measurement system for the subjects with dropped foot

and non-impaired subjects. The study on non-impaired subjects helped to verify

the performance of our customized sensor system and to provide reference

data of normal gait to identify the key features which were reproducible and

reliable for the walking conditions classification. In addition, only the impaired

side was investigated in the subjects with dropped foot in spite of the dominant

side since the effects and differences could have been minimized after at least

one year of adaptation and motor re-learning using their own pattern to walk.

There should be insignificant differences between dominant and non-dominant

side for walking activities as compared with other activities such as hand

functions, even in non-impaired subjects.

The performance of the measurement system was evaluated by the accuracy of

the threshold detection method and of the timing variation of the occurrence of

the gait events, which were compared with the use of FSRs for the distinction of

the stance and the swing phases. The results were compared using a devised

performance index (PI) to select the sensor set(s) with highest reliability in the



Chapter III Methodology

55

identification of the gait phases. They were then applied to the study of walking

conditions classification using machine learning approach that was conducted

with the data collected from these sensor sets in the second part of study.

3.1 The Measurement System

In this experiment, three customized sensor units were developed to measure

kinematic data of the thigh, shank and foot segments during the walking trials.

Each sensor unit comprised one dual-axis accelerometer (ADXL202E, Analog

Devices, USA) and one single-axis gyroscope (ENC-03J, Murata, Japan). The

accelerometer measured both the linear acceleration of the limb it was attached

to and an acceleration component due to gravity. The gyroscope measured the

angular velocity through the Coriolis force. Inside each sensor unit, a dual-axis

accelerometer was arranged so that it would measure the segmental translation

in anterior-posterior (AP) and superior-inferior (SI) directions. The gyroscope

was oriented to measure the segmental rotation about the hip, knee and ankle

joints in the sagittal plane. The orientation of the sensors and their measuring

directions are illustrated in Figure III-1. The kinematic signals were captured by

a 12-bit analog-to-digital card at a sampling rate of 240 Hz via a Vicon 370 data

station.
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Figure III-1: Sensors’orientation inside a single unit

The sensor unit measured by 2cm x 2cm x 1cm. Note that the
measurement conventions are positive for anterior and inferior directions
and negative for posterior and superior directions.

3.2 Attachment Configurations of the Sensor Units

The sensor units were attached at three locations of the affected limb of

subjects with dropped foot and the dominant side of non-impaired subjects. The

first sensor unit was attached to the segmental midline and distal 1/3 of the

anterior skin surface of the thigh, another unit was attached to the tibial

tuberosity of the shank, and the third unit was attached to the heel of the shoe.

The attachment locations of the sensor units and their orientations are shown in

Figure III-2. All sensor units were aligned so that the anterior direction of the

accelerometer was the same as the walking direction for measurements. In

order to minimize the movement between the skin surface and the sensors,

suspension sleeves were applied to the thigh and shank to increase friction.

Velcro straps were used to further secure the sensor units in their correct

placements.
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Figure III-2: The attachment locations of sensor units

The sensor units were attached to the impaired side of subjects with
dropped foot and the dominant side of non-impaired subjects.

Four FSRs were attached underneath the shoe at the following locations: FSR 1

at 2nd middle phalanx; FSR 2 at 1st metatarsal head; FSR 3 at 5th metatarsal

head; and FSR 4 underneath at the heel. The purposes of using FSRs were to

obtain the timing of the gait events in the stance phase and to provide reference

data for the comparison with the kinematic sensors and calculation of the timing

variation.

The measurement system, exclusive of the thigh sensor unit, was used to

collect the kinematic gait data for the study of walking conditions classification.
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Two identical sensor units were attached to the shank and the foot segments of

the subjects to evaluate five different walking conditions.

3.3 Subjects

Three non-impaired subjects and ten hemiparetic patients with a unilateral

dropped foot after stroke were recruited for the study comprising walking trials.

The experimental procedures were explained to all subjects and their signed

written consent was obtained individually before the experiment. The

experimental procedures had been approved beforehand by the Human

Subjects Ethics Sub-Committee of The Hong Kong Polytechnic University.

All of the non-impaired subjects had no musculoskeletal impairment or injury

that affected their gait. The non-impaired subjects’characteristics and walking

speed are shown in Table III-1.

Table III-1: Subjects’ characteristics and walking speeds (Non-Impaired
Subjects)

Subject Sex Age Dominant
Side

Level
Ground
Walking

Upslope
Treadmill
Walking

Downslope
Treadmill
Walking

Stair Ascent Stair Descent

1 M 25 Right 1.42 m/s 1.2 m/s 1.4 m/s 1.5 step/s 1.5 step/s

2 M 26 Right 1.40 m/s 1.2 m/s 1.4 m/s 1.4 step/s 1.5 step/s
3 M 25 Right 1.47 m/s 1.3 m/s 1.4 m/s 1.6 step/s 1.6 step/s

The subjects with dropped foot were physically stable and had their onset of

stroke at least 2 years before. The subjects with dropped foot could walk

independently with or without supervision, and three of them used a stick for
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assisted walking. Their walking abilities were rated by the Functional

Ambulatory Category (FAC) (Table III-2) and were classified as category 3 or

above.

Table III-2: Functional Ambulatory Category

Category Description

0 Patient cannot walk, or requires help of 2 or more people

1 Patient requires firm continuous support from 1 person who helps with bearing body
weight and with balance

2 Patient needs continuous or intermittent support from 1 person to help with balance
or coordination

3 Patient requires verbal supervision or stand-by help from 1 person without physical
contact

4 Patient can walk independently on level ground, but requires help on stairs, slopes
or uneven surfaces

5 Patient can walk independently anywhere

In the first part of the experiment, each subject was given a five-minute practice

session in order to familiarize himself/ herself with the environment and walking

pathway. The subject was then asked to walk five successive trials along a 10-

meter-long pathway at a self-determined comfortable speed. A one-minute rest

break was given in between trials. All trials were monitored by sensor units

attached to the affected limb of the hemiparetic subjects and the dominant side

of the non-impaired subjects.

In the second part of the experiment, the three non-impaired healthy subjects

were participated for the trials to verify the SVM performance for walking

conditions classification. The subjects were required to walk under the five

different walking conditions (Table III-3). Each subject was given a five-minute
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practice session to walk at his or her own pace in order to familiarize himself/

herself with the walking pathways (level ground, treadmill and staircase). Each

subject was then required to walk five successful trials, with a one-minute rest

break in between. Each trial excluded the first two gait cycles for acceleration

and the last two cycles for deceleration. This gave a total of 10 complete gait

cycles of each walking condition from each subject for analysis.

Table III-3: Description of the five walking conditions

Walking Condition Description

1. Level Ground Walking The subjects walked along a 10-meter straight path inside
the gait laboratory.

2. Upslope Treadmill Walking

The subjects walked in an inclination inside the treadmill. The
inclination was chosen by subjects with dropped foot
compromising safety and confidence. For non-impaired
subjects, 15 degree of inclination was set for walking trails.

3. Downslope Treadmill Walking

The subjects walked in a declination inside the treadmill. The
declination was chosen by subjects compromising safety and
confidence. For non-impaired subjects, 15 degree of
declination was set for walking trials.

4. Stair Ascent The subjects climbed up a staircase of 6 steps. Each step
was measured by 15 cm height raiser and 20 cm depth tread.

5. Stair Descent The subjects descended along the same staircase as stair
ascent.

As this part of experiment involved the walking conditions of stair climbing, three

of the subjects with dropped foot could not climb up or down the staircase safely

and independently, and also for the slope walking in the treadmill. Therefore,

seven subjects with dropped foot who were rated as category 4 of FAC were

participated for the trials. The subjects’profiles and walking characteristics are

presented in Table III-4. It is noted that subject 1, 2, and 4 did not participate in

the study of walking conditions classification because of their relatively poor

ability in overcoming staircase and slope walking in the treadmill.
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Table III-4: Subjects’ profiles and walking characteristics (Subjects with
dropped foot)

Subject Impaired
Side Sex Age FAC Walking Characteristics - Speed and Inclination

Level Upslope Downslope Stair
Ascent

Stair
Descent

(m/s) (m/s) (degree) (m/s) (degree) (step/s) (step/s)
1 Right M 51 3 0.45
2 Left M 55 3 0.54
3 Left F 42 4 0.54 0.45 +15 0.45 -15 0.49 0.48
4 Left M 58 3 0.51
5 Left M 52 4 0.87 0.33 +10 0.33 -10 0.40 0.42
6 Left M 42 4 0.61 0.45 +08 0.45 -08 0.51 0.51
7 Left F 43 4 0.75 0.30 +08 0.30 -08 0.43 0.45
8 Left M 40 4 0.50 0.30 +10 0.30 -10 0.43 0.43
9 Left M 54 4 0.48 0.45 +10 0.45 -10 0.48 0.47
10 Right M 46 4 0.83 0.30 +10 0.30 -10 0.46 0.48

Mean 48.3 0.61 0.37 10.14 0.37 -10.14 0.46 0.46
SD 6.4 0.15 0.08 2.34 0.08 2.34 0.04 0.03

FAC – Functional Ambulatory Category

3.4 Data analysis

3.4.1 Reliability Study of the Measurement System

3.4.1.1 Extraction of Timings of Gait Events

The data obtained from the kinematic sensors were processed offline by a

second-order Butterworth low-pass filter at 10-Hz cut-off below which the

signals frequency mainly fell into as shown by spectral density. A MatLab (The

MathWorks, Inc.) routine was used to analyze the signals from the FSRs to

identify the gait events of heel contact, foot-flat, push off, and swing (Table III-5).

The FSRs were considered as activated if there was a 5% increase in maximum

signal amplitude while the subject was standing in a static position with double-

leg support in a trial. The beginning of the stance phase was indicated by one of

the FSRs being activated, because a heel strike might not be detected in a few

subjects with dropped foot. The beginning of the swing phase was indicated by
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all of the FSRs being deactivated. The timings of the gait events were extracted

to compare them with timings from the kinematic sensors.

Table III-5: Classification of gait events by FSR activation pattern

FSR 1 – 2nd middle phalanx, FSR 2 – 1st metatarsal head, FSR 3 – 5th

metatarsal head and FSR 4 – heel

Gait Events States of FSR
FSR 1 FSR 2 FSR 3 FSR 4

Beginning of stance phase (for
subjects with dropped foot) Any one is activated

Heel Strike Deactivated Deactivated Deactivated Activated
Foot-Flat FSR 2 or FSR 3 is activated
Push Off Activated Deactivated Deactivated Deactivated
Swing Phase All are deactivated

3.4.1.2 Analysis of the Performance of Classification Ability for Turning Points

The performance of the system was evaluated in two steps. The first step was

to classify the detected turning points (TPs) in the stance and the swing phases

into two states of either being the absolute maximum among peaks or the

absolute minimum among troughs according to their amplitudes. This step

evaluated the feasibility of distinguishing the maximum turning point (TPmax) and

the minimum turning point (TPmin) from all other TPs by using a threshold. The

TPs were analyzed separately in the stance and the swing phases in order to

find which sensors and their attachment locations could reliably differentiate

between the stance and the swing phases of the gait cycle. We initially

assumed that one TP in the stance phase might help to predict the transition

from the stance phase to the swing phase, while another TP in the swing phase

might help to identify the transition from the swing phase to the stance phase.

The FSRs provided the temporal references for the timing of transitions
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between the stance and swing phases after the occurrence of the absolute

maximum TP so that the difference between the two time points could be

calculated. The measures of performance in classification ability were sensitivity

and specificity, as defined in (3.1) and (3.2), respectively.

negativesfalsepositivestrue
positivestrue

ySensitivit


 (3.1)

positiviesfalsenegativestrue
negativestrueySpecificit


 (3.2)

A true positive was defined as an intended TPmax or TPmin corresponding to its

appearing phase (stance or swing phase), whereas a false positive was an

unintended TP incorrectly classified as TPmax or TPmin. Similarly, a true negative

was defined as an unintended TP not classified as TPmax or TPmin, whereas a

false negative was defined as an intended TPmax or TPmin incorrectly classified

as an unintended TP. The sensitivity and specificity were the probability for

correctly classifying the TPs to their correct states, and the ideal value of the

sensitivity and specificity was equal to 100%.

Twenty gait cycles from each walking trial of each subject were extracted. All

TPs were detected by identifying the change in gradient of adjacent values from

positive to negative and vice versa using MatLab. For a single gait cycle, four

targeted TPs, each represented a single parameter, could be obtained. They

were the maximum TP and the minimum TP within the stance phase (TPmaxSt

and TPminSt) and the maximum TP and the minimum TP within the swing phase

(TPmaxSw and TPminSw) (Figure III-3).
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Figure III-3: Graphical illustration of the measuring parameters

The parameters were defined by the maximum or minimum turning point
(TPmax / TPmin) of the stance and the swing phase of each gait cycle. The
time difference (Δ t) of the parameter was defined by the time between the
turning points and the following phase change. The vertical dotted line
represents the transition from the stance phase to the swing phase. (St =
stance phase; Sw = swing phase)

The area under the receiver operating characteristic (ROC) curve, which

represented the classification performance between unintended TPs and the

intended TPmax or TPmin, was used to evaluate the accuracy of the detection.

SPSS 13.0 (SPSS Inc.) statistical package was used for the ROC analysis. The

ideal value of the area under the curve was equal to 1. During the analysis, the

threshold values of the TPs were used as the inputs together with the indicators

that represented the states of the TPs as either the absolute maximum (1) or
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the local maximum (0). As the threshold values were individually specific to the

walking pattern, the ROC analysis was able to find the optimal threshold value,

which resulted in the highest value when the values of the sensitivity and the

specificity for each individual were combined. There were three sensor units,

each containing a dual-axis accelerometer and a single-axis gyroscope, and the

whole system generated nine movement signals, each having the four

parameters from the four targeted TPs (TPmaxSt, TPminSt, TPmaxSw, and

TPminSw). Thus, a total of 36 measuring parameters were obtained.

3.4.1.3 Analysis of Timing Variation

The second step in evaluating the performance of the system involved

analyzing the timing variation of the occurrence of the four targeted TPs in a

gait cycle: TPmaxSt, TPminSt, TPmaxSw, and TPminSw. The time parameter for

each TP (Δ t) was calculated for the duration between the TP and the timing of 

the following phase change, thus the parameters were Δ tmaxSt, Δ tminSt, Δ tmaxSw

and Δ tminSw, respectively (Figure III-3). The Δ t was normalized to a 100% gait 

cycle. The timing variation for the targeted TP was calculated using the

standard deviation (SD) of the Δ t in the 20 gait cycles from each subject. The 

ideal value for the variation was equal to zero, denoting that the TP appeared at

the same instance in all of the gait cycles.
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3.4.1.4 Comparison of Sensor Performance

The reliability of the detection algorithm depends on the classification ability and

the timing variation of the targeted TPs. A PI was devised to represent the

overall performance. The PI values were used for comparison between the

different TPs, the sensor types and the attachment locations. The PI was

defined as in (3.3) and the ideal value was equal to 1.









%100
1

SD
curveROCtheunderareaPI (3.3)

3.4.2 Walking Conditions Classification Study

3.4.2.1 The Relationship of Walking Conditions and Gait Patterns

Walking conditions classification was carried out on the basis that the segment

orientation and motional change are different in five walking conditions while

using a normal gait pattern for all. The walking conditions are level ground

walking, stair ascent, stair descent, upslope walking and downslope walking.

The kinematic deviation can be measured as the walking condition changes

from one to another during a typical walk. However, continual change of

kinematic information is difficult to quantify by analyzing the whole pattern of a

complete gait cycle. It is better to specifically identify a critical change at a

known instance within a gait cycle, which could show the deviation in different

walking conditions.
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Figure III-4: The shank segment orientation and motion in pre-swing

(a) Level ground walking: shank segment decelerates or accelerates in a
backward direction. (b) Stair ascent: shank segment moves forward with
little or no knee flexion. (c) Stair descent: shank segment accelerates with
contribution from gravity component.

Figure III-4 shows the segment orientation of three walking conditions (level

ground walking, stair ascent and stair descent) in the pre-swing phase, which

normally occurs within 50% to 60% of the gait cycle from the initial contact of

the foot. The pre-swing phase was selected as the particular gait event because

it is the transitional phase between the stance and swing phases, and the

segment orientation and motional change in the preparation to enter the swing

phase would be affected by different walking conditions. In addition, the pre-

swing phase could be identified by monitoring the angular velocity on the shank
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segment. Based on gait analysis using foot switches underneath the second toe,

metatarsal heads and heel, this gait phase is identified by locating the minimum

turning point of the angular velocity in the whole gait cycle (Tong and Granat,

1999).

In the pre-swing phase, the knee performs a different range of flexion from that

during other phases. The shank and foot segments have different orientations

that are dependent on the specific walking condition. During stair ascent, the

shank segment moves forward continuously with little or no knee flexion, which

slows down or reverses the acceleration in the forward direction (Figure III-4

(b)). This is different from the level ground walking condition in which knee

flexion is performed increasingly in the pre-swing phase in order for the lower

leg to get prepared for the push-off (Figure III-4 (a)). Therefore, the acceleration

measured on the shank is lower when compared with the signals during stair

ascent. During stair descent, knee flexion is larger in the pre-swing phase in

order to position the contralateral side for the lower step. Hence, the measuring

direction of the accelerometer is tilted downward and so the accelerometer

measures a larger value when compared with the measurement during level

ground walking or stair ascent. This is because of the gravitational force that

comes with the tilted shank segment (Figure III-4 (c)).

During the analysis of the reliability study of the sensor measurement, it was

found that the kinematic signals measured from the shank and foot AP

acceleration at pre-swing showed variations in amplitude within the five walking

conditions. Moreover, the minimum TP can be identified by measuring the AP

angular velocity at the shank using a threshold detection method. The TP can
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be used as the reference point for walking conditions classification. Based on

the aforementioned gait pattern characteristics, we used the pre-swing phase

signals for classification of the five walking conditions. In the study, assumption

was made based on the association of the gait pattern and the analysis of the

kinematic data.

3.4.2.2 Feature Extraction for Classification

In the classification study, kinematic data from the shank and the foot sensor

units were analyzed. These two sensor units measured AP acceleration and AP

angular velocity of the shank and foot segments. The minimum turning point

obtained from the shank angular velocity was labeled as Sh(AVps) to identify the

time point referring to the pre-swing phase (Figure III-5 (a)). The amplitude

values of the AP acceleration (Accps) of the shank (Figure III-5 (b)) and the foot

(Figure III-5 (c)) at the pre-swing phase were labeled as Sh(Accps) and Ft(Accps),

respectively. Moreover, we observed that the orientation and motional change

of the lower limb segments during the initial swing phase are affected by the

walking conditions. The amplitude of the peak values from the accelerometers

during the initial swing phase were also included in the analysis and labeled as

Sh(Accis) and Ft(Accis), respectively. The sensor signals from the thigh were not

applied to this part because of the relative higher frequency response of the

signals (Bussmann et al., 2000). This affected the accuracy of the peak

detection and the amplitudes of the selected kinematic inputs. In addition, the

kinematic variation cannot be observed from thigh sensors at pre-swing.
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Figure III-5: Graphical illustration of the gait parameters for walking
conditions classification

(a) Shank AP Angular Velocity: Sh(AVps) is defined by the amplitude of the
minimum turning point of shank AP angular velocity detected in pre-swing.
(b) Shank AP Acceleration: Sh(Accps) is defined by the amplitude of the
shank or foot AP acceleration at the instance defined by Sh(AVps). Accis is
defined by the amplitude of the peak following Accps. (c) Foot AP
Acceleration: for level walking, Accps and Accis coincided at the same
instance and Accis appeared before Accps for stair ascent in measuring
foot AP acceleration. Acc = Acceleration, AV = Angular Velocity, Amp =
Amplitude

3.4.2.3 Application of SVM in Walking Conditions Classification

To implement SVM for walking condition detection, a two-class problem, stair

descent (labeled by 1 ) and the other walking conditions (labeled by 1 ) was

demonstrated using two kinematic inputs – Sh(Accps) and Sh(Accis). All samples
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were divided into two independent groups: a training set of 86 data samples,

and a testing set of 85 data samples. The SVM parameters were determined by

a grid search and LOOCV on the training set, with the values we finally selected

being 6 and C = 100. The training result is shown in Figure III-6 (a), in

which stair descent and other walking conditions are represented by and ,

respectively. The samples marked with circles are the support vectors (a total of

13, comprising six from stair descent and seven from the other conditions),

which obviously lie along the boundary and build up the classifier. The whole

space was separated into three areas, with the middle one for stair descent and

the other two areas for the other conditions. One sample of stair descent was

misclassified to other conditions. Thus, in this case, the training error was 1.2%.

To test the performance of the SVM classifier, samples from the testing set

were inputted. The test result is shown in Figure III-6 (b), in which it can be seen

that five samples were misclassified (one from stair descent and four from the

other conditions). Hence the detection accuracy was 94.1%.
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Figure III-6: SVM classification for stair descent

Stair descent (X) was classified from other conditions () with the
kinemaitc inputs from shank (Accps, Acc is). The solid lines represent the
classifier, and the samples marked with circles are support vectors. (a)
SVM training. One sample of stair descent is misclassified. The training
error is 1.2%. (b) SVM testing. One sample of stair descent and four
samples of other conditions are misclassified. The testing accuracy is
94.1%.
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In addition, we also demonstrated another walk condition classification,

between stair ascent (labeled by +1) and the other conditions (labeled by −1),

with the kinematic inputs – Sh(Accps) and Sh(Acc is), respectively. Again, the

dataset was divided into a training set of 86 samples, and a test set of 85

samples. The parameters selected were 5.3 and C = 200. The training and

testing results are shown in Figure III-7 (a) and Figure III-7 (b), with and 

representing stair ascent and the other conditions, respectively. In Figure III-7

(a), it can be seen that there were 17 support vectors (eight from stair descent

and nine from the other conditions), and six samples of the other conditions

were misclassified as stair ascent. Hence the training error was 7.0%. As shown

in Figure III-7 (b), five samples of the other conditions were misclassified as

stair ascent, thus the detection accuracy was 94.1%.
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Figure III-7: SVM classification for stair ascent

Stair ascent (X) was classified from other conditions () with kinematic
inputs from shank (Accps, Accis). The solid lines represent the classifier,
and the samples marked with circles are support vectors. (a) SVM training.
Six samples of other conditions are misclassified. The training error is 7%.
(b) SVM testing. Five samples of other conditions are misclassified. The
testing accuracy is 94.1%.
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3.4.2.4 Comparisons Experiments of Machine Learning Methods

To further test the capability of SVM in walking condition detection, three

comparison experiments were performed in both groups of subjects. Some well-

known machine learning techniques were applied to the dataset, including ANN,

RBF Neural Network and Bayesian Belief Network (BBN). All of these methods

were implemented and optimized by Weka toolbox

(http://www.cs.waikato.ac.nz/ml/weka/). LOOCV was employed to perform

parameter estimation and their performance analyses.

In the first experiment, a dataset from shank AP acceleration signals Sh(AVps),

Sh(Accps) and Sh(Accis) were utilized in various classification tasks, including

two-class (stair descent, and other conditions), 2-class (stair ascent, and other

conditions), three-class (stair descent, stair ascent, and other conditions), and

five-class stair ascent, stair descent, upslope, downslope, and level ground

walking). The aim of the second experiment was to improve the classification

accuracy for five-class. It also tested the capability of the machine learning

techniques in handling more kinematic inputs so that a detail performance of the

machine learning techniques could be revealed. Therefore, two kinematic inputs

from foot AP acceleration – Ft(Accps) and Ft(Accis), were considered as to form

another dataset. Both experiments were conducted using the data from non-

impaired subjects. In the third experiment, the shank and foot kinematic inputs

from subjects with dropped foot were grouped into three datasets. The datasets

were analyzed in the four classification tasks using SVM, ANN and RBF neural

network to further evaluate the performance of the machine learning methods in
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pathological gait pattern. The overall performance, which counted the number of

corresponding samples being correctly classified over the total number of

samples being tested in each method and classification task, was compared in

terms of accuracy (%) in the study. The routine procedures to obtain the overall

performance were conducted by the Weka toolbox.

3.4.2.5 Strategy of Classification

The samples from each dataset were separated into equally proportioned

training and testing datasets for building and testing the SVM model. The

amplitudes of angular velocity were rescaled by dividing 500 in order to

minimize the data range comparable to acceleration for analysis. The five

walking conditions were assigned to four classification tasks, as shown in Table

III-6. The purpose of three-class and two-class analysis is to distinguish stair

ascent and stair descent from the other walking conditions.

Table III-6: SVM classification tasks for different combinations of walking
conditions

In the study of non-impaired subjects, different combinations of kinematic inputs

were tested for the classification performance using SVM. The testing

combinations for the classification study of non-impaired subjects and subjects

Mode of Classification Classification of Walking Conditions Being Investigated
5-class All 5 walking conditions were classified independently

3-class Stair ascent, stair descent, and a single class comprising the
level ground, upslope and downslope walking were classified

2-class — stair ascent Stair ascent was classified from the other 4 walking conditions
2-class — stair descent Stair descent was classified from the other 4 walking conditions
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with dropped foot are shown in the Table III-7. There was a total number of nine

datasets involved in the classification study for the non-impaired subjects. The

kinematic inputs which made up the datasets could be identified with reference

to the pre-swing phase. Dataset 1 comprised the kinematic inputs of Sh(AVps,

Accps, Accis) only from the sensor attached to the shank. Dataset 2 comprised

the kinematic inputs of Ft(Accps, Accis) only from the sensor attached to the foot.

Dataset 3 was the combined set of dataset 1 and 2, which totally contained five

kinematic inputs. For dataset 4 to 9, they are the possible combinations of the

kinematic inputs from the shank and foot sensors.

Table III-7: The input parameter sets for the SVM classification study

Classification Study Performed
inDataset

Number Kinemaitc Inputs Source of
Data Non-Impaired

Subjects
Subjects with
Dropped Foot

1 Sh(AVps,Accps,,Acc is) Sh

2 Ft(Accps,Acc is) Ft

3 Sh(AVps,Accps,Accis), Ft(Accps,Acc is) Sh & Ft


4 Sh(AVps,Accps)

5 Sh(Accps,Accis)
Sh

6 Sh(AVps), Ft(Accps)

7 Sh(Accps) , Ft(Accps)

8 Sh(AVps,Accps) , Ft(Accps)

9 Sh(AVps), Ft(Accps,Accis)

Sh & Ft




Sh(inputs) – Kinematic inputs from shank sensor unit
Ft(inputs) – Kinematic inputs from foot sensor unit

In the classification study of subjects with dropped foot, we particularly focused

on the kinematic inputs of three datasets from 1 to 3 (Table III-7) as they

obtained the best performance in the experiment of non-impaired subjects.

These three combinations can also be interpreted as the representative with the
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consideration of all kinematic inputs. It is also noted that these three datasets

had been used for the comparisons experiments.

3.4.2.6 Selection of SVM Kernel

A few types of kernel functions could be used for walking conditions

classification. Some common kernel functions are linear, polynomial, RBF and

spline. Although no analytical study has been reported on the optimal choice of

kernel function, RBF is widely used as kernel function in gait classification

studies (Begg et al., 2005). Kamruzzaman and Begg (2006) have compared

different kernel functions for the diagnosis of cerebral palsy gait and reported

that the RBF and polynomial kernel function had obtained more than 96%

overall accuracy. Begg et al. (2005) have reported comparable results in the

gait classification between young and elderly persons. Therefore, RBF kernel

was applied in this classification study
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Chapter IV – Results and Discussion

4.1 Reliability Study of the Measurement System

4.1.1 Temporal Characteristics

The signals obtained from the kinematic sensors with different measurement

directions and at different attachment locations are shown in Figure IV-1 for

subjects with dropped foot and non-impaired subjects. In the figure, the curves

represent the averaged kinematic gait data of the 20 gait cycles of all subjects

in the same group and they are normalized to 100% of the gait cycle.

Figure IV-1: Kinematic gait data from subjects with dropped foot

The sensor signals measured for a complete gait cycle that is normalized
to 100% for subjects with dropped foot. The solid line represents the
mean curve for the subjects’ mean obtained from 20 gait cycles. The
dash-dot line represents plus and minus standard deviation. Graph (a):
thigh AP acceleration; Graph (b): thigh SI acceleration; Graph (c): thigh
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AP angular velocity; Graph (d): shank AP acceleration; Graph (e): shank
SI acceleration; Graph (f): shank AP angular velocity; Graph (g): foot AP
acceleration; Graph (h): foot SI acceleration; Graph (i): foot AP angular
velocity. The vertical dotted line distinguishes between the stance and the
swing phases.  represents the maximum or the minimum turning point
identified within the stance and the swing phases.

Figure IV-1: Kinematic gait data from subjects

Graph (j): thigh AP acceleration; Graph (k): thigh SI acceleration; Graph (l):
thigh AP angular velocity; Graph (m): shank AP acceleration; Graph (n):
shank SI acceleration; Graph (o): shank AP angular velocity; Graph (p):
foot AP acceleration; Graph (q): foot SI acceleration; Graph (r): foot AP
angular velocity. The gait events identified by FSRs in the stance phase
were marked with ▲  for heel strike, ● for foot-flat, ♦  for push off.

For subjects with dropped foot, the averaged duration of the stance and the

swing phases were 0.757s (SD=0.116s) and 0.603s (SD=0.137s), respectively.

For non-impaired subjects, the averaged values were 0.632s (SD=0.002s) and
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0.399s (SD=0.048s), respectively (Table IV-1). The subjects with dropped foot

had a slightly prolonged swing phase (44.04%) compared with non-impaired

subjects (38.61%). The duration for a complete gait cycle was longer for

subjects with dropped foot (Mean=1.360s, SD=0.248s) than non-impaired

subjects (Mean=1.031s, SD=0.050s). The subjects with dropped foot also

walked at a lower speed (Mean=0.795m/s, SD=0.231m/s) compared with non-

impaired subjects (Mean=1.480m/s, SD=0.029m/s).

Table IV-1: The average walking speeds and percentage duration of the
stance and the swing phases.

Subject Walking
Speed (m/s)

Stance Time
(s)

Swing Time
(s)

Total Duration
(s) % Stance % Swing

Subjects with dropped foot

1 1.130 0.628 0.498 1.125 55.78% 44.22%
2 0.670 0.712 0.577 1.289 55.25% 44.75%
3 0.640 0.774 0.496 1.270 60.94% 39.06%
4 0.540 0.740 0.668 1.408 52.56% 47.44%
5 1.130 0.565 0.377 0.943 59.98% 40.02%
6 0.740 0.737 0.578 1.315 56.05% 43.95%
7 0.940 0.758 0.611 1.369 55.39% 44.61%
8 0.610 0.920 0.767 1.686 54.53% 45.47%
9 0.560 0.951 0.855 1.806 52.67% 47.33%

10 0.990 0.785 0.606 1.391 56.43% 43.57%
Mean 0.795 0.757 0.603 1.360 55.96% 44.04%

SD 0.231 0.116 0.137 0.248 2.72% 2.72%

Non-impaired subjects

1 1.380 0.631 0.371 1.002 62.95% 37.05%
2 1.340 0.635 0.454 1.089 58.27% 41.73%
3 1.720 0.631 0.371 1.002 62.95% 37.05%

Mean 1.480 0.632 0.399 1.031 61.39% 38.61%
SD 0.209 0.002 0.048 0.050 2.70% 2.70%
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4.1.2 Performance of Threshold Detection of the Turning Points

The results of the ROC analysis reflected the performance of the classifications

of TPs using threshold detection for the signals throughout the gait phases.

Nine signals were collected from the three sensors at the three different

locations. The four targeted TPs (TPmaxSt, TPminSt, TPmaxSw, and TPminSw)

were successfully detected in eight of the movement signals from all subjects.

However, there was no minimum TP normally detected in the measurement of

shank AP angular velocity in the swing phase. Therefore, this parameter was

excluded for the analysis. In the analysis, significant gait discrepancies were

found in a minority of subjects with dropped foot for different measurement

directions, which could have generated a lower value in ROC than from the

other subjects. If the mean value was used for comparison, the results could

have been adversely affected by extreme values. Therefore the median value

was employed for comparison of the measuring parameters, and the results

primarily reflected the true picture in most of the subjects with dropped foot.

Similarly, the median value was also used for the timing variation and PI

analysis.

In the comparison of measuring parameters, the median values of the area

under the curve from the ROC analysis ranged from 0.955 to 1 in the stance

phase and from 0.912 to 0.995 in the swing phase for subjects with dropped

foot (Table IV-2). The results for non-impaired subjects (Table IV-3) showed

median values ranging from 0.911 to 1 in the stance phase and 0.893 to 1 in the

swing phase.
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Table IV-2: Results for threshold detection and timing variation analysis
(Subjects with dropped foot)
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Table IV-3: Results for threshold detection and timing variation analysis
(Non-impaired subjects)
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4.1.3 Timing variation

Analysis of the timing variation of the percentage differences between subjects

revealed repeatability of the absolute maximum TP and the absolute minimum

TP in the gait cycle. The results showed that the timing variation for subjects

with dropped foot had a lowest median value of 1.29% and 4.10% in the stance

and swing phases, respectively (Table IV-2). The lowest values were obtained

by measuring the minimum TP for AP angular velocity at the shank in pre-swing,

and the maximum TP for SI acceleration at the foot segment in initial swing

while the subject was lifting up the foot. From the results, a few more TPs with

comparatively low values in the timing were identified. They were the minimum

TP for thigh SI acceleration in the stance phase (2.67%, right after the loading

response, Figure IV-1 (b)), the minimum TP for foot SI acceleration in the

stance phase (4.20%, terminal stance, Figure IV-1 (h)), the maximum TP for

thigh AP acceleration in the swing phase (7.16%, loading response, Figure IV-1

(a)), and the maximum TP for thigh AP angular velocity in the swing phase

(7.66%, while lifting up the leg for swing, Figure IV-1 (c)).

The results (Table IV-3) showed that, for non-impaired subjects, the lowest

median value in the stance phase at the thigh segment was the maximum TP

for AP angular velocity (0.76%, heel strike, Figure IV-1 (l)), while at the shank

segment it was the minimum TP for AP angular velocity (1.30%, push off,

Figure IV-1 (o)), and at the foot segment it was the maximum TP for foot AP

angular velocity (1.61%, mid-stance, Figure IV-1 (r)). In the swing phase, the

lowest median value at these three segments were the maximum TP for thigh

SI acceleration (4.22%, mid-swing to terminal swing, Figure IV-1 (k)), the
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maximum TP for shank AP acceleration (1.77%, initial swing, Figure IV-1 (m)),

and the maximum TP for foot SI acceleration (1.21%, toe-off, Figure IV-1 (q)).

4.1.4 Performance index

The index shows the overall performance of the measuring parameters by

computing the detection accuracy and the consistency of the timing of the

targeted TPs (Table IV-4). For subjects with dropped foot, the highest median

PI values for the three segments in the stance phase were the minimum TP for

shank AP angular velocity (0.987, pre-swing, Figure IV-1 (f)), the minimum TP

for thigh SI acceleration (0.972, loading response, Figure IV-1 (b)), and the

minimum TP for foot SI acceleration (0.955, pre-swing, Figure IV-1 (h)). In the

swing phase, the highest PI values for the segments were the maximum TP for

thigh AP acceleration (0.887, initial swing, Figure IV-1 (a)), the maximum TP for

shank SI acceleration (0.839, mid-swing to terminal swing, Figure IV-1 (e)), and

the maximum TP for foot SI acceleration (0.954, initial swing, Figure IV-1 (h)).
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Table IV-4: Performance index of the measuring parameters

Subjects with dropped foot Non-impaired subjects

Stance Swing Stance Swing
Median Mean Median Mean Median Mean Median Mean

AP Acc TPmax 0.821 0.824 *0.887 0.816 0.756 0.793 0.769 0.767
AP Acc TPmin 0.799 0.806 0.789 0.771 0.801 0.809 0.869 0.886

SI Acc TPmax 0.953 0.916 0.765 0.750 0.892 0.911 *0.912 0.914
SI Acc TPmin *0.972 0.888 0.814 0.790 0.719 0.798 0.812 0.844
AP AV TPmax 0.728 0.734 0.863 0.826 *0.992 0.796 0.750 0.788

Thigh unit

AP AV TPmin 0.916 0.880 0.820 0.768 0.890 0.773 0.882 0.724
AP Acc TPmax 0.749 0.776 0.766 0.728 0.960 0.965 *0.965 0.945
AP Acc TPmin 0.865 0.867 0.814 0.774 0.761 0.773 0.655 0.702
SI Acc TPmax 0.791 0.780 *0.839 0.770 0.819 0.800 0.796 0.713

SI Acc TPmin 0.892 0.823 0.837 0.808 *0.980 0.860 0.934 0.878
AP AV TPmax 0.883 0.847 0.836 0.830 0.836 0.848 0.928 0.896

Shank unit

AP AV TPmin *0.987 0.901 0.960 0.858

AP Acc TPmax 0.789 0.802 0.901 0.831 0.620 0.642 0.973 0.939
AP Acc TPmin 0.711 0.743 0.793 0.770 0.591 0.626 0.987 0.955
SI Acc TPmax 0.814 0.812 *0.954 0.875 0.982 0.980 *0.988 0.981
SI Acc TPmin *0.955 0.848 0.730 0.750 0.838 0.841 0.799 0.848
AP AV TPmax 0.829 0.820 0.848 0.845 0.976 0.944 0.882 0.883

Foot unit

AP AV TPmin 0.660 0.672 0.728 0.698 *0.987 0.897 0.909 0.905
The values marked with * are the highest values among the sensor units.
Acc = Acceleration, AV = Angular Velocity

In the analysis of non-impaired subjects, the highest median PI values for the

three segments in the stance phase were found to be the maximum TP for thigh

AP angular velocity (0.992, heel strike, Figure IV-1 (l)), the minimum TP for

shank SI acceleration (0.980, pre-swing, Figure IV-1 (n)), and the minimum TP

for foot AP angular velocity (0.987, pre-swing, Figure IV-1 (r)). In the swing

phase, the highest median PI values for the segments were the maximum TP

for thigh SI acceleration (0.912, right after mid-swing, Figure IV-1 (k)), the

maximum TP for shank AP acceleration (0.965, initial swing, Figure IV-1 (m)),

and the maximum TP for foot SI acceleration (0.988, initial swing, Figure IV-1

(q)). Compared with the subjects with dropped foot, the TP having higher PI

were detected mainly in SI acceleration and AP angular velocity in this group.
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Non-impaired subjects walking with higher speed would have more obvious

change of AP acceleration the walking cycle.

4.1.5 Discussion

This part of study investigated the threshold detection method to identify gait

events of subjects with dropped foot. Although there may be other walking

features that can indicate the change of walking condition, the turning points

detection method was studied due to its simplicity in real application by

designating a threshold value. The procedure did not require any complicated

calculation or model. This method can be easily implemented for real-time

application because it had much lower computation load on the system than

other methods such as pattern recognition.

The reliability of the method considered detection accuracy and the timing

variation of the TPs. Regarding types of sensors and attachment locations, the

study showed that accelerometers and gyroscopes measuring in SI and AP

directions, respectively, could reliably distinguish between the stance and the

swing phases.

During the analysis, it can be observed that dropped foot gait was different from

normal unimpaired gait, with dropped foot gait having more peaks and troughs

during the stance and the swing phases. The amplitudes of the peaks and

troughs were also relatively smaller for subjects with dropped foot. This could

be caused by the prolonged swing phase and the poor active control by

subjects with dropped foot. This could reduce the reliability of using the TP
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detection method. Chen et al. (2005) have demonstrated that consistent gait

differences were found between hemiparetic and non-disabled people at a

matched walking speed, however, the study provided no evidence to correlate

with the waveform similarity between both groups. Walking at higher speeds

produced higher amplitudes in kinematic signals, especially for the linear

acceleration, and therefore significant changes was occurred in the gait patterns.

Then the threshold detection would have a higher reliability for the classification

of different gait events. Reduced range of motion in dropped foot gait could also

be figured out from the measurement of angular velocity. The angular velocity

measured in dropped foot showed diminished amplitude compared with normal

gait which was due to reduced angular displacement at the same period of time.

Comparing the sensor measurements in different attachment locations, the

signals collected from foot sensor unit is relatively static in the stance phase but

more noticeable in the swing phase. Signals from shank and thigh sensor units

had larger signal variation in both stance and swing phases, which could

provide more information about the gait pattern and support the gait phase

detector algorithm to have a better performance. In the current study, a

comparison of PI values of the two subject groups revealed that non-impaired

subjects had a higher walking speed and provided higher PI values than

subjects with dropped foot. Therefore, the sensors and their attachment

locations have to be carefully selected for each subject group in order to

maximize the detection performance, particularly for a pathological gait pattern.

The TPs with higher performances usually appeared immediately before and

after the phase transition between the stance and the swing phases. The
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minimum TP for SI acceleration at the thigh segment had a PI value of 0.972,

which appeared during the loading response (Figure IV-1 (b)). The minimum TP

for AP angular velocity at the shank segment had a median PI value of 0.987,

which occurred at the pre-swing phase (Figure IV-1 (f)). The first example

appeared right after the phase transition from swing to stance, and the second

example appeared right before the phase change from stance to swing. In the

swing phase, the maximum TP for SI acceleration at the foot segment showed a

higher PI value (0.954) and the TP corresponded to the initial swing phase

when the subject lifted up the foot and started to swing (Figure IV-1 (h)). The

results also showed that the targeted TPs detected near the terminal swing

were comparatively lower in PI value, owing to the lower amplitude value of the

target TP that made it less distinguishable from other peaks and troughs. To

conclude, the aforementioned TPs were not only the maximum or the minimum

within the stance or swing phases, they were also the absolute maximum TP or

the absolute minimum TP within the complete gait cycle.

The absolute maximum TPs could be detected by a single threshold throughout

the gait cycle. Attempts were made to evaluate the accuracy by using threshold

detection in which ROC analysis was employed. This method considered the

sensitivity and the specificity of identified TPs. For example, the minimum TP

measured for AP angular velocity at the shank had the best performance value

for identifying the stance phase. The threshold value was based on the level

that had the highest value when combining sensitivity and specificity (Table IV-

5). Although most of the subjects with dropped foot had threshold values higher

than 95% for sensitivity and specificity, the threshold values for each subject

were quite different (SD=36.65 deg/s). The results showed that the system
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required individual threshold values for the detection of the absolute minimum

TP for best performance.

Table IV-5: Threshold values for the detection of minimum TP measured
for AP angular velocity at the shank of subjects with dropped foot at pre-
swing.

The corresponding values of sensitivity, specificity and the area under the
ROC curve are presented.

Subject Threshold Value
(deg/s) Sensitivity Specificity Area under the ROC curve

1 -111.790 96.23% 100.00% 0.998
2 -41.808 63.64% 81.82% 0.792
3 -102.497 100.00% 100.00% 1.000
4 -63.298 100.00% 100.00% 1.000
5 -182.890 100.00% 95.24% 0.973
6 -95.974 100.00% 100.00% 1.000
7 -108.660 100.00% 100.00% 1.000
8 -103.897 100.00% 100.00% 1.000
9 -97.627 96.25% 100.00% 0.994
10 -117.040 100.00% 100.00% 1.000

Median -103.197 100.00% 100.00% 1.000
Mean -102.548 95.61% 97.71% 0.976
SD 36.647 11.34% 5.78% 0.065

During the analysis, the results showed that the overall performance was

dominated by the timing variation. As the variation of the area under the curve is

comparatively lower than that of timing measurement by comparing the SD

values, this finding validates the applicability of threshold detection method to

detect the stance and swing phases for most of the subjects with dropped foot.

However, the reliability of the measurement also depended on the repeatability

of the timing of the TPs detected at certain gait events such as loading

response, pre-swing and initial swing. The minimum TP for AP angular velocity

at the shank and the maximum TP for SI acceleration at the foot were found to
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be reliable and consistent for both groups of subjects. AP acceleration

measurement did not excel in signifying the gait event based on threshold

detection of TPs, as the TPs with higher PI values were found in measuring SI

acceleration and AP angular velocity for both groups of subjects.

Some previous studies in gait events detection utilized measurement from the

trunk acceleration to predict heel contact (Mansfield and Lyons, 2003). In those

studies, the reliability also varied and it was depended on the subject’s gender

and age range (Auvinet et al., 2002). Although integration of foot switches and

detection algorithms could improve detection accuracy and reliability, foot

switches have the limitations of only monitoring gait characteristics during the

stance phase and being dependent on the attachment position, which might

introduce inaccuracy in detecting the initial foot contact and toe-off events

(Pappas et al., 2001). The method in the current study was able to monitor the

gait patterns in both the stance and the swing phases, which included loading

response, pre-swing and initial swing.

For the measurement of dropped foot gait, there was no single sensor that

could provide the option for the identification of stance and the swing phases

with a sufficiently high median PI values. The minimum TP for shank AP

angular velocity (PI=0.987) at pre-swing provided the best performance for the

stance phase. For the swing phase, the best performance was the maximum TP

for foot SI acceleration with 0.954 at initial swing. If only one sensor was used to

detect the stance and swing phases, foot SI acceleration could provide a good

performance by detecting the minimum TP in the stance phase (PI=0.955) and

the maximum TP in the swing phase (PI= 0.954). If the sensor unit was placed
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on either the shank or the thigh, it would be better to combine two sensor

directions to provide a good performance for the detection. At the thigh segment,

we could have used a bi-axial accelerometer, by which the SI direction signal

would have indicated the stance phase (PI=0.972) and the AP direction signal

would have indicated the swing phase (PI=0.887). At the shank segment, a

gyroscope could have been used for stance phase detection (PI=0.987) and an

accelerometer in the SI direction could have been used for swing phase

detection (PI=0.839). For a gait phase detection system that uses a simple

threshold detection algorithm, a combination of different kinds of sensors would

definitely improve the performance if the location of the sensor array was limited

to a specific lower limb segment.

As a conclusion, the sensor system could provide kinematic data and

characterized walking features for normal and dropped foot gait. It is believed

that the results from the current study could improve the understanding of the

use of kinematic sensors in gait analysis and provide an alterative option for the

detection gait events.

4.2 Study of Walking Conditions Classification

4.2.1 Segmental Orientation and its Effect on the Measurement of Acceleration

Studying the kinematic data from the shank showed that the shank segment

accelerated with increased signal amplitude in the anterior direction during the

pre-swing phase in stair ascent and stair descent. This feature was found while

the knee was flexed and the shank segment was rotated, identified by acquiring
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the signal amplitude of the acceleration at the moment of the minimum turning

point of the shank AP angular velocity being detected in the pre-swing phase,

i.e., Sh(AVps) (Figure III-5). Although similar features were observed in both

stair ascent and descent, these two conditions disclosed the differences in

signal amplitude of shank acceleration in the pre-swing phase. In level ground,

upslope and downslope walking, the terminal stance proceeded to the initial

swing from heel-off to push-off. The forward acceleration was measured with a

lower value of signal amplitude in the pre-swing, as the shank was decelerating

in its preparation for swinging forward. However, for stair ascent and stair

descent, the shank appeared to maintain forward AP acceleration during the

pre-swing phase. Similarly, increased signal amplitude was observed in the

measurement of foot AP acceleration in stair ascent in the pre-swing phase

(Figure III-5 (c)). When the amplitudes of Ft(Accps) were plotted against the

amplitudes of Ft(Accis), clustering of data points could be observed. These two

kinematic inputs achieved 100% accuracy in classifying stair ascent from the

other walking conditions.

4.2.2 Comparison Experiments on Machine Learning Methods

The classification accuracies of different machine learning techniques were

compared using dataset 1 and are illustrated in Figure IV-2 (a) for non-impaired

subjects. It appeared that SVM always performed with the highest accuracy for

all of the classification tasks, and it achieved 100% classification for two-class

and three-class problems. Meanwhile, the classification accuracy of SVM was

found to be monotonously increasing as the number of classes was reduced.
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However, the results of ANN and BBN for 2-class (stair descent and others)

were worse than those for three-class, which implied there were overfitting

problems. For all of the methods, the detection accuracies for two-class and

three-class were higher than 90%, while those for five-class were less than 80%,

which indicated that the selected features could adequately describe three (or

fewer) types of walking conditions but could hardly distinguish more details.
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Figure IV-2: Classification of walking conditions in non-impaired subjects
with various methods

(a) Classification results from dataset 1: Sh(AVps, Accps, Accis). (b)
Classification results from dataset 3: Sh(AVps, Accps, Accis), Ft(Accps,
Accis).
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The results presented in Figure IV-2 (b) are the classification tasks using

dataset 3. The comparison was made between dataset 1 and 3 to evaluate the

capability of the machine learning methods in handling increased number of

kinematic inputs. Comparing them with those in Figure IV-2 (a), the

performance of SVM for five-class increased from 78% to 85%, whereas the

performances of the other methods obtained no more than a 3% increment.

Decreased performance was even observed for RBF network. From this

experiment, the results showed that SVM was more effective and consistent

learning machine in non-impaired subjects. For instance, SVM was able to

detect up to three types of walking conditions with 100% accuracy by only using

inputs from the sensor attached to the shank. SVM also produced better

performance than the other methods when more information was added. SVM

could utilize the non-linear relationship among available features to maximize its

generalization ability.

In the previous studies on classification tasks in non-impaired subjects,

comparisons were made between the machine learning methods using the

dataset 1 and dataset 3. In this part, one more classification task was

introduced using the kinematic inputs from foot sensor (dataset 2) to evaluate

the three target datasets in subject with dropped foot. This experiment focused

on the comparison of the machine learning techniques (SVM, ANN and RBF

network) in terms of overall classification accuracy. The results of different

machine learning techniques and datasets are summarized in Table IV-6.

Similar to the previous comparative experiments, SVM performed with the

highest overall accuracy in the 3-class classification and 2-class classification of

stair ascent in the three datasets. The overall accuracy reached 97.5% and
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92.9% for dataset 3 and dataset 1, respectively, in 3-class classification study

using SVM. SVM technique was also performed better than ANN and RBF

network in all classification sets using dataset 3 which composed of five input

variables combined from dataset 1 and 2 (Table IV-6).

Table IV-6: Results for the comparison between SVM, ANN and RBF neural
network in subjects with dropped foot

Classification
Set

Dataset 1

(Shank variables)

Dataset 2

(Foot variables)

Dataset 3

(Shank & Foot variables)
SVM ANN RBF SVM ANN RBF SVM ANN RBF

5-class 61.9 55.8 63.5 47.7 48.7 44.7 71.6 63.5 69.5
3-class 92.9 75.6 82.7 79.8 74.6 74.6 97.5 90.9 92.9
Stair ascent 93.4 92.4 90.4 96.0 92.4 92.9 99.5 98.5 95.9
Stair descent 89.9 91.9 88.8 80.2 82.2 80.7 98.0 93.9 97.5

4.2.3 Classification Performance Analysis in Non-Impaired Subjects

Figure IV-3 shows the 3D scatter plot of the selected kinematic inputs in dataset

1 – Sh(AVps,Accps,Accis) for classification of walking conditions. The data

samples from each walking condition demonstrated various degrees of data

clustering. The data samples for stair ascent and stair descent were more

separated from the data of the other conditions. However, the data samples for

level ground walking, upslope and downslope walking were relatively

overlapped and affected the classification performance in 5-class. This pattern

was found to be consistent for the three subjects. With the plotting of the

kinemaitc inputs in 3D space, the region occupied by the stair ascent and stair

descent data samples could be distinguished visually and classified from the

other three walking conditions with 100% accuracy.
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Figure IV-3: 3D scatter plot for the 3-class classification of dataset 1

The graph shows the data clustering for the walking conditions stair
ascent and stair descent. The graph is oriented so that each clustering
can be seen with a clear boundary.

Table IV-7 shows the overall performance of the SVM in the classification of the

walking conditions using different combinations of kinematic inputs extracted

from the signals of the shank and the foot AP acceleration. A 100% of

classification accuracy was obtained using the dataset 1 for the three classes:

stair ascent, stair descent, and the group of sloped and level walking conditions.

The results implied that 100% accuracy could also be obtained for 2-class

classification in both conditions of stair ascent and stair descent from the other

walking conditions using the same set of kinematic inputs. The more kinematic
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inputs to build up the training model and classifier, the higher the classification

performance could be. In the five-class classification, performance improved

from 78.82% using dataset 1 to 84.71% by using two additional inputs to form

dataset 3. Moreover, stair ascent was also discriminated with 100% accuracy

using dataset 2 from other conditions without the use of any inputs from the

shank segment. However, the ability of only using the kinematic inputs from foot

sensor for classifying stair descent was comparatively low at 85.88%.

Table IV-7: The classification accuracy of SVM analysis using different
combinations of selected kinematic inputs.

Dataset
Number Kinematic Inputs 5-class 3-class

2-class

(Stair Ascent)

2-class

(Stair Descent)
1 Sh(AVps,Accps,,Acc is) 78.82% 100.00% 100.00% 100.00%

2 Ft(Accps,Acc is) 60.00% 88.24% 100.00% 85.88%

3 Sh(AVps,Accps,Accis),
Ft(Accps,Acc is)

84.71% 100.00% 100.00% 100.00%

4 Sh(AVps,Accps) 63.53% 87.06% 87.06% 89.41%

5 Sh(Accps,Accis) 69.41% 94.12% 94.12% 94.12%

6 Sh(AVps), Ft(Accps) 67.06% 89.41% 95.29% 92.94%

7 Sh(Accps), Ft(Accps) 61.18% 94.12% 95.29% 94.12%

8 Sh(AVps,Accps), Ft(Accps) 71.76% 92.94% 92.94% 92.94%

9 Sh(AVps), Ft(Accps,Accis) 74.12% 95.29% 96.47% 91.76%
Sh = Shank, Ft = Foot

4.2.4 Classification Performance Analysis in Subjects with Dropped Foot

When the four classification studies using SVM were compared, the overall

accuracy was the lowest in 5-class study (range: 47.7% - 71.6%) (Figure IV-4).

If the study was aimed at to classify stair ascent and stair descent in 3-class

study, the performance was significantly improved to 92.9% (31% increased)

and 97.5% (25.9% increased) using dataset 1 and dataset 3, respectively. For
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stair ascent classification, the performances were further increased by 0.5%

and 2% for dataset 1 and 3, respectively. Dataset 2 had significant improvement

from 79.8% to 96.0% in classifying stair ascent. However, it had slight

improvement to 80.2% in classifying stair descent. It was suggested that

dataset 2 is less sensitive in stair descent classification, which had even

lowered the overall accuracy.

Figure IV-4: Classification Accuracy of dataset 1, 2 and 3 in various
classification tasks

The performance of classification was adversely affected by measuring sloped

walking conditions. The sensitivity and specificity values for 5- and 3-class

studies of dataset 1 are summarized in Table IV-8. In 3-class study, the level

and sloped walking conditions were combined into a single class. The sensitivity

of the combined single class was 95.4% whereas the values ranged from 33.3%
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to 55.1% in 5-class study. The stair ascent and stair descent also had 11.2%

and 4.5% improvement in 3-class classification compared to 5-class

respectively.

Table IV-8: Classification sensitivity and specificity of 5-class and 3-class
classification tasks for dataset 1

Dataset 1 (Shank variables)
Group

Level Up-slope Down-slope Stair ascent Stair descent

Sensitivity (%) 55.1 48.6 33.3 79.4 81.6
5-class

Specificity (%) 77.3 90.7 88.1 95.7 97.5

Combined Stair ascent Stair descent

Sensitivity (%) 95.4 90.6 86.1
3-class

Specificity (%) 92.6 97.0 97.5

Table IV-9 summarizes the results of SVM classification performance for

individual analysis. The values in the table were presented the mean value of

the SVM classification performance in the subject groups. Dataset 1 and 3 have

obtained the best performance in 3-class classification (96.8% and 98.4%,

respectively) while dataset 2 has obtained 88.4% using mean values of overall

accuracy. In 5-class studies, the results ranged from 65.7% (dataset 2) to

82.9% (dataset 3). Dataset 2, which composed of two foot kinematic inputs, had

the lowest performance in 5- and 3-class studies. Although dataset 2 was found

to have good reliability (Sensitivity = 100% & Specificity = 98.6%) in measuring

stair ascent within 5- and 3-class studies, the overall accuracy was poorly

affected in the classification of stair descent (Sensitivity = 52.9% & Specificity =

89.5% in 5-class and Sensitivity = 84.5% & Specificity = 90.5% in 3-class) when

compared to the other two sets of kinematic inputs.
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Table IV-9: Comparison of detection accuracy for individually
classification task.

Dataset 1 Dataset 2 Dataset 3
5-class 3-class 5-class 3-class 5-class 3-class

Overall accuracy 71.8 96.8 65.7 88.4 82.9 98.4

Sensitivity 67.1 61.4 78.2
Level

Specificity 86.7 88.9 91.6

Sensitivity 49.0 78.0 79.2
Up-slope

Specificity 90.1 93.5 94.3

Sensitivity 47.9 41.3 64.4
Down-slope

Specificity 89.5

100.0

96.1

89.2

87.9

96.9

94.3

98.6

98.7

Sensitivity 94.8 97.6 100.0 100.0 97.1 100.0
Stair ascent

Specificity 98.2 98.8 98.6 98.6 99.4 100.0

Sensitivity 89.6 89.9 52.9 84.5 97.6 97.6
Stair descent

Specificity 99.5 99.5 89.5 90.5 98.4 98.9

4.2.5 Discussion

In this part of study, it was found that the walking features measured from

acceleration and angular velocity on the shank and foot segment in the pre-

swing phase using SVM could discriminate stair ascent/ descent from the level

and sloped walking conditions from normal gait pattern data. In this part of study,

it was found that the walking features measured from acceleration and angular

velocity on the shank and foot segment in the pre-swing phase using SVM

could discriminate stair ascent/ descent from the level and sloped walking

conditions from normal gait pattern data. The results from the sloped walking

pattern, either upslope or downslope, showed similar walking pattern as level

ground walking in terms of kinematics. These walking conditions were difficult to

be discriminated by measuring the segmental acceleration and angular velocity.
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In level and sloped walking, as the knee flexed and the shank rotated at pre-

swing, the shank segment experienced maximum deceleration relative to the

body forward progression. Therefore, the AP acceleration measured was the

lowest with negative value. In contrast, knee flexion might not have been

noticeable at pre-swing during stair ascent. The knee was maintained as neutral

or fully extended to achieve maximum height for the contralateral side to

position the limb for a higher step and so produced a higher amplitude

measurement in AP acceleration. In stair descent, increased knee flexion was

occurred at pre-swing phase, which further increased the AP acceleration via

the contribution of the gravity as the orientation of measurement of the

accelerometer gradually changed to point to the downward direction. Therefore,

the amplitude for level ground walking was the lowest when compared with stair

ascent and stair descent. The slight difference in segment orientation and signal

amplitude provided important information for the classification of stair ascent

and stair descent from the other walking conditions.

Previous studies have described the use of kinetic and kinematic data to predict

walking conditions. Riener et al. (2002) studied the kinetic and kinematic data

for stair ascent and stair descent of different inclinations and level ground

walking. They found that joint power made a significant difference owing to the

different intensities of muscle power for stair ascent and stair descent. However,

these features could be confused with other activities requiring the same level

of muscular effort. Their results might not be directly applicable for identifying

different conditions in activity monitoring. The energy consumption and

physiological capacity may not be the same in each individual for a specific

activity. Coley et al. (2005) have identified stair ascent from stair descent and
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level ground walking by using wavelet transformation. However, their study

recognized stair ascent only. In the current study, the data points collected

could be classified accurately between stair ascent, stair descent, level and

sloped walking conditions using SVM. In Figure IV-3, the data clusters for stair

ascent and stair descent can be seen in the 3D space. The accuracy for 3-class

classification was higher than for 5-class. The data clusters for the three walking

conditions of level ground walking, upslope and downslope were less

distinguishable, and with some overlapping data between conditions, which

affected the ability to generate a well-defined support vector boundary and the

performance of classification. By increasing the dimensions from three

kinematic inputs to five kinematic inputs, it could improve the performance

based on the results using the SVM (Table IV-8).

Our results also showed that a single sensor unit on the shank segment, which

comprised an accelerometer and a gyroscope, could accurately predict the

walking conditions of stair ascent, stair descent and general walking. Similarly,

a single sensor unit on the foot segment could also accurately classify stair

ascent from the other walking conditions. These findings could be applied in

monitoring systems for daily activities and in gait controlling devices which

would help in improving the gait pattern by providing feedbacks.

In the study of walking conditions classification in dropped foot gait, the results

have also showed the ability of classification of walking conditions by SVM. The

study compared the performance of different machine learning algorithms

(Figure IV-2). SVM showed higher and more consistent results than RBF and

BBN using dataset 1 – Sh(AVps,Accps,,Accis). The performance of SVM was also
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superior to ANN in 3- and 2-class classification. Moreover, SVM is scalable and

feasible in the structure design, and more kinematic inputs could be added with

different combinations of SVM parameters.

The study suggested that stair ascent and descent can be discriminated from

level and sloped walking conditions in 3-class classification of subject with

dropped foot using SVM classifier. The overall classification accuracy can be

improved by increasing the number of kinematic input or reducing the number of

class for classification. This results can be validated by comparing the overall

accuracy when the dataset with increased number of kinematic inputs from two

(dataset 2), to three (dataset 1) and then to five (dataset 3). By grouping the

similar classes into one class which can improve the accuracy in the

classification of the whole system. This situation was illustrated by comparing

between 5- and 3-class studies as the level and the two slope walking classes

were quite similar in kinematics which could not be completely distinguished by

using any machine learning algorithms.

During the comparisons of machine learning techniques, the performance of

SVM was superior to ANN and RBF network in 3-class and stair ascent

classification. We also found that SVM classifier has a higher ability in walking

conditions classification with more kinematic inputs in the comparison of

different machine learning methods using the same dataset (Table IV-6).

In the analysis, we explored the variables which can be identified by the

kinematic sensors at different attachment locations and resulted in reliable

measurement. We found that a single sensor unit, which composed of an

accelerometer and a gyroscope, can collect adequate information to identify the
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pre-swing phase and 3-class walking conditions classification with 92.9%

overall accuracy. It is believed that the results can be further improved by the

optimization of the SVM classifier with the appropriate kernel function,

regularization parameter (C) & the width () of the RBF value which depend on

the data characteristics. Although a few studies had reported the performance

of different kernel functions in gait pattern classification (Begg and

Kamruzzaman, 2005; Begg et al., 2005; Kamruzzaman and Begg, 2006). The

results still could not conclude the optimal choice of kernel for gait analysis

application and this will need more efforts to explore the optimal kernel

functions.

In order to improve the overall accuracy of classification, we combined the

dataset 1 and 2 to form dataset 3 which included five kinematic inputs from

shank and foot sensor units. The classification performance can be further

increased up to 97.5% in 3-class study. Nevertheless, optimal performance of

machine learning methods is not entirely dependent on the number of input

variables. Begg and Kamruzzaman (2005) reported that the performance

remained unchanged with more than five input variables and deteriorated after

17 input variables were used to train the classifier. Therefore, the classification

can only be effectively improved by identifying the relevant variables. Despite of

increasing the input variables, normalization technique could be introduced to

improve accuracy (Rose and Gamble, 2007). However, this may not be

applicable to compare with stair climbing and other walk conditions which the

activities are different in terms of the direction of progression and energy

expenditure.
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In the last part of our study, we analyzed the classification accuracy based on

the average value from the individual classification of walking conditions. As

each individual might have gait pattern discrepancies, this part of study aimed

at investigating the performance of the SVM classifier and applied as a group of

subjects and also as an individualized data samples for each subjects. From the

results, we found that the overall accuracy was increased from 92.9% to 96.8%

in 3-class classification for a group and for an individualized data samples,

respectively.

The study introduced an alternative for gait pattern classification which may

have many applications in clinical and rehabilitation. The techniques can be

applied in pathological gait recognition and analysis. Fantozzi et al. (2003) have

studied the mechanics during stair climbing in patient with total knee

replacement. They proposed that the results can assist in the biomechanical

analysis of the knee joint and contribute to various design of internal prosthesis.

In the current study, we have shown that a miniature sensor unit located in

shank segment can provide essential kinematic data in classifying stair climbing

activities at 92.9% accuracy.

4.3 Limitation of the Study

This study introduced a three–sensor configuration to measure the kinematics

of the thigh, shank and foot segments. The measurement system has the

potential use as a portable device. During the setup of this study, the

measurement system was connected to the data station using long cables.
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Besides the limitation of the measurement system, human factors was also

restricted the experimental setup in outdoor environment. The subjects with

dropped foot had poorer walking ability, and safety is the major concern for our

study design. Therefore we would like the subjects to perform all the experiment

in the indoor controlled environment. As a result, the experiments were limited

to subject performance in indoor environment which allowed a better controlled

and safer environment to walk. However, the results could show the concept of

the kinematics measurement and classification approach that can have the

potential to be applied in outdoor environment.

This study analyzed ten subjects with dropped foot and three non-impaired

subjects. The sample size was relatively small to validate the system and the

classification algorithm. It is suggested to increase the number of subjects with

the same walking ability.

The experimental results showed that the subjects’ gait patterns were quite

different between individuals, especially with dropped foot subjects although all

subjects were rated as category 3 or 4 using the FAC , The FAC can only show

the subjects’general ability to walk for daily activities but their gait patterns still

have a large variation due to different neurological deficits after stroke. This

caused difficulties in the identification of gait features for the classification of

walking conditions and also affected the overall performance of the

classification system.

During the optimization of the SVM classifier, the values for the regularization

parameter (C) and the width of the kernel function (σ ) were found by grid search.
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It was a time consuming process to look for the best values for each training set

of data. Therefore, a detail optimization procedure cannot be achieved.
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Chapter V – Conclusions and Future Works

5.1 Conclusions

In the reliability study of the measurement system, the performance of the

kinematic inputs was compared using their performance index. Although the

kinematic inputs having the highest values of performance index were different

for both groups of subject, a few features were still identified with consistent

results such as the minimum turning point of anterior-posterior angular velocity

in the stance phase. This particular feature was then applied to the walking

conditions classification. It functioned as the reference point to extract the gait

features from other sensor signals and this reference point can be simply

identified by using threshold detection of the turning points. Besides anterior-

posterior angular velocity, superior-inferior acceleration in the foot can also

provide an alternative in detecting the gait events for both groups of subject.

The peak values were detectable at pre-swing and initial swing and the

performance indexes could be as high as 0.955 and 0.954, respectively. The

results suggested the combination of more sensors and at different attachment

locations can improve the reliability for the identification of the stance and swing

phases.

In the second part of the study, we had shown that SVM had better

classification performance when compared to other machine learning

techniques such as ANN and RBF networks. In the walking conditions

classification of subjects with dropped foot, a single sensor unit attached to the

shank can obtain 92.9% accuracy in 3-class classification tasks (stair ascent,

stair descent, and level and sloped walking). It can be further improved to
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97.5% by two additional kinematic inputs from the foot sensor unit. In addition,

the accuracy reached 96% in the stair ascent classification task using a single

sensor set attached to the foot. To conclude, the measurement system

comprising accelerometers and gyroscopes can reliably identify the stance and

the swing phases. With the integration of the SVM technique, stair ascent and

stair descent can be classified from the level ground and slope walking in

subjects with dropped foot and non-impaired subjects.

In this study, an automatic algorithm has been designed for walking conditions

classification. Compared with existing measurement systems, our technique

could provide high accuracy in classification and did not require complex

biomechanical model. This study also showed the classification algorithm could

be applied on subjects with dropped foot, which showed the potential

application in clinical experiment on subjects with pathological gait.

Based on these findings, the kinematics measurement system and the

classification algorithm using SVM have the potential to be applied in clinical

rehabilitation. With further development, it can be a useful clinical tool for

assessment and outcome measure.

5.2 Directions of Future Studies

In the experimental part, the measurement system could be advanced to a

portable system using a data logger for data collection. With the advancement

of the system, the method and the system can be validated in outdoor

environment as well as monitor the walking activities of daily living. Wireless
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data transmission could be an alternative for data collection without using

cables. The system can be further modified using wireless technology so that

the subjects would not have any connection cables from their back during

walking.

In the classification study, SVM technique could also be further developed for

the classification of other movement patterns or for detection of gait deviations,

such as pathological gait recognition. In addition to the application in motion

analysis, the measurement system has the potential to be used as a monitoring

device for the risk of fall in the elderly. It can also be applied in the pattern

recognition in ergonomics, sport activities, or analysis of the diseases related

postural and motion problems for rehabilitative purposes. Further studies can

include subjects with varieties of pathological gait and the walking test can be

performed in an outdoor environment by providing safety design for outdoor

experiment.
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