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Tuning Prosthetic Foot Stiffness to Improve Lower-Limb Amputee
Mobility

Courtney Elyse Shell, Ph.D.
The University of Texas at Austin, 2016

Supervisor: Richard R. Neptune

The foot, ankle and surrounding musculature play key roles in walking and
maneuvering. They provide not only body support but also forward propulsion, terrain
adaptation, and contributions to mediolateral balance control. Prosthetic feet have
previously been designed to provide body support and, to some degree, forward
propulsion and sagittal-plane terrain adaptation. However, there has been little
exploration of how prosthesis design affects performance in tasks that challenge
mediolateral balance, such as turning and walking on cross-slopes. In Chapter 2, the
effects of prosthetic foot stiffness on unilateral transtibial amputee gait during turning
were explored. Changes found in sagittal-plane kinematics and kinetics caused by more
compliant prostheses were similar to those seen previously in studies of straight-line
walking. This included decreased body support, increased residual limb propulsion and
greater limb flexion. Mediolateral balance, measured by peak-to-peak range of wholebody angular momentum, improved with decreasing stiffness, but adaptations in coronalplane angles, work and ground reaction force impulses were less systematic. In Chapter
3, forward dynamics simulations of a unilateral transtibial amputee stepping on a crossv

slope were used to identify optimal coronal-plane stiffness profiles that improved balance
control by decreasing changes in coronal-plane whole-body angular momentum. Profiles
that decreased these changes were identified for ankle-inverting and ankle-everting crossslopes as well as level ground. The change in coronal-plane whole-body angular
momentum decreased with an increase in stiffness for ankle-everting cross-slopes but
with a decrease in stiffness for ankle-inverting cross-slopes and level ground. Stiffness
profiles influenced mediolateral balance control through the medial GRF, but were
specific to each surface type. These results highlight the need to identify the surface type
encountered (level, ankle-inverting or ankle-everting cross-slope) so that the stiffness
profile appropriate for the surface can be set. To that end, in Chapter 4, measurements
from the residual limb useful for predicting a cross-slope with a pattern recognition
algorithm were identified. Residual limb kinematics, especially measurements from the
foot, shank and ankle, were found to successfully predict the surface type with high
accuracy. These studies have provided rationale and foundation for designing prostheses
that help maintain mediolateral balance control when encountering turning or uneven
terrain.

vi

Table of Contents
List of Tables .................................................................................................................... ix
List of Figures ................................................................................................................ xvii
Chapter 1: Introduction ....................................................................................................1
Chapter 2: The Effects of Prosthetic Foot Stiffness on Amputee Turning ...................5
Introduction .................................................................................................................5
Methods ......................................................................................................................7
Modification of Prosthesis Stiffness ...................................................................7
Human Subject Testing ......................................................................................8
Data Analysis ...................................................................................................10
Results.......................................................................................................................12
Joint Angles ......................................................................................................12
Joint Work ........................................................................................................16
GRF Impulses ...................................................................................................19
Circularity ........................................................................................................21
Angular Momentum..........................................................................................22
Discussion .................................................................................................................23
Chapter 3: Adapting Stiffness of a Semi-Active Prosthesis to a Cross-Slope ............29
Introduction ...............................................................................................................29
Methods ....................................................................................................................32
Experimental Data Collection .........................................................................33
Optimization of Prosthetic Stiffness Profile .....................................................34
vii

Results.......................................................................................................................37
Discussion .................................................................................................................46
Chapter 4: Identifying Classifier Input Signals to Accurately Predict a CrossSlope ...............................................................................................................50
Introduction ...............................................................................................................50
Methods ....................................................................................................................53
Experimental Data Collection .........................................................................53
Classifier Design ..............................................................................................56
Results.......................................................................................................................61
Input Signal Rankings ......................................................................................61
Classifier Accuracy ..........................................................................................67
Discussion .................................................................................................................75
Chapter 5: Conclusions and Future Work ....................................................................81
Appendix A. Speed and Joint Moment Data for Amputee Turning Study in
Chapter 2 ....................................................................................................86
Appendix B. Tracking Data for Simulations of Unilateral Amputee Stepping
on a Cross-Slope in Chapter 3 ..................................................................90
Appendix C. Mid-Swing Values of Possible Input Signals for Predicting a
Cross-Slope Using Pattern Recognition in Chapter 4 ............................96
Appendix D. Accuracy of Heel-Strike and After-Heel-Strike Region
Classifiers in Chapter 4 ...........................................................................101
References ......................................................................................................................109
Vita ..................................................................................................................................117

viii

List of Tables

Table 2.1. Subject characteristics. .......................................................................................9
Table 2.2. Mean (standard deviation) peak sagittal-plane hip, knee and ankle
angles for the residual (Res) and intact (Int) limbs when the leg was on
the inside (In) and outside (Out) of the turn as well as during straightline walking at self-selected speed (Str) while the subject was wearing
the compliant, intermediate and stiff ankles. ...................................................14
Table 2.3. Mean (standard deviation) peak coronal-plane hip, knee and ankle
angles for the residual (Res) and intact (Int) limbs when the leg was on
the inside (In) and outside (Out) of the turn as well as during straightline walking at self-selected speed (Str) while the subject was wearing
the compliant, intermediate and stiff ankles. ...................................................15
Table 3.1. Model segments and degrees of freedom. ........................................................36
Table 4.1. Subject demographics. .....................................................................................55
Table 4.2. List of input signal sets available to the classifiers, including kinematics,
ankle moments, ankle powers, measurements from in-pylon sensors
(IPS), ground reaction forces (GRF) and center of pressure (COP). ...............59

ix

Table 4.3. Rankings of input signals found using sequential forward selection
(SFS) and sequential backward selection (SBS) when only in-pylon
sensor (IPS) data were used. Classifiers were trained on data from three
subjects walking with their clinically-prescribed prosthesis when they
could see the configuration of the cross-slope and evaluated using leaveone-out cross-validation (LOOCV), data from a subject walking with
his clinically-prescribed prosthesis when he could not see the
configuration of the cross-slope (Test Set 1) and data from two subjects
walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2). Signals were selected
using accuracy as measured by the highest minimum surface accuracy
(MSA) or overall classification accuracy (OCA). ...........................................62
Table 4.4. Rankings of input signals found using sequential forward selection
(SFS) and sequential backward selection (SBS) when classifiers were
trained on the expanded set of input signals from three subjects walking
with their clinically-prescribed prosthesis when they could see the
configuration of the cross-slope and evaluated using data from a subject
walking with his clinically-prescribed prosthesis when he could not see
the configuration of the cross-slope (Test Set 1) or on data from two
subjects walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2). ..................................................64

x

Table 4.5. Rankings of the top ten input signals found using sequential forward
selection (SFS) and sequential backward selection (SBS) when in-pylon
sensor data was (IPS) and was not (MC) included. Classifiers were
trained on the full set of trial input signals from three subjects walking
with their clinically-prescribed prosthesis when they could see the
configuration of the cross-slope and evaluated using leave-one-out
cross-validation. ...............................................................................................66
Table 4.6. Overall accuracy (All) and confusion matrices (CFM) for classifiers
with 2, 3, 4, 5 and 6 input signals that exhibited the highest overall
accuracy identifying the cross-slope surfaces – eversion (Ev), flush (Fl)
and inversion (Inv) – when only information from the in-pylon sensors
was used. Classifier accuracy was evaluated using leave-one-out crossvalidation with the training data set (LOOCV), data from a subject
walking with his clinically-prescribed prosthesis when he could not see
the configuration of the cross-slope (Test Set 1) and data from two
subjects walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2). ..................................................69

xi

Table 4.7. Overall accuracy (All) and confusion matrices (CFM) for the first
classifier to correctly identify at least 99% of the cross-slope surfaces –
eversion (Ev), flush (Fl) and inversion (Inv) – using sequential forward
selection (SFS) and sequential backward selection (SBS). Classifiers
were trained on data from three subjects walking with their clinicallyprescribed prosthesis when they could see the configuration of the
cross-slope and accuracy was evaluated using a portion of this training
data set via leave-one-out cross-validation (LOOCV), data from a
subject walking with his clinically-prescribed prosthesis when he could
not see the configuration of the cross-slope (Test Set 1) and data from
two subjects walking with the prototype prosthesis when they could see
the configuration of the cross-slope (Test Set 2). All measurements are
from the residual limb. Input signals were chosen when in-pylon sensor
(IPS) and motion capture (MC) data were used for the shank
acceleration and angular velocity.....................................................................72
Table A1. Mean (standard deviation) peak sagittal-plane hip, knee and ankle
moments for the residual (Res) and intact (Int) limbs when the leg was
on the inside (In) and outside (Out) of the turn as well as during
straight-line walking at self-selected speed (Str) while the subject was
wearing the compliant, intermediate and stiff ankles. .....................................87

xii

Table A2. Mean (standard deviation) peak coronal-plane hip, knee and ankle
moments for the residual (Res) and intact (Int) limbs when the leg was
on the inside (In) and outside (Out) of the turn as well as during
straight-line walking at self-selected speed (Str) while the subject was
wearing the compliant, intermediate and stiff ankles. .....................................88
Table D1. Overall accuracy (All) and confusion matrices (CFM) for heel-strike
classifiers with 2, 3, 4, 5 and 6 input signals that exhibited the highest
mid-swing classifier overall accuracy for identifying the cross-slope
surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – when only
information from the in-pylon sensors was used. Classifier accuracy was
evaluated using leave-one-out cross-validation with the training data set
(LOOCV), data from a subject walking with his clinically-prescribed
prosthesis when he could not see the configuration of the cross-slope
(Test Set 1) and data from two subjects walking with the prototype
prosthesis when they could see the configuration of the cross-slope
(Test Set 2). ....................................................................................................101

xiii

Table D2. Overall accuracy (All) and confusion matrices (CFM) for after-heelstrike classifiers with 2, 3, 4, 5 and 6 input signals that exhibited the
highest mid-swing classifier overall accuracy for identifying the crossslope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – when
only information from the in-pylon sensors was used. Classifier
accuracy was evaluated using leave-one-out cross-validation with the
training data set (LOOCV), data from a subject walking with his
clinically-prescribed prosthesis when he could not see the configuration
of the cross-slope (Test Set 1) and data from two subjects walking with
the prototype prosthesis when they could see the configuration of the
cross-slope (Test Set 2). .................................................................................102

xiv

Table D3. Overall accuracy (All) and confusion matrices (CFM) for heel-strike
classifiers using input signals identified by sequential forward selection
(SFS) and sequential backward selection (SBS) to correctly identify at
least 99% of the cross-slope surfaces – eversion (Ev), flush (Fl) and
inversion (Inv) – with the mid-swing classifier. Classifiers were trained
on data from three subjects walking with their clinically-prescribed
prosthesis when they could see the configuration of the cross-slope and
accuracy was evaluated using a portion of this training data set via
leave-one-out cross-validation (LOOCV), data from a subject walking
with his clinically-prescribed prosthesis when he could not see the
configuration of the cross-slope (Test Set 1) and data from two subjects
walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2). Input signals were chosen
when in-pylon sensor (IPS) and motion capture (MC) data were used for
the shank acceleration and angular velocity. .................................................104

xv

Table D4. Overall accuracy (All) and confusion matrices (CFM) for after-heelstrike classifiers using input signals identified by sequential forward
selection (SFS) and sequential backward selection (SBS) to correctly
identify at least 99% of the cross-slope surfaces – eversion (Ev), flush
(Fl) and inversion (Inv) – with the mid-swing classifier. Classifiers were
trained on data from three subjects walking with their clinicallyprescribed prosthesis when they could see the configuration of the
cross-slope and accuracy was evaluated using a portion of this training
data set via leave-one-out cross-validation (LOOCV), data from a
subject walking with his clinically-prescribed prosthesis when he could
not see the configuration of the cross-slope (Test Set 1) and data from
two subjects walking with the prototype prosthesis when they could see
the configuration of the cross-slope (Test Set 2). Input signals were
chosen when in-pylon sensor (IPS) and motion capture (MC) data were
used for the shank acceleration and angular velocity. ...................................105

xvi

List of Figures

Figure 2.1. After (a) aligning foot-flat without the cosmesis, (b) ankle-foot
combinations with the cosmesis were loaded to 1000 N in compression
at foot flat with the foot at (c) 0° eversion and (d) 5° eversion. ........................8
Figure 2.2. Mean (standard deviation error bars) sagittal-plane hip, knee and ankle
work for the residual and intact limbs on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected
speed (Str) with the compliant, intermediate and stiff ankles. .........................17
Figure 2.3. Mean (standard deviation error bars) coronal-plane hip, knee and ankle
work for the residual and intact limbs on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected
speed (Str) with the compliant, intermediate and stiff ankles. .........................18
Figure 2.4. Mean (standard deviation error bars) mediolateral (M/L),
anteroposterior (A/P) and vertical ground reaction force (GRF) impulses
for the residual and intact limbs on the inside (In) and outside (Out) of
the turn as well as during straight-line walking at self-selected speed
(Str) with the compliant, intermediate and stiff ankles. ...................................20

xvii

Figure 2.5. (A) Circularity (ri/rc) from most circular to least circular (left to right)
for pure circular, two representative subjects’ and square center-of-mass
(COM) trajectories (black solid line). The maximum inscribed circle
(red dashed line, described by ri) and minimum circumscribed circle
(blue dotted line, described by rc) are also shown. (B) Mean (standard
deviation error bars) circularity for individual subjects (A01-A08) when
the residual limb was on the inside (In) and outside (Out) of the turn
with the compliant, intermediate and stiff ankles. ...........................................21
Figure 2.6. Mean (standard deviation error bars) sagittal- and coronal-plane peakto-peak range of whole-body angular momentum (H) normalized by
subject mass and height for the residual limb on the inside (In) and
outside (Out) of the turn as well as during straight-line walking at selfselected speed (Str) with the compliant, intermediate and stiff ankles. ...........23
Figure 3.1. Unilateral transtibial amputee traversing a +15° cross-slope. ........................34

xvii
i

Figure 3.2. Two optimizations were used to determine the optimal stiffness profile.
First, a pose optimization decreased the error between the simulated and
experimental ground reaction forces (F̅̂, F̅) while minimizing changes in
the model joint positions (q̅). Then, a stiffness optimization minimized
̅̇ = H
̅ ext ) by adjusting prosthesis
the change in angular momentum(H
stiffness (k). In both optimizations, model joint positions and velocities
(q̅̇) were initialized to adjusted and unadjusted experimental values,
respectively, and experimental torques (τ̅) were applied. Simulated
ground reaction forces, estimated using a ground contact model, were
also applied and the equations of motion were integrated forward two
percent of the gait cycle. Simulation output was recorded and the model
joint positions and velocities were reset to experimental values. This
process repeated from intact limb toe off (ITO) to residual limb toe off
(RTO). For the stiffness optimization, the coronal-plane prosthesis ankle
torque was calculated from the optimized stiffness profile spline. ..................37
Figure 3.3. Experimental (solid green average, shaded standard deviation) and
simulated ground reaction forces (GRFs) for the ankle-inverting crossslope from intact toe-off to residual toe-off. GRFs are shown for the
pose optimization (solid blue line, Pose Opt) and the stiffness
optimization for GRFs (dashed red line, Stiffness Opt for GRFs). .................38

xix

Figure 3.4. Experimental (solid green average, shaded standard deviation) and
simulated ground reaction forces (GRFs) for the ankle-everting crossslope from intact toe-off to residual toe-off. GRFs are shown for the
pose optimization (solid blue line, Pose Opt) and the stiffness
optimization for GRFs (dashed red line, Stiffness Opt for GRFs). .................39
Figure 3.5. Experimental (solid green average, shaded standard deviation) and
simulated ground reaction forces (GRFs) for level ground from intact
toe-off to residual toe-off. GRFs are shown for the pose optimization
(solid blue line, Pose Opt) and the stiffness optimization for GRFs
(dashed red line, Stiffness Opt for GRFs). .......................................................39
Figure 3.6. Ground reaction force (GRF), center of pressure (COP) and external
moment (ΔH) traces from the residual (left) leg from contralateral toeoff to ipsilateral toe-off of a subject stepping on an ankle-inverting
cross-slope with his residual limb. The stiffness was optimized so that
the simulated residual leg coronal external moment was 100% (blue
solid line), 50% (red dashed line) and 25% (green dotted line) of the
experimental residual leg coronal external moment. .......................................41
Figure 3.7. Residual coronal-plane ankle stiffness, torque and angle traces from
contralateral toe-off to ipsilateral toe-off of a subject stepping on an
ankle-inverting cross-slope with his residual limb. The stiffness was
optimized so that the simulated residual leg coronal external moment
was 100% (blue solid line), 50% (red dashed line) and 25% (green
dotted line) of the experimental residual leg coronal external moment...........42
xx

Figure 3.8. Ground reaction force (GRF), center of pressure (COP) and external
moment (ΔH) traces from the residual (left) leg from contralateral toeoff to ipsilateral toe-off of a subject stepping on an ankle-everting crossslope with his residual limb. The stiffness was optimized so that the
simulated residual leg coronal external moment was 100% (blue solid
line), 50% (red dashed line) and 25% (green dotted line) of the
experimental residual leg coronal external moment. .......................................43
Figure 3.9. Residual coronal-plane ankle stiffness, torque and angle traces from
contralateral toe-off to ipsilateral toe-off of a subject stepping on an
ankle-everting cross-slope with his residual limb. The stiffness was
optimized so that the simulated residual leg coronal external moment
was 100% (blue solid line), 50% (red dashed line) and 25% (green
dotted line) of the experimental residual leg coronal external moment...........44
Figure 3.10. Ground reaction force (GRF), center of pressure (COP) and external
moment (ΔH) traces from the residual (left) leg from contralateral toeoff to ipsilateral toe-off of a subject stepping on level ground. The
stiffness was optimized so that the simulated residual leg coronal
external moment was 100% (blue solid line), 50% (red dashed line) and
25% (green dotted line) of the experimental residual leg coronal external
moment. ...........................................................................................................45

xxi

Figure 3.11. Residual coronal-plane ankle stiffness, torque and angle traces from
contralateral toe-off to ipsilateral toe-off of a subject stepping on level
ground. The stiffness was optimized so that the simulated residual leg
coronal external moment was 100% (blue solid line), 50% (red dashed
line) and 25% (green dotted line) of the experimental residual leg
coronal external moment..................................................................................46
Figure 4.1.The prototype variable-stiffness prosthetic foot, pictured here with a
cosmesis and shoe on an ankle-everting surface, allows online stiffness
adjustments by changing the pivot point of a set of parallel cantilever
beams. The pivot point is changed by moving a cart centered between
the pair of cantilever beams. ............................................................................56
Figure 4.2. Control scheme diagram. The LDA classifier will identify the crossslope encountered using detected kinematics and kinetics (x̅). The midlevel controller will use this information to provide a desired stiffness
(kd) to the lower-level controller that will modify the stiffness (k) of the
prototype variable-stiffness prosthetic foot. ....................................................57
Figure 4.3. Overlapping 150-ms windows of data (W1, W2, etc.) were categorized
into regions around heel-strike, including mid-swing, heel-strike, and
after-heel-strike. ...............................................................................................58
Figure 4.4. Description of confusion matrices, accuracy and error. .................................60

xxii

Figure 4.5. Overall accuracy of classifiers (trace) and standard deviation of the
surface accuracies (error bars) determined using sequential forward
selection (SFS). Classifiers were trained on the wide set of input signals,
including in-pylon sensor data, from three subjects walking with their
clinically-prescribed prosthesis when they could see the configuration of
the cross-slope and evaluated using data from the training set via leaveone-out cross-validation (LOOCV) or data from a subject walking with
his clinically-prescribed prosthesis when he could not see the
configuration of the cross-slope (Test Set 1). Signals were selected
using accuracy as measured by the highest minimum surface accuracy
(MSA) or overall classification accuracy (OCA). ...........................................63
Figure 4.6. Accuracy of classifiers determined using sequential forward selection
(SFS) and sequential backward selection (SBS), trained on the full set of
trial input signals from three subjects walking with their clinicallyprescribed prosthesis when they could see the configuration of the
cross-slope. (A) Classifiers were evaluated using data from the training
set via leave-one-out cross-validation with (IPS) and without (MC) inpylon sensor data. (B) Classifiers were also evaluated using data from a
subject walking with his clinically-prescribed prosthesis when he could
not see the configuration of the cross-slope (Test Set 1) or from two
subjects walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2) with in-pylon sensor data..........71

xxii
i

Figure 4.7. Overall classifier error for the six most accurate classifiers found using
sequential forward selection (SFS) and sequential backward selection
(SBS) to select input signals based on overall accuracy measured using
leave-one-out cross-validation with the training data set (LOOCV), data
from a subject walking with his clinically-prescribed prosthesis when he
could not see the configuration of the cross-slope (Test Set 1) and data
from two subjects walking with the prototype prosthesis when they
could see the configuration of the cross-slope (Test Set 2). All
classifiers were trained using data from three subjects walking with their
clinically-prescribed prosthesis when they could see the configuration of
the cross-slope. Error was found by evaluating all six classifiers using
data from Test Set 1, data from Test Set 2 and leave-one-out cross
validation with the training data set. All test and training data sets
included in-pylon sensor data. .........................................................................74
Figure A1. Mean (standard deviation error bars) walking speed for individual
subjects when the residual limb was on the inside (In) and outside (Out)
of the turn with the compliant, intermediate and stiff ankles. .........................86
Figure B1. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) leg joint torques for the ankleinverting cross-slope. .......................................................................................90

xxi
v

Figure B2. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) ground reaction forces, center
of pressures and positions for the ankle-inverting cross-slope. .......................91
Figure B3. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) leg joint torques for the ankleeverting cross-slope. ........................................................................................92
Figure B4. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) ground reaction forces, center
of pressures and positions for the ankle-everting cross-slope. ........................93
Figure B5. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) leg joint torques for the level
surface. .............................................................................................................94
Figure B6. Experimental (solid green average, shaded standard deviation) and
simulated (solid blue line pose optimization, dashed red line stiffness
optimization for ground reaction forces) ground reaction forces, center
of pressures and positions for the level surface. .............................................95

xxv

Figure C1. Residual limb ankle angle, angular velocity and angular acceleration
(average and standard deviation across at least four trials) during mindswing for three unilateral transtibial amputee subjects (A01 - dark blue;
A02 - orange; A03 - light blue) stepping on an ankle-inverting crossslope (Inv, dashed line), an ankle-everting cross-slope (Ev, dash-dot
line) and level ground (Fl, solid line). Amputees were wearing their
clinically-prescribed prosthesis and could see the surface type in each
trial. ..................................................................................................................96
Figure C2. Residual limb ankle moment and power (average and standard
deviation across at least four trials) during mind-swing for three
unilateral transtibial amputee subjects (A01 - dark blue; A02 - orange;
A03 - light blue) stepping on an ankle-inverting cross-slope (Inv, dashed
line), an ankle-everting cross-slope (Ev, dash-dot line) and level ground
(Fl, solid line). Amputees were wearing their clinically-prescribed
prosthesis and could see the surface type in each trial.....................................97
Figure C3. Residual limb ground reaction force (GRF) and center of pressure
(COP) (average and standard deviation across at least four trials) during
mind-swing for three unilateral transtibial amputee subjects (A01 - dark
blue; A02 - orange; A03 - light blue) stepping on an ankle-inverting
cross-slope (Inv, dashed line), an ankle-everting cross-slope (Ev, dashdot line) and level ground (Fl, solid line). Amputees were wearing their
clinically-prescribed prosthesis and could see the surface type in each
trial. ..................................................................................................................98
xxv
i

Figure C4. Residual shank segment velocity (Vel), acceleration measured via inpylon sensors (IPS Acc) and angular velocity measured via in-pylon
sensors (IPS AngVel) (average and standard deviation across at least
four trials) during mind-swing for three unilateral transtibial amputee
subjects (A01 - dark blue; A02 - orange; A03 - light blue) stepping on
an ankle-inverting cross-slope (Inv, dashed line), an ankle-everting
cross-slope (Ev, dash-dot line) and level ground (Fl, solid line).
Amputees were wearing their clinically-prescribed prosthesis and could
see the surface type in each trial. .....................................................................99
Figure C5. Residual foot segment velocity (Vel), acceleration (Acc) and angular
velocity (AngVel) (average and standard deviation across at least four
trials) during mind-swing for three unilateral transtibial amputee
subjects (A01 - dark blue; A02 - orange; A03 - light blue) stepping on
an ankle-inverting cross-slope (Inv, dashed line), an ankle-everting
cross-slope (Ev, dash-dot line) and level ground (Fl, solid line).
Amputees were wearing their clinically-prescribed prosthesis and could
see the surface type in each trial. ...................................................................100

xxv
ii

Figure D1. Overall (A) heel-strike and (B) after-heel-strike classifier error for the
six most accurate classifiers found using sequential forward selection
(SFS) and sequential backward selection (SBS) to select input signals
based on mid-swing classifier overall accuracy measured using leaveone-out cross-validation with the training data set (LOOCV), data from
a subject walking with his clinically-prescribed prosthesis when he
could not see the configuration of the cross-slope (Test Set 1) and data
from two subjects walking with the prototype prosthesis when they
could see the configuration of the cross-slope (Test Set 2). All
classifiers were trained using data from three subjects walking with their
clinically-prescribed prosthesis when they could see the configuration of
the cross-slope. Error was found by evaluating all six classifiers using
data from Test Set 1, data from Test Set 2 and leave-one-out cross
validation with the training data set. All test and training data sets
included in-pylon sensor data. .......................................................................108

xxv
iii

Chapter 1: Introduction
Prostheses that maximize functionality are key to providing a high quality of life for the
many individuals living with limb loss. This is an important clinical problem, especially as the
number of amputees continues to grow. In 2005, there were 1.6 million amputees in the United
States and that number is expected to grow to 3.6 million by 2050 (Ziegler-Graham et al. 2008).
Of the total amputee population, 40% are major lower limb amputees (Ziegler-Graham et al.
2008) and 24% are transtibial amputees (Dillingham et al. 2002).
Despite efforts to design prosthetic ankle-foot devices that mimic the biological ankle (Klute
et al. 2001), current prostheses still leave amputees with gait deficits. Compared to healthy nonamputees, amputees walk slower and take shorter steps (e.g., Waters et al. 1976; Perry et al.
1997), have decreased propulsion from the residual limb (Winter et al. 1988; Gitter et al. 1991;
Sanderson et al. 1997; Zmitrewicz et al. 2006) and expend more energy walking (Waters et al.
1999; Genin et al. 2008; Houdijk et al. 2009). Differences in gait and walking strategies
compared to healthy non-amputees are also present in a variety of other activities, including stair
climbing (Powers et al. 1997; Jones et al. 2006; Schmalz et al. 2007), walking on ramps (Vickers
et al. 2008; Vrieling et al. 2008), turning (Segal et al. 2011; Ventura et al. 2011c), and walking
on loose surfaces (Gates et al. 2012).
Previous studies have investigated how prosthetic foot design modifications can reduce these
gait deficits during straight-line walking. By storing and later releasing elastic energy to provide
propulsion at push-off, energy storage and return prosthetic feet provide some improvement
towards restoring a more natural gait pattern compared to traditional solid-ankle cushioned heel
prosthetic feet (for review, Hafner et al. 2002; Versluys et al. 2009a). Sagittal-plane foot or ankle
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stiffness influences kinematics, leg loading, residual limb push-off, metabolic cost and the
amount of prosthesis energy storage and return (Fey et al. 2011; Ventura et al. 2011b; Zelik et al.
2011; Major et al. 2014), and can be optimized to reduce metabolic cost and joint loading (Fey et
al. 2012). However, little work has investigated the effects of varying prosthetic foot coronalplane stiffness or the influence of stiffness on amputee walking strategies in tasks that challenge
mediolateral balance, such as turning or traversing cross-slopes.
Activities of daily living often require turning, accounting for as much as 45% of steps
depending on the task (Glaister et al. 2007). Similarly, natural surfaces are rarely flat. For
example, some hiking trails exhibit up to 35° cross-slope (Basch et al. 2007). Even when smooth
and free of debris, man-made surfaces have sloped areas that accessibility standards allow to
have as much as 5% cross-slope (ABA Standards, Department of Defense et al. 2005). As turns
and terrain irregularity are common during daily activities, a better understanding of how
prosthetic foot stiffness can be adjusted to accommodate turn execution and terrain variations is
crucial to improving amputee mobility.
Stiffness can be statically adjusted by changing the foot or ankle worn (e.g., Fey et al. 2011;
Ventura et al. 2011a; Zelik et al. 2011; Major et al. 2014) or dynamically through on-line
adjustment. Previous work has investigated the benefits of prosthetic feet that adapt to slopes and
stair climbing (Alimusaj et al. 2009; Williams et al. 2009; Fradet et al. 2010; LaPre et al. 2011b;
Nickel et al. 2012; Portnoy et al. 2012; Agrawal et al. 2013) as well as user intent (e.g., Au et al.
2008; Huang et al. 2009; Chen et al. 2013). Most feet adapt only in the sagittal plane and few
have been investigated during turning or while traversing cross-slopes. Adaptation to terrain
modifications in the sagittal plane brought amputee kinematics closer to those of healthy nonamputees (Alimusaj et al. 2009; Fradet et al. 2010) and decreased stresses and loading rates in
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the residual limb (Portnoy et al. 2012). Adaptations in the coronal plane may provide similar
improvements toward natural gait and residual limb loading in these tasks where mediolateral
forces play an important role in progression along the desired path and maintaining dynamic
balance.
A variety of control algorithms have been used to govern prosthesis adaptations, relying on
various combinations of inputs including electromyography, center of pressure trajectory,
kinematics, ground reaction forces and/or forces in the prosthesis (e.g., Au et al. 2008; Alimusaj
et al. 2009; Huang et al. 2011; Hargrove et al. 2013; Cherelle et al. 2014; Gregg et al. 2014;
Huang et al. 2014). Controllers are often tuned experimentally (Simon et al. 2014) and different
controllers are suited to different tasks. However, such experiments can be time consuming and
expensive. In contrast, modeling and simulation provides a unique opportunity to both optimize
prosthetic foot stiffness throughout a task and determine which input signals best predict
necessary device adaptations. Previous studies have used simulations to optimize the constant
stiffness of a passive prosthetic foot (Fey et al. 2012) as well as provide a test-bed for
investigating the effects of prosthetic components (Colombo et al. 2013) or controller settings
(Pejhan et al. 2008; LaPre et al. 2011b) on amputee kinematics. Previous controller designs and
simulation studies have focused primarily on sagittal-plane quantities during straight-line
walking tasks. Thus, research is needed to investigate controller designs in other mobility tasks
such as traversing cross-slopes.
In order to implement terrain or task-specific control algorithms, a higher level algorithm is
needed to identify the terrain or task. Previous studies have successfully used pattern-recognition
algorithms, such as linear discriminant analysis (LDA), to distinguish between straight-line
walking tasks (e.g., walking on level-ground, stairs or slopes) (e.g., Huang et al. 2011; Zhang et
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al. 2013; Young et al. 2014a). Various combinations of input signals for pattern-recognition
algorithms have been explored, including myoelectric, mechanical, ground reaction force, and
computer vision (e.g., Farrell et al. 2011; Huang et al. 2011; Miller et al. 2013; Zhang et al.
2013; Young et al. 2014b; Krausz et al. 2015). However, previous studies have not investigated
the input signals required by pattern recognition algorithms to identify a cross-slope or assessed
the accuracy of such algorithms when identifying terrain changes in the mediolateral direction.
An exploration of possible input signals and an assessment of classifier accuracy would serve as
a proof-of-concept for future implementation in the control scheme of an adaptive prosthesis and
provide direction regarding what types of sensors are necessary for accurate prediction of crossslopes.
Therefore, the overall goal of this research is to improve the ability of lower-limb amputees
to turn and navigate cross-slopes by optimizing prosthetic foot coronal-plane stiffness
characteristics. This overall goal will be accomplished through the following three specific aims:
1) systematically vary prosthetic foot stiffness during a turning task to better understand the
influence of stiffness on turning ability, 2) optimize prosthetic foot stiffness to maximize balance
recovery when stepping on a cross-slope, and 3) determine the input signals required to
accurately predict cross-slope surfaces by a pattern recognition algorithm so that prosthetic foot
stiffness can be modulated in response to terrain changes in real-time.
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Chapter 2: The Effects of Prosthetic Foot Stiffness on Amputee Turning
INTRODUCTION
Appropriate prescription of prosthetic components plays a critical role in successful
rehabilitation outcomes for lower-limb amputees. While studies have investigated the influence
of prosthetic foot design characteristics on amputee straight-line walking (Fey et al. 2011;
Ventura et al. 2011b; Zelik et al. 2011; Major et al. 2014), few studies have investigated these
effects in other mobility tasks such as turning. Turning can account for as many as 45% of steps
in a given task (Glaister et al. 2007), and thus plays a prominent role in activities of daily living.
Non-amputees execute turns differently than amputees. For non-amputees, mediolateral
ground reaction force (GRF) impulses oscillate the center of mass (COM) between support legs
during straight-line walking and are modified to accelerate the body around a turn (Orendurff et
al. 2006; Glaister et al. 2008). Non-amputees also lean into turns, which shifts the COM over or
even inside the limb during the turn (Orendurff et al. 2006). In contrast, unilateral transtibial
amputees have a decreased lateral GRF impulse from the inside limb (Segal et al. 2011; Ventura
et al. 2011c) and keep their COM more centered over their base of support, which may decrease
the risk of falling (Segal et al. 2011).
Despite these adaptations, amputees are less stable than non-amputees during turning (Segal
et al. 2010) and the residual limb contributes less to balance control than the intact limb (Curtze
et al. 2012). Previous studies have found that decreased regulation of whole-body angular
momentum is associated with an increase in falls and a decrease in clinical balance measures
(e.g., Pijnappels et al. 2005; Nott et al. 2014). In straight-line walking and stair climbing,
amputees have a larger range of angular momentum than non-amputees (Silverman et al. 2011;
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Pickle et al. 2014; Sheehan et al. 2015), which suggests they have decreased balance control.
Further research has shown that there is a correlation between prosthetic foot stiffness and the
ability to regulate balance in response to perturbations during quiet stance (Nederhand et al.
2012). Therefore, careful stiffness selection may provide an effective mechanism to improve
amputee balance during turning tasks.
Previous studies of straight-line walking have shown that sagittal-plane foot stiffness can be
used to modulate prosthetic foot contributions to body support and forward propulsion, with
more compliant feet allowing greater ankle range of motion and energy storage and return (e.g.,
Fey et al. 2011; Zelik et al. 2011). However, no study has investigated these effects during
turning. Significant differences in ankle kinematics and kinetics between straight-line walking
and turning exist in the coronal plane for non-amputees (Jenkyn et al. 2010). Thus, prosthesis
characteristics that influence the movement and energy flow in the coronal plane are also likely
to affect turning in amputees. In addition, while non-amputees modulate coronal-plane hip joint
work to control a turn, amputees modulate sagittal-plane hip joint work (Ventura et al. 2011c).
This difference in work modulation highlights a different turning strategy used by amputees,
which may be due to non-optimal prosthesis stiffness characteristics and limited forward and
lateral propulsion from the prosthetic ankle. Thus, a better understanding of the influence of
coronal- and sagittal-plane stiffness on generation of lateral propulsion is needed to better inform
the prescription of prostheses that improve amputee turning ability.
While controlled stiffness manipulation of commercially-available carbon fiber prosthetic
feet is difficult, additive manufacturing processes such as selective laser sintering (SLS) are wellsuited for manufacturing ankles of different stiffness levels as they facilitate controlled
modification of design parameters, allow for geometric complexity and produce fully functional
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prototypes. SLS has previously been used to successfully manufacture prosthetic sockets
(Faustini et al. 2006), ankle-foot orthoses (Faustini et al. 2008; Schrank et al. 2011; Harper et al.
2014) , prosthetic feet (South et al. 2010; Fey et al. 2011) and ankles (Ventura et al. 2011b).
In this study, both prosthetic foot sagittal- and coronal-plane stiffness were simultaneously
varied to assess their influence on walking mechanics and balance control during turning. We
expected that as prosthetic foot stiffness is decreased, peak ankle angles and ankle work will
increase in the sagittal and coronal planes, which will help normalize turning mechanics.

METHODS
Modification of Prosthesis Stiffness
A low-profile version of a commonly-prescribed carbon fiber prosthetic foot (Category 9, LP
Vari-Flex® with EVOTM, Össur, Reykjavik, Iceland) was combined in series with custom SLSmanufactured ankles. Three prosthetic ankles (compliant, intermediate and stiff) were
manufactured from Nylon 11 (PA D80-ST, Advanced Laser Materials, Temple, TX) using SLS
(Vanguard HiQ/HS Sinterstation, 3D Systems Corporation, Rock Hill, SC) to create a set of
ankle-foot combinations that spanned a range of stiffness values. Stiffness was modified by
changing the geometry of the ankle and characterized by loading the ankle-foot combinations to
1000 N in static compression (Figure 2.1, Instron Model 3345, Norwood, MA). Two positions
were tested, emulating foot-flat without a cosmesis at 0° and 5° eversion. The stiffness when
tested at 0° eversion represented the sagittal-plane stiffness while the test at 5° eversion
represented the coronal-plane stiffness. The stiff ankle had a stiffness similar to that of a VariFlex® with EVOTM Category 5 stiffness foot (Össur, Reykjavik, Iceland). Compared to the stiff
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combination, the intermediate and compliant combinations were ~15% and 40% less stiff,
respectively, in the sagittal plane and ~20% and 40% less stiff, respectively, in the coronal plane.

c)

a)

b)

d)

Figure 2.1. After (a) aligning foot-flat without the cosmesis, (b) ankle-foot combinations with
the cosmesis were loaded to 1000 N in compression at foot flat with the foot at (c) 0°
eversion and (d) 5° eversion.
Human Subject Testing
Eight unilateral transtibial amputees (Table 2.1) free of musculoskeletal disorders and pain
completed an IRB-approved protocol of straight-line walking and turning maneuvers with each
of the three ankles in random order. Differences in mass between the ankle-foot combinations
were minimized by adding weight inside the cosmesis when the lighter combinations were
tested. After fitting and aligning the foot by a certified prosthetist, subjects acclimated to each
ankle-foot until they felt comfortable.
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Table 2.1. Subject characteristics.

A01
A02
A03
A04
A05
A06
A07
A08
Average
SD

Age
(years)
45
27
34
30
67
23
52
61
42
15

Mass
(kg)
86.8
76.4
69.9
76.7
65.5
65.9
81.8
86.8
76.2
8.1

Height
(m)
1.80
1.83
1.79
1.79
1.74
1.81
1.65
1.78
1.77
0.05

Years Since
Gender
Amputation
18.0
M
2.8
M
11.0
M
3.0
M
11.0
M
2.9
M
5.0
M
7.5
M
7.7
5.0

Residual
Limb
Left
Left
Left
Right
Right
Right
Left
Right

Etiology
Infection
Traumatic
Traumatic
Traumatic
Traumatic
Traumatic
Traumatic
Traumatic

Subjects walked at their self-selected speed clockwise and counterclockwise around a 1meter radius circle across up to six force plates (Advanced Mechanical Technology, Inc.,
Watertown, MA; Kistler Instrument Corporation, Amherst, NY). In addition, each subject
performed straight-line walking overground on a 10-meter walkway with five embedded force
plates (Advanced Mechanical Technology, Inc.) at their self-selected speed. Repeated trials were
collected for each ankle to obtain at least four force plate strikes per foot.
GRF and marker data were collected at 1200 Hz and 120 Hz, respectively, using a 12-camera
motion capture system (Vicon Nexus, Vicon Motion Systems, Oxford, UK). Fifty 14-mm
reflective markers were placed on the head, C7 vertebrae, T10 vertebrae, right scapula, right
clavicle, xiphoid process, and bilaterally on the acromion, lateral epicondyle, radial and ulnar
styloid processes, third metacarpal head, anterior and posterior superior iliac spine, greater
trochanter, lateral and medial knee joint center, lateral and medial malleoli, first and fifth
metatarsal heads, dorsal foot and heel. Clusters of four markers were also placed bilaterally on
the thigh and shank. Residual limb markers were placed symmetrically with the intact limb
9

markers. The medial knee, medial malleolus and first metatarsal head markers were removed
after the static calibration trial to allow subjects more freedom of movement.
Data Analysis
The effect of stiffness on walking mechanics was assessed via joint angles, joint powers, and
GRF impulses. Circularity of the COM trajectory was also examined during turns as subjects
were instructed to follow a smooth circular path marked on the floor. The effect of stiffness on
dynamic balance was assessed via whole-body angular momentum in the sagittal and coronal
planes.
Experimental data were processed using Visual3D (C-Motion, Inc., Germantown, MD).
Functional movement trials were used to find hip functional joint centers and knee functional
joint axes. The mass of the residual shank was half that of the intact shank (Mattes et al. 2000)
and the residual shank center of mass was located below the knee a distance equal to 25% of the
shank length. GRF and marker data were filtered using a 4th-order, low-pass Butterworth filter
with cutoff frequencies of 20 and 6 Hz, respectively. For the turning trials, GRFs were defined
with respect to a rotating reference frame with the origin located at the center of the 1-meter
circle, with the positive x-axis through the subject’s COM projected on the floor, the y-axis
tangent to the circular path and the z-axis extending upward out of the floor. Joint angles,
moments and powers as well as spatiotemporal characteristics were calculated and timenormalized to the gait cycle. GRFs were normalized by the subject’s body weight. Joint moments
and powers were normalized by subject mass. In addition, the residual ankle angle during swing
was subtracted from the residual ankle joint angle across the gait cycle so that the angle was
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̅ ) was calculated about the
relative to an unloaded value. Whole-body angular momentum (𝐻
body COM as
̅ = ∑𝑛𝑖=1[𝑟̅𝑖𝐶𝑂𝑀 𝑡𝑜 𝑏𝑜𝑑𝑦𝐶𝑂𝑀 × 𝑚𝑖 𝑣̅𝑖𝐶𝑂𝑀 𝑡𝑜 𝑏𝑜𝑑𝑦𝐶𝑂𝑀 + 𝐼𝑖 𝜔
𝐻
̅ 𝑖 ],

(2.1)

where 𝑟̅𝑖𝐶𝑂𝑀 𝑡𝑜 𝑏𝑜𝑑𝑦𝐶𝑂𝑀 and 𝑣̅𝑖𝐶𝑂𝑀 𝑡𝑜 𝑏𝑜𝑑𝑦𝐶𝑂𝑀 are the position and velocity of the ith segment’s
center of mass relative to the body COM, respectively, and 𝜔
̅𝑖 , 𝑚𝑖 , and 𝐼𝑖 are the angular
velocity, mass, and moment of inertia of ith segment, respectively. Angular momentum was
normalized by height (m) and body mass (kg).
Data analysis was performed using MATLAB (The MathWorks, Inc., Natick, MA). Positive
and negative joint work and GRF impulses were calculated as the time-integral of the positive
and negative joint power and GRFs, respectively, in three regions of the gait cycle: first and
second halves of stance and swing. Circularity of the COM trajectory for each turning trial was
quantified by the ratio of the radius of the largest circle that could fit inside of the trajectory
(maximum inscribed circle) and the radius of the smallest circle that enclosed all points of the
trajectory (minimum circumscribed circle) (Figure 2.5A). Peak-to-peak range of whole-body
angular momentum was calculated for early and late stance as well as early and late swing in the
sagittal plane and for stance and swing in the coronal plane. The effects of ankle stiffness on
walking mechanics during different walking tasks (leg on the inside of a turn, leg on the outside
of a turn and straight-line walking) for the residual and intact limbs were examined using a linear
mixed-effects model (SPSS Statistics 23, IBM Corp., Armonk, NY). The model included fixedeffects terms for three factors (ankle, task, leg), a covariate (speed) and four factorial interactions
(ankle*leg, ankle*task, task*leg, and ankle*leg*task). The effects of ankle stiffness on dynamic
balance during different walking tasks were also examined using a linear mixed-effects model.
The model included fixed-effects terms for two factors (ankle, task), a covariate (speed) and a
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factorial interaction (ankle*task). For walking mechanics and dynamic balance, the linear mixedeffects models included random-effects terms for the intercept and speed by subject. Significant
main effects as well as two-way interaction effects involving the ankle factor were examined
with Bonferroni-corrected post-hoc tests (α=0.05). With a few exceptions, only effects involving
the ankle are reported.

RESULTS
Joint Angles
In the sagittal plane, peak hip flexion during stance and swing, knee flexion, and ankle
dorsiflexion increased with a decrease in stiffness while peak hip extension and early-stance
plantarflexion decreased (Table 2.2; STANCE HIP FLEXION: ankle effect and pairwise
comparisons p=0.000; leg*ankle effect p=0.000, pairwise comparisons Residual p≤ 0.049, Intact
p=0.000; SWING HIP FLEXION: p≤ 0.002; KNEE FLEXION: p≤ 0.002; ANKLE
DORSIFLEXION: ankle and task*ankle effects and their pairwise comparisons p≤ 0.015;
leg*ankle effect p=0.000, pairwise comparisons Residual p=0.000, Intact p≤ 0.046; HIP
EXTENSION: p≤ 0.001; PLANTARFLEXION: ankle and leg*ankle effects and their pairwise
comparisons p≤ 0.025; task*ankle effect p=0.041, pairwise comparisons p≤ 0.011).
In the coronal plane, peak hip adduction during early stance (ankle effect p=0.016,
intermediate v. stiff p=0.015) and late stance (ankle effect p=0.037, compliant v. intermediate
p=0.031) was greater with the intermediate ankle but peak hip abduction in swing (p≤ 0.028)
was greatest with the compliant ankle (Table 2.3). Coronal-plane knee angle in late stance shifted
more toward abduction with the intermediate compared to the compliant and stiff ankles (Table
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2.3; p≤ 0.024). Late-stance peak ankle inversion increased with a decrease in stiffness (Table
2.3; ankle effect and pairwise comparisons p≤ 0.004; leg*ankle effect p=0.034, Intact pairwise
comparisons p=0.000). No significant differences were observed in peak ankle eversion with
changes in ankle stiffness.
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Table 2.2. Mean (standard deviation) peak sagittal-plane hip, knee and ankle angles for the
residual (Res) and intact (Int) limbs when the leg was on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected speed (Str)
while the subject was wearing the compliant, intermediate and stiff ankles.
Significant ankle main effects (†) as well as leg*ankle (ℓ) and task*ankle (§)
interaction effects are indicated in addition to significant differences between the
compliant and intermediate (□), compliant and stiff (■) and the intermediate and stiff
(■) ankles.
Peak Angle (°)

Cond

Hip Flexion
(Stance)
†□■■
Res: ℓ■■
Int: ℓ□■■

In

Hip Extension
†■■
Res: ℓ□■■
Int: ℓ■
Hip Flexion
(Swing)
†□■■
Res: ℓ□■■
Int: ℓ□■■

Out
Str
In
Out
Str
In
Out
Str
In

Knee Flexion
†□■
Res: ℓ□■
Int: ℓ□■

Out

Ankle
Plantarflexion
(Early Stance)
†□■■
Res: ℓ■■
Int: ℓ□■
Ankle
Dorsiflexion
(Late Stance)
†□■■
Res: ℓ□■■
Int: ℓ□■■

In
§□■
Out
§□■
Str
§□■■
In
§□■■
Out
§□■■
Str
§□■■

Str

Leg
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int

Compliant
Mean (SD)
25.4 (4.1)
21.4 (4.6)
19.8 (3.1)
19.3 (6.7)
25.4 (2.9)
23.4 (3.8)
-10.9 (3.0)
-13.9 (5.1)
-10.0 (3.1)
-12.1 (3.5)
-13.7 (3.8)
-17.3 (4.5)
28.6 (4.1)
23.4 (4.1)
25.5 (4.0)
21.9 (4.3)
29.8 (2.1)
24.8 (4.4)
-68.9 (4.3)
-64.6 (5.1)
-69.6 (6.2)
-63.1 (4.4)
-75.9 (3.8)
-66.8 (4.9)
-3.8 (1.7)
-6.8 (3.1)
-4.4 (1.2)
-6.1 (2.5)
-5.7 (1.4)
-6.6 (2.1)
21.0 (4.6)
13.2 (4.1)
19.3 (3.7)
9.0 (3.3)
23.3 (2.7)
11.5 (3.1)
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Intermediate
Mean (SD)
25.7 (3.9)
17.9 (4.7)
20.3 (3.3)
17.4 (6.0)
24.8 (2.6)
21.1 (3.9)
-11.8 (3.6)
-13.3 (5.2)
-10.9 (2.5)
-11.5 (3.5)
-15.4 (2.4)
-16.8 (4.1)
28.5 (3.7)
20.5 (5.7)
25.0 (3.9)
20.1 (4.7)
28.2 (2.7)
23.7 (4.4)
-66.2 (5.5)
-61.8 (6.0)
-67.1 (5.4)
-60.2 (11.6)
-71.9 (5.0)
-65.8 (4.0)
-4.4 (1.5)
-8.7 (3.0)
-4.2 (1.3)
-7.8 (3.0)
-5.4 (1.4)
-8.2 (2.2)
11.6 (2.5)
12.0 (3.6)
11.8 (2.1)
6.7 (3.6)
13.8 (1.9)
9.3 (4.0)

Stiff
Mean (SD)
25.1 (3.1)
18.0 (5.2)
19.5 (2.8)
16.1 (5.9)
24.3 (2.6)
20.3 (3.8)
-12.6 (4.1)
-15.4 (4.3)
-12.7 (3.9)
-12.2 (3.6)
-16.3 (3.4)
-17.6 (4.3)
27.2 (4.2)
20.4 (5.0)
23.9 (3.7)
18.9 (4.7)
27.5 (1.9)
22.8 (3.9)
-64.8 (7.2)
-63.0 (5.7)
-66.4 (6.2)
-60.4 (9.3)
-70.5 (4.9)
-65.5 (4.1)
-4.9 (1.9)
-8.7 (2.4)
-5.3 (1.5)
-7.1 (2.7)
-6.2 (1.7)
-8.8 (1.2)
9.1 (2.2)
11.2 (3.9)
9.2 (2.5)
6.8 (3.3)
10.4 (2.2)
8.9 (3.7)

Table 2.3. Mean (standard deviation) peak coronal-plane hip, knee and ankle angles for the
residual (Res) and intact (Int) limbs when the leg was on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected speed (Str)
while the subject was wearing the compliant, intermediate and stiff ankles.
Significant ankle main effects (†) as well as leg*ankle (ℓ) and task*ankle (§)
interaction effects are indicated in addition to significant differences between the
compliant and intermediate (□), compliant and stiff (■) and the intermediate and stiff
(■) ankles.
Peak Angle (°)

Cond

Leg

Hip Adduction
(Early Stance)
†■

In
§□
Out
§■

Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int

Str
In
Hip Adduction
(Late Stance)
†□

Out
Str

Hip Abduction
(Swing)
†□■

Knee Adduction
(Late Stance)
†□■
Res: ℓ□
Int: ℓ□■
Knee Abduction
(Late Stance)
†■
Int: ℓ□■

Ankle Inversion
(Late Stance)
†□■
Int: ℓ□■

In
§□■
Out
Str
§□■
In
Out
Str
In
Out
Str
In
Out
Str

Compliant
Mean (SD)
7.9 (4.3)
4.4 (2.7)
3.6 (4.4)
-0.1 (4.4)
7.1 (3.3)
4.5 (3.0)
6.5 (4.3)
2.2 (4.1)
0.0 (5.2)
0.4 (5.5)
5.9 (3.6)
2.2 (3.8)
-1.0 (3.9)
-5.1 (3.4)
-6.8 (3.1)
-7.4 (4.4)
-5.1 (2.6)
-7.6 (3.8)
-0.7 (3.9)
2.9 (3.0)
0.8 (4.2)
7.1 (4.0)
-0.6 (5.3)
4.4 (4.0)
-8.3 (3.2)
-3.2 (3.6)
-4.9 (2.7)
0.1 (3.5)
-7.1 (3.1)
-1.9 (3.9)
-0.3 (0.8)
-1.8 (5.2)
5.5 (1.6)
9.0 (3.1)
1.6 (1.0)
1.6 (3.1)
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Intermediate
Mean (SD)
9.3 (3.5)
5.5 (2.7)
4.2 (4.3)
-1.0 (5.5)
6.7 (3.1)
3.8 (2.7)
8.1 (3.2)
3.7 (3.5)
1.2 (4.6)
0.5 (5.9)
5.4 (2.6)
2.6 (3.3)
0.1 (4.1)
-2.9 (3.5)
-6.5 (3.0)
-7.7 (4.6)
-4.3 (2.8)
-6.0 (3.8)
-1.5 (4.2)
1.7 (3.7)
-0.3 (4.7)
6.1 (2.8)
-1.4 (5.1)
3.2 (2.9)
-7.6 (2.3)
-4.4 (3.6)
-5.3 (2.4)
-0.3 (3.6)
-7.1 (3.1)
-1.6 (3.7)
-0.7 (0.9)
-2.7 (5.1)
5.7 (1.4)
7.5 (3.5)
1.0 (0.8)
0.7 (3.0)

Stiff
Mean (SD)
7.8 (4.3)
5.0 (3.0)
2.9 (4.6)
-1.9 (5.9)
6.7 (3.9)
3.3 (3.6)
6.9 (4.1)
3.5 (4.5)
1.1 (5.1)
0.1 (5.2)
5.4 (3.6)
1.8 (4.1)
-0.6 (4.5)
-3.4 (3.6)
-7.6 (4.4)
-7.7 (4.3)
-3.7 (2.8)
-6.7 (4.0)
-1.3 (4.1)
3.3 (4.1)
0.5 (5.2)
8.0 (3.9)
-1.4 (5.0)
4.1 (3.6)
-7.3 (2.4)
-3.0 (4.0)
-5.3 (2.4)
1.0 (3.9)
-6.9 (2.6)
-0.8 (4.4)
-0.6 (0.8)
-3.5 (6.2)
5.4 (1.3)
8.8 (3.7)
1.3 (0.9)
0.4 (2.6)

Table 2.3. cont. Mean (standard deviation) peak coronal-plane hip, knee and ankle angles.
In
Ankle
Eversion
(Late Stance)

Out
Str

Res
Int
Res
Int
Res
Int

-3.2 (1.4)
-13.5 (5.6)
1.2 (0.6)
-0.6 (3.4)
-1.1 (1.2)
-7.4 (4.1)

-4.0 (2.0)
-14.1 (4.8)
1.1 (0.6)
-1.3 (2.8)
-1.4 (1.3)
-7.6 (2.7)

-3.5 (1.7)
-15.0 (4.2)
1.3 (0.7)
-0.7 (2.7)
-1.1 (1.4)
-7.6 (2.8)

Joint Work
Positive sagittal-plane hip work decreased with decreasing ankle stiffness in the residual limb
but increased in the intact limb (Figure 2.2; p≤ 0.025). Negative sagittal-plane hip and knee
work, intact positive sagittal-plane knee work and residual positive sagittal-plane ankle work
increased with a decrease in stiffness (Figure 2.2; NEGATIVE SAGITTAL HIP: ankle effect and
pairwise comparisons p=0.000; leg*ankle effect p=0.032, pairwise comparisons Residual and
Intact p≤ 0.003; task*ankle effect p=0.038, pairwise comparisons In p=0.040, Straight p=0.000;
POSITIVE SAGITTAL KNEE: p≤ 0.007; NEGATIVE SAGITTAL KNEE: p=0.000;
POSITIVE SAGITTAL ANKLE: p≤ 0.012). Negative sagittal-plane ankle work was highest
with the intermediate ankle (Figure 2.2; p≤ 0.001).
Positive coronal-plane hip work increased with a decrease in ankle stiffness (Figure 2.3;
p≤ 0.004) while negative coronal-plane hip work decreased (Figure 2.3; p≤ 0.023). Decreasing
ankle stiffness increased positive coronal-plane intact knee work while the least negative
coronal-plane intact knee work was performed with the intermediate ankle (Figure 2.3;
POSITIVE CORONAL KNEE: ankle effect p=0.007, pairwise comparisons p≤ 0.039; leg*ankle
effect p=0.000, pairwise comparisons Residual p=0.046, Intact p=0.000; task*ankle effect
p=0.023, pairwise comparisons Straight p≤ 0.004; NEGATIVE CORONAL KNEE: p≤ 0.002).
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At the ankle, positive and negative coronal-plane work were lowest with the intermediate ankle
(Figure 2.3; p≤ 0.019).

Figure 2.2. Mean (standard deviation error bars) sagittal-plane hip, knee and ankle work for the
residual and intact limbs on the inside (In) and outside (Out) of the turn as well as
during straight-line walking at self-selected speed (Str) with the compliant,
intermediate and stiff ankles. Significant ankle main effects (†) as well as leg*ankle
(ℓ) and task*ankle (§) interaction effects are indicated in addition to significant
differences between the compliant and intermediate (□), compliant and stiff (■) and
the intermediate and stiff (■) ankles.
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Figure 2.3. Mean (standard deviation error bars) coronal-plane hip, knee and ankle work for the
residual and intact limbs on the inside (In) and outside (Out) of the turn as well as
during straight-line walking at self-selected speed (Str) with the compliant,
intermediate and stiff ankles. Significant ankle main effects (†) as well as leg*ankle
(ℓ) and task*ankle (§) interaction effects are indicated in addition to significant
differences between the compliant and intermediate (□), compliant and stiff (■) and
the intermediate and stiff (■) ankles.
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GRF Impulses
Altering ankle stiffness affected the anteroposterior and vertical GRF impulses but had little
effect on the mediolateral GRF impulses (Figure 2.4). The inward GRF impulse decreased with a
decrease in stiffness (ankle main effect p=0.033; compliant to stiff p=0.049), especially when the
residual limb was on the outside of the turn (p≤ 0.001). The residual limb anterior (propulsive)
GRF impulse increased (p≤ 0.028) while the intact limb posterior (braking) GRF impulse
increased (p≤ 0.026) with the compliant compared to the intermediate and stiff ankles in all
tasks. The vertical GRF impulse was lower with the compliant compared to the intermediate and
stiff ankles in the residual limb but greater in the intact limb (p≤ 0.007).
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Figure 2.4. Mean (standard deviation error bars) mediolateral (M/L), anteroposterior (A/P) and
vertical ground reaction force (GRF) impulses for the residual and intact limbs on
the inside (In) and outside (Out) of the turn as well as during straight-line walking at
self-selected speed (Str) with the compliant, intermediate and stiff ankles. Significant
ankle main effects (†) as well as leg*ankle (ℓ) and task*ankle (§) interaction effects
are indicated in addition to significant differences between the compliant and
intermediate (□), compliant and stiff (■) and intermediate and stiff (■) ankles.
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Circularity
Changes in ankle stiffness caused no significant differences in circularity. However,
circularity was generally lower when the residual limb was on the inside of the turn versus the
outside of the turn. Within some individual subjects, circularity was affected by ankle stiffness,
but no uniform trend was observed (Figure 2.5B).

Figure 2.5. (A) Circularity (ri/rc) from most circular to least circular (left to right) for pure
circular, two representative subjects’ and square center-of-mass (COM) trajectories
(black solid line). The maximum inscribed circle (red dashed line, described by ri)
and minimum circumscribed circle (blue dotted line, described by rc) are also shown.
(B) Mean (standard deviation error bars) circularity for individual subjects (A01A08) when the residual limb was on the inside (In) and outside (Out) of the turn with
the compliant, intermediate and stiff ankles.
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Angular Momentum
A decrease in ankle stiffness led to an increase in the peak-to-peak range of sagittal-plane
whole-body angular momentum during late residual-limb swing and early stance but a decrease
during late stance and early swing (Figure 2.6; LATE SWING: p≤ 0.001; EARLY STANCE:
ankle effect p=0.022, intermediate to stiff p=0.043; LATE STANCE: p=0.000; EARLY SWING:
ankle effect and pairwise comparisons p≤ 0.005; task*ankle interaction effect p=0.000, pairwise
comparisons Out p=0.008, Straight p≤ 0.039). During stance, the range of sagittal-plane angular
momentum was lower when the residual limb was on the outside of the turn compared to the
inside or straight-line walking (task effect and pairwise comparisons Out to In and Out to
Straight p=0.000). However, during swing, the range of sagittal-plane angular momentum was
higher for the residual limb on the outside of the turn compared to the inside (EARLY SWING:
task effect and pairwise comparison Out to In p=0.000; LATE SWING: task effect and pairwise
comparisons Out to In and Out to Straight p=0.000). The peak-to-peak range of coronal-plane
whole-body angular momentum decreased with decreasing stiffness during stance (p≤ 0.017)
and, when the residual limb was on the inside of the turn, during swing (Figure 2.6; p=0.000).
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Figure 2.6. Mean (standard deviation error bars) sagittal- and coronal-plane peak-to-peak range
of whole-body angular momentum (H) normalized by subject mass and height for
the residual limb on the inside (In) and outside (Out) of the turn as well as during
straight-line walking at self-selected speed (Str) with the compliant, intermediate and
stiff ankles. Sagittal-plane peak-to-peak range is shown for early stance (ESt), late
stance (LSt), early swing (ESw) and late swing (LSw) while that in the coronal plane
is divided into stance (St) and swing (Sw). Significant ankle main effects (†) as well
as task*ankle (§) interaction effects are indicated in addition to significant
differences between the compliant and intermediate (□), compliant and stiff (■) and
the intermediate and stiff (■) ankles.

DISCUSSION
The purpose of this study was to assess the effect of prosthesis stiffness on turning
mechanics. Amputees walked overground at self-selected speed around a 1 m circle with the
residual limb on the inside and outside of the turn as well as in a straight line while wearing
ankle-foot prostheses with different stiffness levels (compliant, intermediate and stiff).
Decreasing ankle stiffness decreased residual limb vertical GRF impulses, increased residual
limb propulsive GRF impulses, and increased intact limb braking GRF impulses, which is
23

consistent with trends observed in peak GRFs and residual limb push-off work in previous
studies (Fey et al. 2011; Zelik et al. 2011; Major et al. 2014). The outward (lateral) GRF impulse
did not change with stiffness and only minor changes were observed in the inward (medial) GRF
impulse when the leg was on the outside of the turn.
Adaptations in sagittal-plane joint angles to changes in stiffness were similar to those
previously observed for straight-line walking (Fey et al. 2011), while coronal-plane adaptations
were less systematic. Both the residual and intact legs were more flexed during stance with less
stiff ankles, exhibiting greater hip and knee flexion as well as ankle dorsiflexion. In the coronal
plane, decreased stiffness increased ankle inversion but did not affect eversion. During turning,
the ankle is primarily inverted when on the outside of the turn and everted when on the inside of
the turn. Thus the change in coronal-plane ankle angle was more noticeable when the leg was on
the outside of the turn. The intermediate compared to the compliant ankle resulted in greater hip
adduction and less hip abduction, in contrast to decreased knee adduction and greater intact limb
knee abduction. Thus, the change in stiffness led to coronal-plane adaptations at the knee and hip
as well as in ankle inversion without significantly affecting ankle eversion.
The residual limb performed greater sagittal-plane hip work when on the inside of the turn
than the intact limb did, consistent with a previous study of transtibial amputee turning (Ventura
et al. 2011c). However, decreasing prosthesis stiffness diminished this difference as positive
sagittal-plane hip work decreased in the residual limb and increased in the intact limb. In the
coronal plane, amputees absorb and generate less residual hip power when the limb is on the
inside of the turn and generate less intact hip power for the limb inside or outside of the turn
compared to non-amputees (Ventura et al. 2011c). Decreasing prosthesis stiffness increased
positive coronal-plane hip work and decreased negative coronal-plane hip work, especially in the
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residual limb. Thus, as stiffness decreased, hip power generation increased to more closely
resemble that of non-amputees but residual limb hip power absorption diverged more from that
of non-amputees.
Circularity of the COM trajectory and the influence of ankle stiffness changes on circularity
varied between subjects. Some subjects walked in a smooth circular path while others produced a
hexagonal COM trajectory. Two subjects turned in a smoother circle when walking with the
intermediate ankle stiffness (A01, A04) while another subset of subjects responded to ankle
stiffness changes differently when the residual limb was on the inside and outside of the turn
(A03, A05, A07, A08). The remaining two subjects exhibited relatively no change in turn
circularity between the different stiffnesses (A02, A06). Previous work found that walking speed
affected the COM trajectory during non-amputee turning, with the path becoming more
hexagonal at slower walking speeds (Orendurff et al. 2006). While the subject that walked at the
fastest self-selected walking speed (A02) also exhibited the most circular COM trajectory on
average, other subjects exhibited COM trajectories with similar circularity for specific ankle
stiffnesses even though they walked with slower speeds. In addition, the relationships between
circularity and prosthesis stiffness did not usually follow those of speed and prosthesis stiffness
(Figure A1, Appendix A). Thus, while walking speed may influence the smoothness of a turn,
other factors appear to be influential, including prosthesis stiffness. However, the nature of the
influence appears to be subject-specific.
Peak-to-peak range of sagittal-plane angular momentum decreased with decreasing ankle
stiffness in late-stance and early-swing, but was larger with the compliant ankle compared to the
intermediate and stiff ankles in late-swing. During swing the changes in sagittal-plane angular
momentum due to stiffness were largest when the residual limb was on the outside of the turn
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and during straight-line walking. Previous work exploring amputee angular momentum during
straight-line walking found that amputees had a lower range of sagittal-plane angular momentum
during swing compared to non-amputees and correlated the decrease to lower peak
anteroposterior GRFs from the residual limb compared to the non-amputee limb (Silverman et al.
2011). In the present study, anteroposterior GRF impulses increased with a decrease in prosthesis
stiffness, which may have contributed to the increase in the range of sagittal-plane angular
momentum during late swing.
Decreasing ankle stiffness decreased stance peak-to-peak range of coronal-plane angular
momentum, especially when the residual limb was on the inside of the turn and during straightline walking. Swing peak-to-peak range in coronal-plane angular momentum also decreased with
a decrease in stiffness when the residual limb was on the inside of the turn. Previous work has
shown that there is a correlation between increased change in coronal-plane angular momentum
and decreased clinical balance scores in hemiparetic subjects (Nott et al. 2014) and that amputees
have an increased range of coronal-plane angular momentum compared to non-amputees
(Silverman et al. 2011; Sheehan et al. 2015). As a less stiff prosthesis decreased the peak-to-peak
range of coronal-plane angular momentum, it may help amputees emulate non-amputee gait and
improve balance, especially during straight-line walking and when the residual limb is on the
inside of the turn. As the time rate of change of whole-body angular momentum in the coronal
plane is a function of the mediolateral and vertical GRFs and foot placement, and since few
significant differences were found in the mediolateral GRF impulses, the decrease in coronalplane angular momentum is likely a result of the changes in vertical GRFs, consistent with
previous results in straight-line walking (Silverman et al. 2011), although foot placement may
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also have contributed. Future work should explore the mechanisms by which prosthesis stiffness
affects whole-body angular momentum.
While this study identified the effects of prosthesis stiffness on turning, there are some
potential limitations. The prosthesis was modeled as a rigid body with a fixed axis of rotation for
inverse dynamics calculations, which may have affected work calculations at the ankle.
However, the same assumptions were made for all three stiffness levels and any associated bias
would affect all three ankles similarly without altering relative differences between them. In
addition, ankle stiffness levels remained constant across all subjects, while prescribed stiffness
levels vary by body weight and activity level. The goal of the study was to test a systematic
range of stiffness levels close to that which the amputees were prescribed, so this limitation was
mitigated by recruiting only subjects who weighed less than 88 kg. Finally, the sagittal- and
coronal-plane stiffnesses were coupled in this study, so the effects of stiffness in each plane
could not be distinguished from those of the other. However, most energy storage and return feet
have coupled sagittal- and coronal-plane stiffnesses by virtue of their design, so the conditions in
this study reflect common clinical implementation.
In summary, many of the adaptations that occur with changes to sagittal-plane prosthesis
stiffness in straight-line walking also occur during turning with concurrent changes to sagittaland coronal-plane stiffness. Also, coronal-plane balance, as measured by the peak-to-peak range
of angular momentum, improves with decreasing stiffness. However, adaptations in coronalplane angles, work and GRF impulses were less systematic and more subject-specific. The
overall effect of stiffness on turning, as measured by the circularity of the COM trajectory, is
also subject-specific. Thus, while the effects of stiffness on turning must be evaluated for each
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individual, a more compliant prosthesis generally results in a more flexed leg, decreased body
support, increased residual limb propulsion, and improved balance.
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Chapter 3: Adapting Stiffness of a Semi-Active Prosthesis to a Cross-Slope
INTRODUCTION
Uneven terrain, such as slopes or unexpected obstacles, can present more challenging
walking conditions than straight, level surfaces, especially for those with a lower-limb
amputation. However, the design of prostheses for use on uneven terrain, particularly crossslopes, has received little attention. Cross-slopes, a common form of uneven terrain encountered
in both man-made and natural environments, are slopes that run perpendicular to the direction of
travel (ABA Standards, Department of Defense et al. 2005). Disability standards allow crossslopes to have as much as a 5% grade in urban environments and general-use trails (ABA
Standards, Department of Defense et al. 2005). However, a preliminary survey found that about
25% of existing sidewalks in the US were non-compliant with these standards (Longmuir et al.
2003). Primitive hiking trails can have cross-slopes with up to a 70% grade, reflecting natural
terrain variations (Basch et al. 2007). Thus, cross-slopes should be an important design
consideration for devices seeking to restore mobility for lower-limb amputees.
When healthy subjects encounter a cross-slope, they modify their mediolateral ground
reaction forces (GRFs) and joint kinematics and kinetics to prevent falling, maintain forward
progression, and allow the foot to conform to the uneven walking surface (Damavandi et al.
2010; Dixon et al. 2010). Conforming to the walking surface maximizes contact area with the
floor (Damavandi et al. 2010), which minimizes slip and improves balance control. As ankle
inversion angle and moment are significantly altered by stepping on a cross-slope in healthy
adults, reduced ankle joint flexibility in disabled populations could make traversing cross-slopes
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difficult (Dixon et al. 2010). Current passive prosthetic feet are relatively rigid in the coronal
plane and allow for minimal conformation to a cross-slope, and thus limit the ability of amputees
to efficiently navigate cross-slopes and maintain their balance.
The effects of prosthetic foot characteristics on amputee gait have been investigated on
various types of uneven terrain during straight-line walking, including slopes (e.g., Casillas et al.
1995; Delussu et al. 2013), stairs (e.g., Aldridge et al. 2012; Agrawal et al. 2013), and loose
rocks (Gates et al. 2013). To improve amputee walking performance on uneven ground,
prosthetic devices have been designed that adapt to the terrain (e.g., Williams et al. 2009; Fradet
et al. 2010; LaPre et al. 2011a) and provide additional propulsion (e.g., Eilenberg et al. 2010;
Sup et al. 2011). However, such studies have not addressed adapting to uneven terrain in the
mediolateral direction, such as during a cross-slope.
The most stable method for an amputee to traverse a cross-slope is unclear. Amputees are
less stable than non-amputees and prosthetic foot stiffness has been shown to influence balance
control (Kamali et al. 2013). A decrease in sagittal-plane prosthetic foot stiffness affects ground
reaction forces and increases ankle range of motion (Fey et al. 2011; Ventura et al. 2011a;
Ventura et al. 2011b), which influences the ability of a prosthetic foot to conform to terrain
variations. Since adapting to the surface helps non-amputees maintain balance on a cross-slope,
prosthetic foot stiffness may influence the way amputees react when stepping on a cross-slope.
In non-amputees, the foot adapts to terrain and absorbs the impact of heel-strike in early stance
then acts as a rigid lever in late stance (Kirby 2000). The stiffness of the natural ankle is
modulated throughout stance, thus a prosthetic foot with variable ankle stiffness may be
beneficial. Therefore, the focus of this work is to determine an optimal prosthetic ankle stiffness
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profile that maximizes balance control when a transtibial amputee steps on a cross-slope using a
modeling and simulation approach.
Modeling and simulation techniques facilitate testing and optimization of designs prior to
building a prototype. Previous work has used modeling and simulation to optimize the stiffness
of a passive energy storage and return prosthetic foot to minimize metabolic cost and joint
loading during level-ground, straight-line walking (Fey et al. 2012). Other studies have
investigated the effects of changing alignment, mass distribution and rollover shape of a
prosthetic foot (Srinivasan et al. 2009) and optimized socket design with different combinations
of prosthetic feet, knees and pylons (Colombo et al. 2013). Simulation has also been used as
proof-of-concept for adapting a prosthetic foot to incline and decline terrain (LaPre et al. 2011b).
However, little research has used modeling and simulation to improve prosthesis performance
when stepping on a cross-slope by optimizing prosthesis stiffness for uneven terrain.
Whole-body angular momentum is an important measure of balance control. Angular
momentum is important for maneuverability and is highly regulated during walking (Herr et al.
2008). Quantifying changes in whole-body angular momentum can provide insights into a
subject’s response to destabilizing conditions. Subjects have been shown to reduce or minimize
increases in angular momentum in response to perturbations (Pijnappels et al. 2005) and to
reduce angular momentum to decrease the risk of falls and slips during stair descent (Silverman
et al. 2014) and decline walking (Silverman et al. 2012). Compared to healthy subjects,
unilateral transtibial amputees walking on level ground at various speeds have a greater range of
sagittal-plane whole-body angular momentum during the first half of the residual limb gait cycle
and a lower range during the second half (Silverman et al. 2011). Amputees and hemiparetic
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subjects both show increased variability in coronal-plane angular momentum than healthy
subjects (Silverman et al. 2011; Nott et al. 2014), and greater changes in coronal-plane wholebody angular momentum during single-leg stance correlate with lower clinical balance scores
(Nott et al. 2014). Like hemiparetic subjects, reduced muscle control during single-leg stance on
the affected side limits the ability of amputees to regulate angular momentum, which may lead to
decreased balance control.
In order to reduce the risk of a slip and to maintain heading along a subject’s desired
trajectory when stepping on a cross-slope, the prosthetic ankle stiffness profile should regulate
amputee whole-body angular momentum by minimizing coronal-plane changes throughout
stance. The goal of this study was to use modeling and simulation techniques to optimize the
coronal-plane stiffness profile of a prosthetic foot to decrease changes in the coronal-plane
whole-body angular momentum of an amputee stepping on a cross-slope. The foot stiffness
profile that minimizes the time rate of change of coronal-plane whole-body angular momentum
will likely be compliant in early stance, allowing the foot to conform to the surface, and then
become stiff through the end of stance.

METHODS
The kinematic pose and joint moments of a unilateral transtibial amputee model stepping on
a cross-slope were initialized using previously-collected experimental data. The model pose and
prosthesis stiffness profile were then adjusted until the simulated ground reaction forces matched
those that were collected experimentally to correct for dynamic inconsistencies caused by
experimental and computational error as well as to accommodate differences between the
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anthropometrics of the model and the subject. Then the change in whole-body angular
momentum was minimized by optimizing the coronal-plane stiffness profile of the prosthetic
ankle. Simulations were created for cross-slopes that caused the ankle to invert and evert as well
as for level ground. Each of these steps is described in more detail below.
Experimental Data Collection
Data for the initial pose and joint moments were extracted from experimental data previously
collected at the Department of Veterans Affairs Center of Excellence for Limb Loss Prevention
and Prosthetic Engineering. A male unilateral transtibial amputee (66 years old, 88.2 kg, 1.83 m,
1.5 years since amputation) wearing his prescribed prosthesis (Össur Vari-flex®) walked
overground at his self-selected walking speed across five force plates (Advanced Mechanical
Technology, Inc., Watertown, MA). The center force plate could be rotated and randomly
configured to 0° (level ground), +15° (ankle-inverting) and -15° (ankle-everting) cross-slope
conditions. The subject was blinded to the configuration by recessing the center force plate into
the floor and covering it with a thin, opaque, elastic material (Figure 3.1). At least five trials
were collected for each configuration. GRF and kinematic data were collected at 1200 Hz and
120 Hz, respectively, using a 12-camera motion capture system (Vicon Nexus, Vicon Motion
Systems, Oxford, UK). In addition to the Vicon Plug-in-Gait marker set, markers were placed
bilaterally on the medial knee epicondyle, medial malleolus, tibial tuberosity, fibular head, and
first and fifth metatarsal heads. Clusters of four markers were also placed bilaterally on the upper
arms and thighs. Trials with at least five knee flexion-extension movements were collected to
find the knee functional joint axes (Visual 3D, C-Motion, Inc., Germantown, MD).
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GRF and marker data were filtered using a 4th-order, low-pass Butterworth filter with cutoff
frequencies of 20 and 6 Hz, respectively. Joint angles and moments were calculated in Visual 3D
(C-Motion, Inc., Germantown, MD) using inverse dynamics with a model scaled to the subject’s
height and mass with joint degrees-of-freedom (DOF) constrained bilaterally to rotational DOF
at the hip (3), knee (1), ankle (2), and toes (1). Data were time-normalized to the gait cycle.
GRFs and joint moments were also normalized to the subject’s body weight. Residual ankle joint
angles were normalized to the ankle angles during swing when the prosthesis was in its unloaded
configuration to minimize bias due to variations in alignment.

Figure 3.1. Unilateral transtibial amputee traversing a +15° cross-slope. Photo courtesy of the
Department of Veteran’s Affairs Center of Excellence for Limb Loss Prevention and
Prosthetic Engineering.
Optimization of Prosthetic Stiffness Profile
An 11 segment, 23 degree-of-freedom skeletal model (Table 3.1) was adapted from a
previously-developed three-dimensional, bipedal model of healthy non-amputee overground
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walking (Peterson et al. 2010) using SIMM/Dynamics Pipeline (Musculographics, Inc., Santa
Rosa, CA). The dynamic equations-of-motion were generated using SD/FAST (PTC, Needham,
MA). The segment mass of the residual shank was adjusted to half that of the intact shank and
the center of mass moved to one-quarter of the length of the shank to reflect changes caused by
amputation (Mattes et al. 2000). In addition, the talus and calcaneus were combined into one
hindfoot segment on the residual side and the prosthetic ankle was modeled as a two degree-offreedom u-joint. The ground contact model consisted of 31 viscoelastic elements with Coulomb
friction on each foot under the intact calcaneus/prosthetic hindfoot and toe (Neptune et al. 2000).
The slope of the ground in the model was defined by the configuration of the movable force plate
relative to ground.
At each of the time points throughout stance on the cross-slope, hip, knee and ankle joint
moments calculated from the previously-collected experimental data of a unilateral transtibial
amputee stepping on a cross-slope were applied. Segment positions and velocities were
initialized to those of the experimental data. Passive torques at the pelvis, trunk and toe rotational
degrees of freedom were applied via spring-dampers to represent the muscles and ligaments
connecting the torso to the pelvis and the toes to the rest of the foot, respectively. After
integrating forward two percent of the gait cycle (t+2%), the pose, GRFs and center of pressures
(COPs) were saved and the simulation segment positions and velocities were reset to the values
of the t+1% time point. This process repeated until simulated values were found for the whole
stance phase. Splines of the initial pelvis vertical position as well as leg degrees-of-freedom
were adjusted by an offset value using simulated annealing (Goffe et al. 1994) to decrease the
error between the simulated GRFs and the experimental data (Figure 3.2). Then these offset
positions were used in a stiffness optimization routine that determined an initial guess for the
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coronal-plane stiffness and further minimized the difference between the experimental and
simulated GRFs. After obtaining this adjusted initial stiffness profile, simulated annealing
adjusted values in a spline of the coronal-plane prosthetic ankle stiffness to minimize the
difference between the simulated and 100%, 50% and 25% of the experimental residual leg
contributions to change in coronal-plane whole-body angular momentum after two integration
steps. A spline was used to prevent unrealistic discontinuities in the stiffness profile.
The change in coronal-plane whole-body angular momentum was calculated using the
external moment as
∆𝐻𝐶𝑜𝑟 = 𝐻𝑒𝑥𝑡,𝐶𝑜𝑟 = 𝑟𝑀𝐿 × 𝐹𝑉𝑒𝑟𝑡 + 𝑟𝑉𝑒𝑟𝑡 × 𝐹𝑀𝐿 ,

(3.1)

where 𝑟𝑀𝐿 and 𝑟𝑉𝑒𝑟𝑡 are the mediolateral and vertical distances between the center of pressure
and the body center of mass, respectively, 𝐹𝑀𝐿 and 𝐹𝑉𝑒𝑟𝑡 are the mediolateral and vertical
components of the left (residual) leg ground reaction force. The best prosthetic foot stiffness
profile was saved along with the resulting pose, joint moments and GRFs. The change in
prosthetic foot stiffness was minimized by adding its derivative to the simulated annealing cost
function.
Table 3.1. Model segments and degrees of freedom.
Segment

DOF

Pelvis

6

Head, arms, torso
Thigh (left, right)
Shank (left, right)
Intact talus (right)
Intact calcaneus (right)

3
3 (x2)
1 (x2)
1
1

Prosthetic hindfoot (left)

2

Toes (left, right)

1 (x2)
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x, y, z translation
obliquity, rotation, tilt
obliquity, rotation, tilt
hip adduction, rotation, flexion
knee flexion
dorsi/plantarflexion
inversion/eversion
dorsi/plantarflexion,
inversion/eversion
flexion

Figure 3.2. Two optimizations were used to determine the optimal stiffness profile. First, a pose
optimization decreased the error between the simulated and experimental ground
reaction forces (𝐹̅̂ , 𝐹̅ ) while minimizing changes in the model joint positions (𝑞̅ ).
̅̇ =
Then, a stiffness optimization minimized the change in angular momentum (𝐻
̅𝑒𝑥𝑡 ) by adjusting prosthesis stiffness (k). In both optimizations, model joint
𝐻
positions and velocities (𝑞̅̇ ) were initialized to adjusted and unadjusted experimental
values, respectively, and experimental torques (𝜏̅) were applied. Simulated ground
reaction forces, estimated using a ground contact model, were also applied and the
equations of motion were integrated forward two percent of the gait cycle.
Simulation output was recorded and the model joint positions and velocities were
reset to experimental values. This process repeated from intact limb toe off (ITO) to
residual limb toe off (RTO). For the stiffness optimization, the coronal-plane
prosthesis ankle torque was calculated from the optimized stiffness profile spline.

RESULTS
The pose optimization routine adjusted the pelvis height and leg angles until the left leg
ground reaction forces were generally within two standard deviations of the experimental data
(Figures 3.3-3.5). For the ankle-inverting cross-slope, the simulated mediolateral GRF from the
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pose optimization was within two standard deviations of the experimental mediolateral GRF
from intact toe-off to residual toe-off (Figure 3.3). For the ankle-everting cross-slope, the
simulated mediolateral GRF from the pose optimization was slightly more than two standard
deviations greater than the experimental mediolateral GRF close to residual toe-off, but finetuning the coronal-plane stiffness corrected this error (Figure 3.4). Finally, for the level surface,
the simulated mediolateral GRF was slightly more than two standard deviations different than
the experimental GRF at the end of residual limb stance (Figure 3.5). However, as with the
ankle-everting cross-slope, fine-tuning the coronal-plane stiffness corrected this deviation.

Figure 3.3. Experimental (solid green average, shaded standard deviation) and simulated ground
reaction forces (GRFs) for the ankle-inverting cross-slope from intact toe-off to
residual toe-off. GRFs are shown for the pose optimization (solid blue line, Pose
Opt) and the stiffness optimization for GRFs (dashed red line, Stiffness Opt for
GRFs).
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Figure 3.4. Experimental (solid green average, shaded standard deviation) and simulated ground
reaction forces (GRFs) for the ankle-everting cross-slope from intact toe-off to
residual toe-off. GRFs are shown for the pose optimization (solid blue line, Pose
Opt) and the stiffness optimization for GRFs (dashed red line, Stiffness Opt for
GRFs).

Figure 3.5. Experimental (solid green average, shaded standard deviation) and simulated ground
reaction forces (GRFs) for level ground from intact toe-off to residual toe-off. GRFs
are shown for the pose optimization (solid blue line, Pose Opt) and the stiffness
optimization for GRFs (dashed red line, Stiffness Opt for GRFs).

39

Stiffness was altered to create a coronal-plane external moment that was 100%, 50% and
25% of the experimental residual leg coronal-plane external moment. Generally, the
anteroposterior and vertical GRFs and center of pressures as well as sagittal plane external
moments were unaffected by changes in the coronal plane stiffness (Figures 3.6, 8, 10).
Mediolateral GRFs deviated the most from the experimental values after optimizing stiffness to
reduce the change in coronal-plane whole-body angular momentum while changes to
mediolateral COPs were generally within two standard deviations of experimental values
(Figures 3.6, 8, 10).
The stiffness required to decrease the residual leg coronal-plane external moment followed a
similar systematic trend for the ankle-inverting cross-slope and level ground, but differed for the
ankle-everting cross-slope. In the second half of single-leg stance, coronal-plane stiffness
magnitude was decreased to reduce the change in coronal-plane angular momentum for the
ankle-inverting cross-slope and level ground (Figures 3.7, 11). For the ankle-inverting crossslope, the stiffness magnitude was not altered in early single-leg stance and was slightly
increased in second double support (Figure 3.7). The stiffness magnitude in second double
support was also slightly increased for level ground (Figure 3.11). For the ankle-everting crossslope, the stiffness magnitude was decreased throughout single-leg stance to decrease coronalplane stiffness magnitude (Figure 3.9).
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Figure 3.6. Ground reaction force (GRF), center of pressure (COP) and external moment (ΔH)
traces from the residual (left) leg from contralateral toe-off to ipsilateral toe-off of a
subject stepping on an ankle-inverting cross-slope with his residual limb. The
stiffness was optimized so that the simulated residual leg coronal external moment
was 100% (blue solid line), 50% (red dashed line) and 25% (green dotted line) of the
experimental residual leg coronal external moment. GRFs were normalized by mass,
COPs were normalized by foot segment length and the external moment was
normalized by leg length and mass.
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Figure 3.7. Residual coronal-plane ankle stiffness, torque and angle traces from contralateral
toe-off to ipsilateral toe-off of a subject stepping on an ankle-inverting cross-slope
with his residual limb. The stiffness was optimized so that the simulated residual leg
coronal external moment was 100% (blue solid line), 50% (red dashed line) and 25%
(green dotted line) of the experimental residual leg coronal external moment.
Stiffness and torque were normalized by mass.
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Figure 3.8. Ground reaction force (GRF), center of pressure (COP) and external moment (ΔH)
traces from the residual (left) leg from contralateral toe-off to ipsilateral toe-off of a
subject stepping on an ankle-everting cross-slope with his residual limb. The
stiffness was optimized so that the simulated residual leg coronal external moment
was 100% (blue solid line), 50% (red dashed line) and 25% (green dotted line) of the
experimental residual leg coronal external moment. GRFs were normalized by mass,
COPs were normalized by foot segment length and the external moment was
normalized by leg length and mass.
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Figure 3.9. Residual coronal-plane ankle stiffness, torque and angle traces from contralateral
toe-off to ipsilateral toe-off of a subject stepping on an ankle-everting cross-slope
with his residual limb. The stiffness was optimized so that the simulated residual leg
coronal external moment was 100% (blue solid line), 50% (red dashed line) and 25%
(green dotted line) of the experimental residual leg coronal external moment.
Stiffness and torque were normalized by mass.
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Figure 3.10. Ground reaction force (GRF), center of pressure (COP) and external moment (ΔH)
traces from the residual (left) leg from contralateral toe-off to ipsilateral toe-off of a
subject stepping on level ground. The stiffness was optimized so that the simulated
residual leg coronal external moment was 100% (blue solid line), 50% (red dashed
line) and 25% (green dotted line) of the experimental residual leg coronal external
moment. GRFs were normalized by mass, COPs were normalized by foot segment
length and the external moment was normalized by leg length and mass.
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Figure 3.11. Residual coronal-plane ankle stiffness, torque and angle traces from contralateral
toe-off to ipsilateral toe-off of a subject stepping on level ground. The stiffness was
optimized so that the simulated residual leg coronal external moment was 100%
(blue solid line), 50% (red dashed line) and 25% (green dotted line) of the
experimental residual leg coronal external moment. Stiffness and torque were
normalized by mass.

DISCUSSION
Coronal-plane prosthetic foot stiffness was optimized using simulations of a unilateral
transtibial amputee stepping on level ground, an ankle-inverting cross-slope and an ankleeverting cross-slope. Stiffness profiles for a semi-active prosthetic foot were identified to
improve balance control by decreasing the change in coronal-plane angular momentum when an
amputee steps on a cross-slope.
Coronal-plane prosthetic foot stiffness affected the time rate of change of angular momentum
(i.e., the external moment) by influencing the mediolateral GRF. In the second half of singlelimb stance on the residual leg when stepping on an ankle-inverting cross-slope or level ground,
a more compliant prosthesis produced a larger medial GRF component without significantly
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affecting the vertical GRF or COPs. When stepping on an ankle-everting cross-slope, a stiffer
prosthesis affected the GRFs and COPs similarly by causing a larger medial GRF component
with no significant changes to the vertical GRFs or COPs. The greater medial GRF multiplied by
the vertical moment arm increased the negative component of the net positive external moment,
and thus decreased the change in coronal-plane angular momentum. The profiles for an ankleinverting surface and level-ground begin with a somewhat constant stiffness, followed by an
increase in stiffness in late single support and finally a decrease in stiffness in second double
support. The profiles for the ankle-everting surface generally decrease in stiffness throughout
stance. Early single support stiffness was higher when on an ankle-everting compared to ankleinverting cross-slope. In addition, stiffness was increased to decrease the change in coronal-plane
angular momentum when on the ankle-everting cross-slope. When on an ankle-inverting crossslope, the GRF remains medial as on level ground, but increases in magnitude (Dixon et al.
2010; Damavandi et al. 2012). Conversely, when on an ankle-everting cross-slope, the GRF
becomes lateral, opposite of its direction when on level ground (Dixon et al. 2010; Damavandi et
al. 2012). Thus, on the ankle-everting cross-slope, the ankle stiffens to resist additional eversion
caused by the lateral GRF while on the ankle-inverting cross-slope the ankle softens, likely to
absorb some of the increase in medial GRF.
Greater prosthesis compliance also led to a slightly larger coronal-plane ankle angle
magnitude. This is consistent with previous work showing that prosthetic feet with greater
sagittal-plane compliance have greater ankle dorsiflexion and plantarflexion (Fey et al. 2011;
Major et al. 2014). For the ankle-everting cross-slope and level ground, the change in coronalplane ankle angle exceeded two standard deviations of the experimental data, while the change in
ankle inversion for the ankle-inverting surface almost exceeded two standard deviations of the
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experimental data. Thus, the increase in ankle inversion/eversion is most likely clinically
significant. These changes in coronal-plane ankle angle may allow greater conformation to the
walking surface when on a cross-slope.
Changes in coronal-plane stiffness had little effect on vertical and anteroposterior GRFs.
Most of the motion during straight-line walking occurs in the sagittal plane (Eng et al. 1995) and
the additional coronal-plane motion that occurs when stepping on a cross-slope mostly serves to
accommodate the uneven surface and counteract sideways perturbations from altered
mediolateral GRFs (Damavandi et al. 2010; Dixon et al. 2010). Thus, coronal-plane stiffness
affects mediolateral GRFs with minimal impact on vertical and anteroposterior GRFs, which are
instead affected by sagittal-plane stiffness. Because vertical and anteroposterior GRFs as well as
COPs were largely unaffected by a change in coronal-plane stiffness, the sagittal-plane change in
angular momentum was similarly unaffected. This will allow the user to continue a smooth
forward progression while side-to-side motion is reduced.
While stiffness profiles that decreased the change in coronal-plane angular momentum were
identified, some potential limitations exist. First, the ankle was modeled with a fixed axis of
rotation and the foot was modeled as two rigid segments. However, in reality compliant energy
storage and return prostheses do not have a fixed ankle joint and are deformable. Similarly, a
generic skeletal model was used instead of one tailored to the subject’s anatomy. These
differences between the model and the experiment were mitigated by the pose optimization
portion of the simulation, where adjustments made to the model pose corrected for small
variations in calculated and actual joint moments as well as anthropomorphic differences. In
addition, because simulations referenced experimental data from a single unilateral transtibial
amputee subject, they may have produced stiffness profiles that are not generalizable to other
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lower-limb amputees. However, this study provides a framework for how stiffness profiles can
be tailored to minimize the time rate of change of angular momentum for individual subjects. In
the future, simulations should be created based on experimental data from additional subjects to
determine if decreasing coronal-plane angular momentum via these stiffness profiles is
generalizable. In addition, more complex semi-active or active devices can be explored to
investigate if changes in coronal-plane angular momentum can be tailored further. Finally, a
future study should be performed with the stiffness profiles identified in this study in a
coronally-adapting, semi-active prosthetic foot and confirm their effects on amputee angular
momentum and walking mechanics.
In summary, modeling, simulation and optimization techniques were used to determine
coronal-plane stiffness profiles of a prosthetic foot that decreased changes in whole-body angular
momentum in the coronal-plane for a transtibial amputee. Stiffness profiles were generated for
level walking, walking on an ankle-inverting cross-slope and walking on an ankle-everting crossslope. Across all three surfaces, coronal-plane stiffness could be altered in late single limb stance
to decrease the change in coronal-plane angular momentum without significantly limiting
changes in sagittal-plane angular momentum.
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Chapter 4: Identifying Classifier Input Signals to Accurately Predict a CrossSlope
INTRODUCTION
Different walking environments and terrain changes are commonly encountered in activities
of daily living. Cross-slopes are one such terrain variation prevalent in everyday walking in both
man-made and natural environments. Despite accessibility standards requiring that cross-slopes
not exceed 5% (ABA Standards, Department of Defense et al. 2005), surveys have shown that
approximately 25% of sidewalks in US cities do not meet these standards (Longmuir et al. 2003).
Cross-slopes are also common in natural terrain, and backcountry trails often have cross-slopes
up to 35° (Basch et al. 2007). When walking on a cross-slope, healthy subjects prevent falling
and maintain their forward trajectory by modulating their ankle angles and moments to conform
their foot to the slope, maximize their base of support and control their center of pressure (COP)
trajectory (Damavandi et al. 2010; Dixon et al. 2010). The healthy foot adapts to terrain changes
and absorbs heel-strike impact during early stance and then acts as a rigid lever to transmit
propulsive plantarflexor muscle forces in late stance (Kirby 2000).
Amputees rely on a prosthetic foot to restore mobility and it is important that the prosthetic
foot replicate the functions of the physiologic ankle-foot to allow natural navigation of and
reaction to challenging environments. Most commercially-available prosthetic feet have a
constant stiffness profile that does not adjust to foot-floor interactions in response to changing or
unexpected terrain conditions. However, recent studies have developed semi-active or active
prosthetic feet capable of altering their response based on terrain conditions. Semi-active feet
adjust prosthesis properties during gait, such as the neutral angle (e.g., Alimusaj et al. 2009;
50

LaPre et al. 2011a) or stiffness (e.g., Nickel et al. 2012) of the prosthetic foot, while active feet
have electric or hydraulic actuators that provide energy to the residual limb during gait (e.g., Au
et al. 2007; Versluys et al. 2009b; Hitt et al. 2010). Pairing these devices with feedback control
and/or terrain prediction algorithms creates a prosthesis that more fully replicates the functions
of the physiologic ankle-foot, including adaptation to a cross-slope.
Various control algorithms have been developed for semi-active and active prostheses. Taskspecific controllers have been explored for locomotion, (i.e., level-walking, stair-climbing,
incline and decline walking) as well as sitting and standing, with coordination and switching
between gait-phase-specific controllers often performed by finite state machines (for review, see
Jiménez-Fabián et al. 2012). These controllers have used a variety of combinations of input
signals, including kinematics, ground reaction forces, forces measured in the prosthesis and
myoelectric (EMG) signals (e.g., Au et al. 2008; Alimusaj et al. 2009; Huang et al. 2011;
Hargrove et al. 2013; Cherelle et al. 2014; Gregg et al. 2014; Huang et al. 2014). Previous
studies have successfully integrated pattern-recognition algorithms, such as linear discriminant
analysis (LDA), into control schemes to determine locomotion mode (e.g., walking on levelground, stairs or slopes) (e.g., Huang et al. 2011; Zhang et al. 2013; Young et al. 2014a).
However, previous studies have not developed a controller to identify a cross-slope and adapt the
prosthetic foot stiffness to improve amputee mobility.
Efforts to create accurate locomotion mode prediction algorithms have included exploration
of different pattern-recognition techniques and input signal selection. In many cases, LDA
provides comparable accuracy with less computational expense than other techniques (Englehart
et al. 2003; Huang et al. 2009; Miller et al. 2013), and is therefore commonly chosen for first
tests of the prediction algorithms under new conditions. A variety of combinations of input
51

signals for the pattern-recognition algorithms have been explored, including myoelectric,
mechanical, ground reaction force, and computer vision (e.g., Farrell et al. 2011; Huang et al.
2011; Miller et al. 2013; Zhang et al. 2013; Young et al. 2014b; Krausz et al. 2015). While
algorithms that use a combination of myoelectric and mechanical signals have been shown to
provide more accurate mode detection and transition than myoelectric or mechanical signals
alone (Huang et al. 2011; Zhang et al. 2013; Young et al. 2014a), measuring in-socket
myoelectric signals presents added complications, including patient comfort, motion artifact, and
challenges for long-term application outside of a laboratory environment (Young et al. 2014a;
Hefferman et al. 2015). In contrast, semi-active and active devices are already equipped with
some mechanical sensors required for actuator control and additional position encoders and
inertial measurement devices would be relatively simple to add with minimal impact on foot
performance or patient comfort.
Therefore, the goal of this study was to determine kinematic and kinetic signals that could be
used by an LDA classifier to accurately identify the cross-slope surface encountered without the
aid of myoelectric signals. Classifiers were developed using only motion capture data, only
measurements from sensors embedded in the pylon, and both motion capture data and in-pylon
sensor measurements to compare the accuracy of a classifier using these different input signals.
Individual input signals were also ranked based on the effectiveness of the signal to improve
classifier accuracy. Greater classification accuracy was expected when classifiers were evaluated
using a randomly-excluded portion of the training data rather than a separate set of test data.
However, input signals selected based on classifier accuracy evaluated using training data were
not expected to vary greatly from those selected based on evaluation with a separate set of test
data. Since in-pylon sensor and motion capture data were anticipated to be of comparable
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quality, similar input signal selection was expected using portable in-pylon sensor data instead of
motion capture data.

METHODS
LDA classifiers were trained on previously-collected experimental data of amputees walking
on a cross-slope with their clinically-prescribed prosthesis. As classification accuracy can
degrade when a new subject uses a pattern recognition algorithm trained on a different set of
subject data (Young et al. 2013), input signal selection choice was also compared using classifier
accuracy evaluated using a randomly-excluded portion of the training data set (leave-one-out
cross-validation, LOOCV) and evaluated using two test data sets. The training data were
collected from subjects walking on cross-slopes with their clinically-prescribed prosthesis when
the cross-slope condition was visible. Test Data Set 1 was collected from a subject walking with
his clinically-prescribed prosthesis when the cross-slope condition was not visible. As the
classifier will eventually be paired with a prototype foot that uses its prediction to adapt to
surfaces encountered (Yeates 2016), Test Data Set 2 was collected while two subjects walked on
visible cross-slopes with the prototype foot. Classifiers trained using data from only in-pylon
sensors were compared with those trained using motion capture data to investigate the effects of
using portable sensor data as a step toward implementation outside of the laboratory. Below,
additional details of the data collection, processing and analysis are provided.
Experimental Data Collection
Experimental data were previously collected at the Department of Veterans Affairs Center of
Excellence for Limb Loss Prevention and Prosthetic Engineering and is described in the Methods
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section of Chapter 3. Briefly, three unilateral transtibial amputees (Table 4.1) walked with their
clinically-prescribed, constant stiffness energy storage and return prosthesis across five force
plates on a 10-m walkway where the middle force plate was rotated to 0°, +15° or -15° crossslope. When set at +15° the cross-slope caused ankle inversion and when set at -15° the crossslope caused ankle eversion. Data were collected from all three subjects when they were able to
see the configuration of the middle force plate (training data). Data were also collected from one
of the subjects when he was blinded to the configuration of the middle force plate by recessing it
just below the surface of the walkway and covering it with an opaque, elastic material (Test Data
Set 1). Marker and ground reaction force data were recorded (Vicon Nexus, Vicon Motion
Systems, Oxford, UK) and processed to provide the needed kinematic and kinetic data for the
classifier (Visual 3D, C-Motion, Inc., Germantown, MD). Shank acceleration and angular
velocity were also collected from a sensor package custom-built at the Department of Veterans
Affairs Center of Excellence for Limb Loss Prevention and Prosthetic Engineering. The sensor
package was located inside the pylon and included a tri-axial accelerometer and bi-axial rate
gyroscope along with batteries, a microcontroller, and an SD memory card (Srisuwan et al.
2016). Acceleration and angular velocity collected by the in-pylon sensors were with respect to a
shank reference frame while those calculated with Visual3D were with respect to a global
reference frame.
Subjects also completed the protocol with a prototype variable-stiffness prosthesis when they
could see the configuration of the middle force plate (Test Data Set 2). In the prototype variablestiffness prosthesis, designed and built at the Department of Veterans Affairs Center of
Excellence for Limb Loss Prevention and Prosthetic Engineering, a commonly-prescribed lowprofile carbon fiber energy storage and return foot is connected to a custom shank through a
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pivot point (Yeates 2016). The custom shank was supported by two cantilever beams positioned
on either side of the shank and linked by a cart able to move proximally and distally between
them (Figure 4.1). Changing the cart’s position altered the loading point on the beams, thus
altering the effective beam length and stiffness of the parallel cantilever beams. As the cantilever
beams provided the coronal-plane stiffness for the device, the cart’s position provides an ideal
mechanism to control the coronal-plane stiffness. For this study, the prosthesis coronal-plane
stiffness was set to a single stiffness level. Thus, the prototype prosthesis acted much like a
traditional energy-storage-and-return prosthetic foot with a design that is different from the
subjects’ clinically-prescribed prostheses.
Table 4.1. Subject demographics.
Subject
1
2
3

Age
(years)
48
36
66

Mass
(kg)
84.8
74.8
90.3

Height
(m)
1.790
1.785
1.834

Years Since
Gender
Amputation
20.0
Male
13.0
Male
48.0
Male
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Residual
Limb
Left
Left
Right

Etiology
Traumatic
Traumatic
Traumatic

Figure 4.1.The prototype variable-stiffness prosthetic foot, pictured here with a cosmesis and
shoe on an ankle-everting surface, allows online stiffness adjustments by changing
the pivot point of a set of parallel cantilever beams. The pivot point is changed by
moving a cart centered between the pair of cantilever beams. Photo courtesy of the
Department of Veteran’s Affairs Center of Excellence for Limb Loss Prevention and
Prosthetic Engineering.
Classifier Design
An LDA classifier was designed to determine if the subject was stepping on a cross-slope or
level-ground as one component of the control scheme for a semi-active prosthesis (Figure 4.2).
Classifiers with various combinations of input signals were trained and evaluated using LOOCV
(MATLAB, The MathWorks, Inc., Natick, MA) with measurements from three subjects.
Performance was also evaluated using Test Data Sets 1 and 2.
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Figure 4.2. Control scheme diagram. The LDA classifier will identify the cross-slope
encountered using detected kinematics and kinetics (𝑥̅ ). The mid-level controller will
use this information to provide a desired stiffness (kd) to the lower-level controller
that will modify the stiffness (k) of the prototype variable-stiffness prosthetic foot.
Various combinations of input signals from the residual limb, including kinetics as well as
kinematics from both motion capture and in-pylon sensors, were assessed to determine which
signals provided the most accurate classification of the surface type encountered (Table 4.2,
Appendix C). Data were exported from Visual3D at the original sampling rate (120 Hz) and
examined in windows of 150 ms that overlapped and were incremented forward every 8.33 ms.
Mean, standard deviation, maximum and minimum values were calculated for each of the signals
in each window except for the ground reaction force and center of pressure, for which only mean
and standard deviation values were calculated (MATLAB, The MathWorks, Inc., Natick, MA).
Windows of data were categorized as mid-swing if at least half the data were collected during
mid-swing and less than half of the data were collected after residual limb heel-strike, heel-strike
if at least half of the data were collected after residual limb heel-strike but at least one time step
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was collected prior to heel strike, and after heel-strike if all of the data in the window were
collected after heel-strike and less than half of the data in the window were collected after intact
limb toe-off (Figure 4.3).

Figure 4.3. Overlapping 150-ms windows of data (W1, W2, etc.) were categorized into regions
around heel-strike, including mid-swing, heel-strike, and after-heel-strike.
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Table 4.2. List of input signal sets available to the classifiers, including kinematics, ankle
moments, ankle powers, measurements from in-pylon sensors (IPS), ground reaction
forces (GRF) and center of pressure (COP).

Full Set of
Trial Input
Signals

In-Pylon
Sensor
Input
Signals

1. Ankle Flexion
2. Ankle Inversion
3. Ankle Flexion
Angular Velocity
4. Ankle Inversion
Angular Velocity
5. Ankle Flexion
Angular Acceleration
6. Ankle Inversion
Angular Acceleration
7. Ankle Flexion
Moment
8. Ankle Inversion
Moment
9. Ankle Flexion Power
10. Ankle Inversion
Power
11. Shank Mediolateral
Velocity
12. Shank
Anteroposterior
Velocity

13. Shank Vertical
Velocity
14. Foot Mediolateral
Velocity
15. Foot Anteroposterior
Velocity
16. Foot Vertical
Velocity
17. IPS/Shank
Mediolateral
Acceleration
18. IPS/Shank
Anteroposterior
Acceleration
19. IPS/Shank Vertical
Acceleration
20. Foot Mediolateral
Acceleration
21. Foot Anteroposterior
Acceleration
22. Foot Vertical
Acceleration

1. IPS Mediolateral
Acceleration
2. IPS Anteroposterior
Acceleration

3. IPS Vertical
Acceleration
4. IPS Coronal-Plane
Angular Velocity

23. IPS CoronalPlane/Shank
Anteroposterior
Angular Velocity
24. IPS SagittalPlane/Shank
Mediolateral Angular
Velocity
25. IPS TransversePlane/Shank Vertical
Angular Velocity
26. Foot Anteroposterior
Angular Velocity
27. Foot Mediolateral
Angular Velocity
28. Foot Vertical Angular
Velocity
29. Mediolateral GRF
30. Anteroposterior GRF
31. Vertical GRF
32. Mediolateral COP
33. Anteroposterior COP
34. Vertical COP
5. IPS Sagittal-Plane
Angular Velocity
6. IPS Transverse-Plane
Angular Velocity

Sequential forward selection (SFS) and sequential backward selection (SBS) were compared
to select combinations of input signals using different data sets (Zhang et al. 2013). For both
selection methods, classifiers were trained for windows in the mid-swing, heel-strike and after
heel-strike regions (Figure 4.3). Classifier performance was evaluated with confusion matrices,
where diagonal terms indicated the percent of instances an accurate classification was made for
each surface and off-diagonal terms indicated misclassifications (Figure 4.4). For identification
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of input signal rank, two accuracy selection metrics were explored. The first selection metric
considered the classifier with the highest minimum of the confusion matrix diagonal terms
(surface accuracy) most accurate while the second considered the classifier with the highest
overall accuracy most accurate. SFS trained and evaluated classifiers based on each signal alone
then selected the signal that produced the most accurate mid-swing classifier. This process was
repeated, adding each of the remaining signals, training and evaluating classifiers to determine
which signal when combined with those already chosen produced the most accurate mid-swing
classifier, and selecting that signal, until all input signals were added. SBS started by using all
but one of the signals to train and evaluate classifiers, sequentially removing each of the signals
and choosing to remove the one that led to the least accurate mid-swing classifier. This process
was repeated until only one signal was used to train and evaluate the classifiers. Thus, two
different rankings of input signal importance to classifier accuracy were obtained.

Surface Accuracy = ∑3𝑐11𝑐 , ∑3𝑐12𝑐 , ∑3𝑐13𝑐

Classification

Known

Eversion
Flush
Inversion

Eversion
𝑐11
∑3𝑗=1 𝑐1𝑗
𝑐21
3
∑𝑗=1 𝑐2𝑗
𝑐31
∑3𝑗=1 𝑐3𝑗

Flush
𝑐12
∑3𝑗=1 𝑐1𝑗
𝑐22
3
∑𝑗=1 𝑐2𝑗
𝑐32
∑3𝑗=1 𝑐3𝑗

Inversion
𝑐13
∑3𝑗=1 𝑐1𝑗
𝑐23
3
∑𝑗=1 𝑐2𝑗
𝑐33
∑3𝑗=1 𝑐3𝑗

𝑗=1 1𝑗

Overall Accuracy =
Error =

𝑗=1 1𝑗

∑3𝑖=1(∑3𝑗=1 𝑐𝑖𝑗 )
𝑐12 +𝑐13 +𝑐21 +𝑐23 +𝑐31 +𝑐32
∑3𝑖=1(∑3𝑗=1 𝑐𝑖𝑗 )

, where

cij is the number of observations known
to be from surface i and classified as
surface j.

Figure 4.4. Description of confusion matrices, accuracy and error.
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𝑗=1 1𝑗

𝑐11 +𝑐22 +𝑐33

RESULTS
Input Signal Rankings
The order of importance for classifier accuracy was different when evaluating using different
data sets and when using SBS instead of SFS (Tables 4.3-5). The order was also affected by
selection metric used when choosing the best input signal (Table 4.3). Using overall
classification accuracy led to combinations that had lower overall error with fewer input
variables while minimum surface accuracy led to a slightly smaller standard deviation between
individual accuracies for the three surfaces (Figure 4.5). Rankings of the input signals are
generally more similar between SBS and SFS when a given data set is used for evaluation than
between different evaluation data sets for a given selection method (Tables 4.3 and 4.4). When
evaluated using LOOCV, the rank of the input signals required to reach 95% accuracy was the
same when in-pylon sensor data was substituted for motion capture data for the shank
acceleration and angular velocity (Table 4.5). Additional signals required to reach 99% accuracy
were similar with and without the in-pylon sensor data, although the additional signals were not
the same.

61

Test Set 2

Test Set 1

LOOCV

Table 4.3. Rankings of input signals found using sequential forward selection (SFS) and sequential backward selection (SBS) when
only in-pylon sensor (IPS) data were used. Classifiers were trained on data from three subjects walking with their
clinically-prescribed prosthesis when they could see the configuration of the cross-slope and evaluated using leave-one-out
cross-validation (LOOCV), data from a subject walking with his clinically-prescribed prosthesis when he could not see the
configuration of the cross-slope (Test Set 1) and data from two subjects walking with the prototype prosthesis when they
could see the configuration of the cross-slope (Test Set 2). Measurements of residual limb shank angular velocity (AngVel)
and acceleration (Acc) were made in the coronal (Cor), transverse (Tran) and sagittal (Sag) planes and the anteroposterior
(AP), inferior-superior (InfSup) and mediolateral (ML) directions, respectively. Signals were selected using accuracy as
measured by the highest minimum surface accuracy (MSA) or overall classification accuracy (OCA).

1
2
3
4
5
6
1
2
3
4
5
6
1
2
3
4
5
6

SFS MSA
IPS Sag AngVel
IPS Cor AngVel
IPS ML Acc
IPS AP Acc
IPS InfSup Acc
IPS Tran AngVel
IPS InfSup Acc
IPS AP Acc
IPS ML Acc
IPS Sag AngVel
IPS Tran AngVel
IPS Cor AngVel
IPS Cor AngVel
IPS Tran AngVel
IPS ML Acc
IPS Sag AngVel
IPS AP Acc
IPS InfSup Acc

Error
0.60
0.48
0.33
0.27
0.24
0.22
0.51
0.44
0.53
0.45
0.49
0.64
0.47
0.51
0.47
0.47
0.45
0.52

SFS OCA
IPS ML Acc
IPS Cor AngVel
IPS InfSup Acc
IPS AP Acc
IPS Sag AngVel
IPS Tran AngVel
IPS InfSup Acc
IPS AP Acc
IPS Sag AngVel
IPS Tran AngVel
IPS ML Acc
IPS Cor AngVel
IPS Cor AngVel
IPS ML Acc
IPS InfSup Acc
IPS AP Acc
IPS Sag AngVel
IPS Tran AngVel

Error
0.47
0.37
0.32
0.26
0.24
0.22
0.51
0.44
0.36
0.42
0.49
0.64
0.47
0.46
0.47
0.47
0.49
0.52
62

SBS MSA
IPS ML Acc
IPS Cor AngVel
IPS Sag AngVel
IPS AP Acc
IPS InfSup Acc
IPS Tran AngVel
IPS InfSup Acc
IPS AP Acc
IPS ML Acc
IPS Sag AngVel
IPS Tran AngVel
IPS Cor AngVel
IPS AP Acc
IPS Tran AngVel
IPS Sag AngVel
IPS Cor AngVel
IPS InfSup Acc
IPS ML Acc

Error
0.47
0.37
0.33
0.27
0.24
0.22
0.51
0.44
0.53
0.45
0.49
0.64
0.51
0.56
0.66
0.56
0.54
0.52

SBS OCA
IPS ML Acc
IPS Cor AngVel
IPS InfSup Acc
IPS AP Acc
IPS Sag AngVel
IPS Tran AngVel
IPS InfSup Acc
IPS AP Acc
IPS Sag AngVel
IPS Tran AngVel
IPS ML Acc
IPS Cor AngVel
IPS Cor AngVel
IPS ML Acc
IPS AP Acc
IPS Tran AngVel
IPS Sag AngVel
IPS InfSup Acc

Error
0.47
0.37
0.32
0.26
0.24
0.22
0.51
0.44
0.36
0.42
0.49
0.64
0.47
0.46
0.47
0.44
0.45
0.52

Figure 4.5. Overall accuracy of classifiers (trace) and standard deviation of the surface accuracies (error bars) determined using
sequential forward selection (SFS). Classifiers were trained on the wide set of input signals, including in-pylon sensor
data, from three subjects walking with their clinically-prescribed prosthesis when they could see the configuration of the
cross-slope and evaluated using data from the training set via leave-one-out cross-validation (LOOCV) or data from a
subject walking with his clinically-prescribed prosthesis when he could not see the configuration of the cross-slope (Test
Set 1). Signals were selected using accuracy as measured by the highest minimum surface accuracy (MSA) or overall
classification accuracy (OCA).
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Table 4.4. Rankings of input signals found using sequential forward selection (SFS) and sequential backward selection (SBS) when
classifiers were trained on the expanded set of input signals from three subjects walking with their clinically-prescribed
prosthesis when they could see the configuration of the cross-slope and evaluated using data from a subject walking with
his clinically-prescribed prosthesis when he could not see the configuration of the cross-slope (Test Set 1) or on data from
two subjects walking with the prototype prosthesis when they could see the configuration of the cross-slope (Test Set 2).
Measurements of residual limb ankle joint flexion and inversion angle, angular velocity (ω), angular acceleration (α),
moment and power were made along with ground reaction force (GRF) and center of pressure (COP) measurements in the
mediolateral (ML), anteroposterior (AP) and vertical (Vert) directions. In-pylon sensors measured shank angular velocity
(AngVel) and acceleration (Acc) in the coronal (Cor), transverse (Tran) and sagittal (Sag) planes and the anteroposterior,
inferior-superior (InfSup) and mediolateral directions, respectively, while motion capture data was used to determine foot
angular velocity and acceleration relative to the global frame about the mediolateral, anteroposterior and vertical axes and
in those directions, respectively. Foot and shank velocity were also calculated relative to the global frame in the
mediolateral, anteroposterior and vertical directions. The single solid lines indicate the variables required for classifier
accuracy to be greater than 95%. The highest ranked input signals from the classifiers are highlighted across the rows to
highlight differences in ranking (legend on following page).
1
2
3
4
5
6
7
8
9
10
11
12
13
14

Test Set 1 SFS
Ankle Inversion ω
Ankle Flexion α
Ankle Inversion α
Foot Vert AngVel
Ankle Inversion Power
Vert COP
Vert GRF
ML GRF
Ankle Flexion Power
AP GRF
AP COP
Shank ML Velocity
ML COP
IPS InfSup Acc

Test Set 2 SFS
Foot Vert Velocity
Vert GRF
ML GRF
IPS Cor AngVel
Ankle Inversion Power
Shank AP Velocity
Foot Vert Acc
IPS Tran AngVel
Foot ML Acc
Ankle Inversion ω
IPS Sag AngVel
Foot ML AngVel
Foot Vert AngVel
Ankle Inversion Moment

Test Set 1 SBS
Ankle Inversion α
Ankle Flexion α
Foot AP Velocity
Shank AP Velocity
Shank Vert Velocity
IPS InfSup Acc
Ankle Inversion ω
IPS Cor AngVel
Ankle Flexion
Foot ML Acc
Foot Vert AngVel
Foot Vert Velocity
IPS AP Acc
AP COP
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Test Set 2 SBS
Shank Vert Velocity
Foot ML AngVel
Foot Vert Acc
Ankle Inversion
Foot ML Acc
IPS Cor AngVel
ML COP
IPS AP Acc
Foot AP AngVel
IPS ML Acc
Foot Vert Velocity
Foot AP Velocity
AP COP
Ankle Inversion Moment

Table 4.4, cont. Legend for rankings of input signals found using sequential forward selection (SFS) and sequential backward
selection (SBS) when classifiers were trained on the expanded set of input signals and evaluated using test data.
SFS Test Set 1 + SFS Test Set 2
SBS Test Set 1 + SBS Test Set 2
SFS Test Set 1 + SBS Test Set 1
SFS Test Set 1 + SBS Test Set 2

SFS Test Set 2 + SBS Test Set 2
SFS Test Set 2 + SBS Test Set 1
SFS Test Set 1 + SFS Test Set 2 + SBS Test Set 1
SFS Test Set 2 + SBS Test Set 1 + SBS Test Set 2
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Table 4.5. Rankings of the top ten input signals found using sequential forward selection (SFS) and sequential backward selection
(SBS) when in-pylon sensor data was (IPS) and was not (MC) included. Classifiers were trained on the full set of trial input
signals from three subjects walking with their clinically-prescribed prosthesis when they could see the configuration of the
cross-slope and evaluated using leave-one-out cross-validation. When in-pylon sensor data was included, in-pylon sensors
measured shank angular velocity and acceleration in the coronal, transverse and sagittal planes and the anteroposterior,
inferior-superior and mediolateral directions, respectively. When in-pylon sensor data was not included, shank angular
velocity and acceleration was calculated relative to the global frame about the x (generally mediolateral), y (generally
anteroposterior) and z (vertical) axes and in those directions, respectively, using motion capture data. All measurements are
from the residual limb. The single and double solid lines indicate the variables required for the classifier accuracy to be
greater than 95% and 99%, respectively. The highest ranked input signals from the classifiers are highlighted across the
rows to highlight differences in ranking.
1
2
3
4
5
6
7
8
9
10

SFS (IPS)
Ankle Inversion α
Shank Vert Velocity
Ankle Flexion
IPS AP Acc
Foot ML Velocity
Foot Vert Velocity
Ankle Inversion
IPS Tran AngVel
Ankle Inversion ω
Ankle Inversion Moment

SFS (IPS) + SFS (MC)
SBS (IPS) + SBS (MC)
SFS (IPS) + SBS (IPS)

SFS (MC)
Ankle Inversion α
Shank Vert Velocity
Ankle Flexion
Ankle Flexion α
Shank Vert AngVel
Shank Vert Acc
Ankle Inversion ω
Shank ML Velocity
Shank ML Acc
Foot Vert Acc

SBS (IPS)
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity
Ankle Flexion
ML COP
Foot Vert AngVel
Foot ML Acc
Foot AP Velocity

SFS (MC) + SBS (MC)
SFS (IPS) + SFS (MC) + SBS (IPS)
SFS (MC) + SBS IPS + SBS (MC)
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All 4

SBS (MC)
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity
Foot ML Acc
Shank Vert AngVel
ML COP
AP COP
Foot AP Velocity

Classifier Accuracy
Only mid-swing classifier accuracy results are presented here as they are used for input
signal selection. Accuracy results for heel-strike and after heel-strike classifiers are presented in
Appendix D. Using only in-pylon sensor data, classifier accuracy when evaluated using LOOCV
ranged from 63% to 78% and individual surface accuracy was between 59% and 87% (Table
4.6). Accuracy degraded when evaluated using test data sets (Table 4.6).
The effect of adding input signals to the classifier differed when accuracy was evaluated
using LOOCV and when other test data was used. For LOOCV, accuracy increased to 100% and
was maintained when additional input signals were added (Figure 4.6A). SFS did not require as
many input signals as SBS to reach 100% accuracy. When evaluated using test data, there was a
peak in classifier accuracy, after which using additional input signals decreased classifier
accuracy (Figure 4.6B). More input signals were required to accurately predict the surface
encountered in Test Set 2 than Test Set 1 (Figure 4.6B). However, similar levels of accuracy
could be achieved. For both sets of test data, accuracy was not as high as that found using
LOOCV.
Using the full set of trial input signals, classifier accuracy when evaluated using LOOCV
could be greater than 99% (Figure 4.6; Table 4.7). However, when these classifiers were
evaluated with Test Sets 1 and 2, classifier accuracy degraded (Table 4.7; Figure 4.7). In all but
one case, classification accuracy of at least one of the individual surface types was 90% or higher
when the classifier was evaluated using Test Set 1 or 2. For the classifiers with the least amount
of input signals that reached greater than 99% accuracy measured using LOOCV, those with
input signals chosen using SFS had slightly better accuracy when evaluated using Test Set 1 or 2
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than those with input signals chosen using SBS. However, the opposite was true for the most
accurate classifiers found using overall accuracy measured using LOOCV (i.e., the classifier that
reached 100% measured accuracy with the least amount of input signals, n=12 for SFS and n=15
for SBS), Test Set 1 (n=6 for SFS, n=9 for SBS) and Test Set 2 (n=17 for SFS, n=16 for SBS)
(Figure 4.7B). When measured with a different data set than the one used to choose input signals,
classifier accuracy did not necessarily respond in the same manner as the number of input signals
increased and was non-monotonic when not evaluated with LOOCV (Figure 4.7A). Error was
lowest when accuracy was measured using the data set for which input signals were picked with
SFS or when evaluated using LOOCV. When input signals included in-pylon sensor data and
were chosen using LOOCV, error was lower when measured using Test Data Set 2 than that
measured using Test Data Set 1 (Figure 4.7B; Table 4.7).
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Table 4.6. Overall accuracy (All) and confusion matrices (CFM) for classifiers with 2, 3, 4, 5 and 6 input signals that exhibited the
highest overall accuracy identifying the cross-slope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – when only
information from the in-pylon sensors was used. Classifier accuracy was evaluated using leave-one-out cross-validation
with the training data set (LOOCV), data from a subject walking with his clinically-prescribed prosthesis when he could
not see the configuration of the cross-slope (Test Set 1) and data from two subjects walking with the prototype prosthesis
when they could see the configuration of the cross-slope (Test Set 2). Measurements of residual limb shank angular
velocity (AngVel) and acceleration (Acc) were made in the coronal (Cor), transverse (Tran) and sagittal (Sag) planes and
the anteroposterior (AP), inferior-superior (InfSup) and mediolateral (ML) directions, respectively.

All
Ev

LOOCV
Mid-Swing CFM
Ev
Fl
Inv
0.63
0.64 0.23 0.13

Test Set 1
Mid-Swing CFM
Ev
Fl
Inv
0.33
0.06 0.33 0.61

Test Set 2
Mid-Swing CFM
Ev
Fl
Inv
0.54
0.57 0.40 0.03

Fl

0.23

0.59

0.18

0.19

0.39

0.42

0.16

0.73

0.11

Inv

0.27

0.67

0.22

0.45

0.13

0.29

0.56

0.88

0.27
0.53
0.08

0.28

0.71

0.29
0.37
0.15

0.49

All
Ev

0.06
0.68
0.16

Fl

0.20

0.68

0.12

0.33

0.23

0.44

0.44

0.42

0.14

Inv

0.19

0.67

0.40

0.63

0.16

0.21

0.46

0.74

0.07
0.53
0.26

0.30

0.69

0.06
0.36
0.33

0.54

All
Ev

0.14
0.74
0.15

Fl

0.15

0.79

0.06

0.27

0.43

0.30

0.29

0.67

0.04

Inv

0.18

0.10

0.72

0.42

0.15

0.42

0.58

0.30

0.12

Input Signals

IPS ML Acc

IPS InfSup Acc
IPS ML Acc

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel

IPS Cor AngVel

IPS Cor AngVel
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0.04

0.00

Table 4.6, cont. Overall accuracy (All) and confusion matrices (CFM) for classifiers with 2, 3, 4, 5 and 6 input signals that exhibited
the highest overall accuracy.
IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Sag AngVel

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Tran AngVel
IPS Sag AngVel

All
Ev

0.73

0.76
0.12

0.30

0.43
0.18

0.15

0.51

Fl

0.12

0.81

0.07

0.16

0.56

Inv

0.20

0.73

0.41

0.71

0.06
0.78
0.13

All
Ev

0.16

Fl

0.11

0.87

Inv

0.17

0.07
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0.77

0.51
0.20

0.03

0.28

0.39

0.53

0.08

0.44

0.58

0.45

0.61

0.22
0.48
0.33

0.20

0.34

0.14
0.36
0.21

0.02

0.24

0.52

0.24

0.50

0.47

0.02

0.76

0.54

0.20

0.26

0.39

0.25

0.36

0.07

(A)

(B)

Figure 4.6. Accuracy of classifiers determined using sequential forward selection (SFS) and
sequential backward selection (SBS), trained on the full set of trial input signals
from three subjects walking with their clinically-prescribed prosthesis when they
could see the configuration of the cross-slope. (A) Classifiers were evaluated using
data from the training set via leave-one-out cross-validation with (IPS) and without
(MC) in-pylon sensor data. (B) Classifiers were also evaluated using data from a
subject walking with his clinically-prescribed prosthesis when he could not see the
configuration of the cross-slope (Test Set 1) or from two subjects walking with the
prototype prosthesis when they could see the configuration of the cross-slope (Test
Set 2) with in-pylon sensor data.
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Table 4.7. Overall accuracy (All) and confusion matrices (CFM) for the first classifier to correctly identify at least 99% of the crossslope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – using sequential forward selection (SFS) and sequential
backward selection (SBS). Classifiers were trained on data from three subjects walking with their clinically-prescribed
prosthesis when they could see the configuration of the cross-slope and accuracy was evaluated using a portion of this
training data set via leave-one-out cross-validation (LOOCV), data from a subject walking with his clinically-prescribed
prosthesis when he could not see the configuration of the cross-slope (Test Set 1) and data from two subjects walking with
the prototype prosthesis when they could see the configuration of the cross-slope (Test Set 2). All measurements are from
the residual limb. Input signals were chosen when in-pylon sensor (IPS) and motion capture (MC) data were used for the
shank acceleration and angular velocity.

All
Ev
Fl
Inv
All
Ev

LOOCV MidSwing CFM
Ev
Fl
Inv
0.99
0.98 0.01 0.01
0.00 1.00 0.00
0.00 0.00 1.00
0.99
0.99 0.00 0.01

Test Set 1 MidSwing CFM
Ev
Fl
Inv
0.64
0.90 0.10 0.00
0.29 0.66 0.05
0.21 0.38 0.41
0.88
0.93 0.07 0.00

Test Set 2 MidSwing CFM
Ev
Fl
Inv
0.87
0.84 0.00 0.16
0.15 0.85 0.00
0.06 0.00 0.94
0.83
0.54 0.13 0.33

Fl

0.01

0.99

0.00

0.00

1.00

0.00

0.00

1.00

0.00

Inv
All
Ev

0.00

1.00

0.03

0.07

0.80

0.00

0.63

0.01
0.76
0.02

0.92

0.02

0.23
0.62
0.20

0.74

0.98

0.00
0.99
0.00

Fl

0.00

1.00

0.00

0.00

1.00

0.00

0.00

0.68

0.32

Inv

0.00

1.00

0.11

0.00

0.01

0.84

0.00

0.27

0.00
0.46
0.73

1.00

0.99

0.70
0.69
0.16

0.19

All
Ev

0.00
0.99
0.00

Fl

0.01

0.99

0.00

0.00

1.00

0.00

0.02

0.83

0.15

Inv

0.00

0.00

1.00

0.00

0.65

0.35

0.00

0.77

0.23

Input Signals
SFS
(IPS)

1. Ankle Inversion α
2. Shank Vert Velocity
3. Ankle Flexion

1.
2.
SFS
3.
(MC)
4.
5.
1.
2.
SBS
3.
(IPS)
4.
5.
1.
2.
SBS
3.
(MC)
4.
5.

Ankle Inversion α
Shank Vert Velocity
Ankle Flexion
Ankle Flexion α
Shank Vert AngVel
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity

4. IPS AP Acceleration
5. Foot ML Velocity
6. Foot Vert Velocity
6.
7.
8.
9.

Shank Vert Acc
Ankle Inversion ω
Shank ML Velocity
Shank ML Acc

6.
7.
8.
9.

Ankle Flexion
ML COP
Foot Vert AngVel
Foot ML Acc

6.
7.
8.
9.

Foot ML Acc
Shank Vert AngVel
ML COP
AP COP
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0.35

0.00

(A)

(B)
Figure 4.7. Overall classifier error for the six most accurate classifiers found using sequential forward selection (SFS) and sequential
backward selection (SBS). Full caption on the following page.
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Figure 4.7. Overall classifier error for the six most accurate classifiers found using sequential forward selection (SFS) and sequential
backward selection (SBS) to select input signals based on overall accuracy measured using leave-one-out cross-validation
with the training data set (LOOCV), data from a subject walking with his clinically-prescribed prosthesis when he could
not see the configuration of the cross-slope (Test Set 1) and data from two subjects walking with the prototype prosthesis
when they could see the configuration of the cross-slope (Test Set 2). All classifiers were trained using data from three
subjects walking with their clinically-prescribed prosthesis when they could see the configuration of the cross-slope. Error
was found by evaluating all six classifiers using data from Test Set 1, data from Test Set 2 and leave-one-out cross
validation with the training data set. All test and training data sets included in-pylon sensor data.
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DISCUSSION
Classifiers were trained and their accuracy was evaluated with various combinations of
kinematic and kinetic signals measured from transtibial amputees as they traversed level ground
and cross-slopes. The ability of these classifiers to predict the surface encountered was assessed
and combinations of input signals that led to the most accurate classifier were identified.
In-pylon sensor data alone was insufficient to accurately classify the type of cross-slope
encountered. However, when additional input signals were included, combinations that led to
classifiers with greater than 90% accuracy were identified. As expected, use of in-pylon sensor
data instead of motion capture data for the acceleration and angular velocity of the residual shank
led to similar input signal selection for classifiers. This may be due in part to the selection of
some motion capture signals first, such as ankle inversion angular velocity, as they highly
influenced classifier accuracy. However, similar selection of input signals with and without inpylon sensor data is consistent with previous work, which has shown that measurements of leg
kinematics from body-worn sensors are comparable to those gathered using motion capture
(Mayagoitia et al. 2002) and that classifiers based on accelerometer and motion capture data can
determine the cause of a fall with equal accuracy (Aziz et al. 2014). When accuracy was
evaluated using LOOCV, the same input signals were selected for classifiers that had 95%
overall accuracy. In addition, the signals added to reach 99% accuracy were similar, though not
the exact same set. For SFS, this difference stems from selection of an in-pylon sensor signal but
not the associated motion capture signal. Similarly, for SBS, when removing signals, classifier
accuracy was not quite the same using motion capture values compared to that when using inpylon sensor measurements, so signals were removed in a different order. Interestingly, of the 15
signals selected by SBS (9) and SFS (6) to reach 99% accuracy with in-pylon sensor data
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available, only 1 in-pylon sensor measurement was selected while 4 of the 18 signals selected to
reach 99% accuracy were motion capture data substitutions for the in-pylon sensor
measurements. This may be a result of the difference in reference frame between the motioncapture-measured shank acceleration and angular velocity, which were measured in a global
frame, and the in-pylon-sensor-measured values, which were measured in a shank reference
frame.
Examination across all three test data sets and the two training methods revealed that all of
the potential input signals except for ankle flexion moment were added to form the best classifier
at least once. Foot-floor interaction (i.e., COPs and GRFs), moment and power signals were not
as important to classifier accuracy as ankle angle, angular velocity and angular acceleration or
segment velocity, acceleration and angular velocity. Inversion angular velocity and acceleration
are more critical than flexion angular velocity or acceleration but flexion angle is used more
often than inversion angle. Inversion angular velocity and acceleration are important in
predicting cross-slope condition as they indicate the change in angle caused by the cross-slope
surface and the rate at which that change is occurring. A cross-slope induces larger changes in
inversion angle than in flexion angle during stance, but there are adaptations in both angles. Foot
and shank velocity are both important for classifier accuracy but foot acceleration and angular
velocity are more often used than those of the shank. Changes in foot acceleration and, to a lesser
extent, angular velocity caused by the cross-slope are more distinctive than those of the shank
and thus may provide a wider difference between the surface types that is more readily
recognized by the classifier.
As expected, evaluation using LOOCV with the training data set led to higher accuracy
measures than evaluation using one of the test data sets. However, contrary to expectations, the
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input signals selected based on accuracy results when classifiers were evaluated with LOOCV
were only moderately similar to those selected based on accuracy results when classifiers were
evaluated with test data. Only one input signal, inversion angular velocity, was used in five of
the six classifiers and one other, foot vertical velocity, in four. Nine more input signals were
used in three classifiers. Accuracy when evaluated with the same test set as that used to select the
input signals was comparable to that found in literature for locomotion mode classifier accuracy
during steady state locomotion (e.g., Huang et al. 2011; Miller et al. 2013; Young et al. 2014b).
When evaluated using a different test set than the one used to select input signals, accuracy was
comparable to locomotion mode classifier accuracy during transitions between modes (Young et
al. 2014a).
When evaluated using the test data sets, including additional input signals did not always
improve accuracy. This is likely due to overfitting of the data. If the number of training samples
is limited, classifier error tends to reach a minimum and then increase as more input signals are
added (Fukunaga 1990; Duda et al. 2001). With a fixed set of training data, the classifier can be
trained to perfectly discriminate among surfaces in the training set, but such a classifier will not
generalize well to new data sets. Evaluating accuracy on other data sets is one way to ensure that
the classifier can be generalized to new subjects or new conditions (Yousefi et al. 2010).
Choosing variables based on the accuracy measurements when evaluated with Test Set 1
produced the classifier that was most accurate across all of the test sets. For this classifier, the
worst error was less than 11%, toward the upper range of some of the steady state errors found
for locomotion mode classifiers in literature (e.g., Huang et al. 2011; Miller et al. 2013; Young et
al. 2014a). While many locomotion mode classifiers are trained specifically for individual
subjects, the ability of the cross-slope classifier to reach similar accuracy when trained and
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evaluated on data from different subjects and conditions (cross-slope visible vs. not, clinicallyprescribed vs. prototype prosthesis) suggests that it may be more easily generalizable.
The method of signal selection influenced which input signals were chosen and how many
signals were required to achieve comparable accuracy. This is in contrast to previous work
classifying walking task in transfemoral amputees, which found that SBS and SFS selected
similar input signals, mostly surface electromyography measurements, and thus produced similar
classifier accuracy (Zhang et al. 2013). However, other work has shown that the performance of
feature selection algorithms can change with different training data sets or applications (Way et
al. 2010), which may explain this variation. In SBS, if multiple signals led to classifiers with the
best measured accuracy when the signal was removed, the algorithm removed the first variable
that led to the best measured accuracy. Thus, one signal out a set of signals of unknown relative
utility was removed without the option to add it in a later iteration, which introduces the risk that
useful signals were excluded from the classifier. In SFS, a similar issue was encountered when
multiple signals led to the same classifier accuracy when the signal was added. However, in such
a case the signals not chosen could still be added to the classifier in a later iteration. This ability
to add potentially high ranking signals later is likely the reason that SFS led to lower numbers of
input signals required to achieve comparable levels of accuracy with classifiers whose input
signals were chosen using SBS. Despite this drawback, SBS is still useful as it allows a partial
exploration of the interaction between different input signals on classifier accuracy by ranking all
possible combinations of the remaining signals. Thus, SBS and SFS can be used together to
identify the subset of input signals that are most important. In addition, using a combination of
different feature selection methods is one suggested method of decreasing the risk of overfitting
when training sample sizes are low (Saeys et al. 2007). An expansion of the SFS algorithm that
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allows a limited number of input signals to be added or removed at each step also may improve
the probability of finding an optimal set of input signals (Way et al. 2010).
Two metrics of classifier accuracy were also compared. In general, using overall accuracy
led to more accurate classifiers that required fewer input signals while using the surface accuracy
metric led to classifiers with slightly less variation in the accuracy between the individual
surfaces. When classifier accuracy reached 100%, all trials of each of the surfaces were correctly
classified, negating the benefit provided by the surface accuracy metric. If the number of signals
that can be included in the classifier is constrained below the number required to reach 95%
accuracy, for example due to real-time signal-processing limitations, the surface accuracy metric
may be useful. However, the decrease in variation may not be large enough to overcome the
detrimental effects of decreasing overall classifier accuracy. Therefore, overall accuracy was
found to be a more effective metric and was used when examining signal selection and accuracy
with the full set of trial input signals.
While a set of useful input signals were identified for predicting a cross-slope, this study has
some potential limitations. Although a set of input signals useful for predicting the cross-slope
with the prototype prosthesis (Test Data Set 2) was found, the prototype prosthesis was not
allowed to adapt to the cross-slope in the data set that was tested here. Thus, one potential
limitation is that patterns will shift and input signal contribution to classifier accuracy may
change when the prototype prosthesis is allowed to adapt. However, signals were chosen based
on the mid-swing classifier, which was trained and evaluated on windows of data from midswing up to 75 ms after heel-strike. As the prototype prosthesis adaptation does not occur until
after heel-strike plus a short lag period, the patterns for the mid-swing classifier are unlikely to
change significantly enough to affect which input signals are most useful for classifier accuracy.
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Another potential limitation is that input signals were selected based on data from a specific set
of subjects and may not be as effective with new subjects. Using test data from the original
subjects in conditions modified from those of the training data broadened the set of input signals
identified as useful and mitigates the risk of excluding input signals critical to classifier
accuracy. Since these LDA classifiers are relatively quick to train (less than five minutes),
classifier performance on a new subject could be improved by adding a few trials from the new
subject to the training set and retraining before full implementation. This approach has
successfully improved locomotion mode classification with a minimal amount of additional
training data from the new subject (Young et al. 2013).
The next step for future work will be to assess the classifier performance in an experimental
case study examining the ability of the classifiers to predict encountered cross-slopes in real-time
and using prosthesis-mounted sensors for all measurements instead of motion capture. The
classifiers will also be coupled with the prototype variable-stiffness prosthesis and used to select
a stiffness profile designed to allow the foot to conform to the cross-slope. Future work should
also explore other classifier types, such as support vector machines, and other training algorithms
to improve classifier performance and generalizability to new subjects. Finally, extension of the
classifier to prediction of other walking conditions affected by coronal-plane stiffness, such as
turning, should be investigated.
In summary, this work has shown measurements of residual limb kinematics can be used by
an LDA classifier to successfully predict a cross-slope with high accuracy. While in-pylon
sensors alone are insufficient, the addition of sensors on the foot may provide enough additional
information to accurately predict the surface.

80

Chapter 5: Conclusions and Future Work
Amputee mobility is influenced by the ability of their prosthetic ankle-foot to replicate the
function of the physiologic foot and ankle joint. While studies have examined sagittal-plane
prosthetic foot function, the effects of prosthetic foot stiffness on mobility tasks that challenge
mediolateral balance control, such as turning and walking on cross-slopes, have not been
explored. Through investigating these effects, this research provides scientific rationale for
designing improved prosthetic feet that help amputees maintain mediolateral balance when
challenged by turning or uneven terrain. This research also provides a foundation for exploration
and development of prostheses that adapt in the coronal plane, and there are many areas where
this research could be extended and applied to further improve amputee mobility in tasks and on
surfaces that challenge mediolateral balance control.
In Chapter 2, the effects of prosthetic foot stiffness on amputee walking mechanics and
balance control during turning were investigated. A decrease in stiffness decreased residual limb
body support but increased residual limb propulsion and limb flexion, similar to results
previously observed in straight-line walking (e.g., Fey et al. 2011). Decreased stiffness also
caused adaptations in coronal-plane hip and knee angles and an increase in ankle inversion but
no significant change in eversion. Coronal-plane hip power absorption decreased with a decrease
in stiffness for the limb both inside and outside of the turn, with residual limb values even less
like the power absorption levels previously observed in non-amputees (Ventura et al. 2011c).
Changes in some coronal-plane quantities were dependent on whether the residual limb was on
the inside or outside of a turn. For example, coronal-plane hip power generation increased with a
decrease in stiffness when the limb was on the inside of the turn. This increase shifted coronal81

plane hip power generation toward levels previously observed in non-amputees (Ventura et al.
2011c). The decrease in the coronal-plane peak-to-peak range of whole-body angular momentum
with a decrease in stiffness was also largest and most systematic when the residual limb was on
the inside of the turn. The inward GRF, however, decreased with a decrease in stiffness when the
limb was on the outside of a turn. These results suggest that it may be beneficial to adjust
coronal-plane stiffness differently when the residual limb is on the inside versus outside of the
turn.
The effects of prosthetic foot stiffness on coronal-plane quantities during turning also tended
to be more subject-specific than the effects on sagittal-plane quantities, which resulted in larger
variability in the data. Variations in circularity of the COM trajectory further illustrated different
subject turning pattern preferences. Thus, when tuning stiffness to balance the needs for body
support and forward propulsion, the effects on turning mechanics should also be considered in
light of the specific individual’s turning pattern preference.
In Chapter 3, prosthetic foot stiffness profiles that improve balance control when stepping on
different surfaces were determined. For an ankle-inverting slope as well as level ground,
decreasing coronal-plane stiffness during late single limb stance improved mediolateral balance
without limiting forward progression. For an ankle-everting slope, increasing coronal-plane
stiffness during residual limb stance improved mediolateral balance. Alterations in prosthesis
stiffness improved mediolateral balance control, quantified as a decrease in the time rate of
change of coronal-plane angular momentum, by increasing the medial GRF. However, while the
optimized stiffness profiles of the three different surfaces all impacted mediolateral balance
control through the medial GRF, profile patterns were found to differ between surfaces. Each
profile is tailored for a specific surface type and should be implemented for the appropriate
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surface. Thus, the stiffness profiles identified can be used to control a variable stiffness foot in
response to different cross-slopes and improve amputee balance control.
In Chapter 4, input signal sets, comprised of residual limb kinematic variables, were
identified that could be used by an LDA classifier to accurately predict whether level-ground or
an ankle-inverting or ankle-everting cross-slope was encountered. Input signals from the shank
alone were insufficient to accurately predict the surface. However, adding different combinations
of shank segment velocity as well as foot segment velocity, acceleration and angular velocity and
ankle angle, angular velocity and angular acceleration improved accuracy. Information related to
foot-floor interaction (i.e., COPs and GRFs) as well as joint moments and power signals were not
as important for classifier accuracy. Classifier accuracy was quantified using LOOCV and two
test data sets gathered under conditions slightly different than those of the training data set.
Although accuracy decreased when predictions were made for the test data sets instead of the
training data set, it was still relatively high for one of the input signal sets (>89%) and moderate
for three others (>71%). Thus, some signal sets were found to be more generalizable than others.
Input signal sets identified using accuracy values determined from the three different data sets
shared a small number of input signals. Inversion angular velocity and foot vertical velocity were
used in five and four classifiers, respectively, out of six total. Therefore, these two signals are
useful in creating a generalizable classifier and important to include in future classifier input
signal sets.
These three studies have provided insight into the effect of prosthetic foot-ankle stiffness on
amputee walking performance as well as a foundation for future investigations of how prostheses
with adaptive coronal-plane properties might best accommodate turns and cross-slopes. Future
work should include the development of additional stiffness profiles for other subjects in
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addition to the use of the classifiers and profiles to control a prosthesis with variable coronalplane stiffness (e.g., Yeates 2016). Optimal stiffness profiles for different amputee subjects
stepping on cross-slopes and level ground should be identified and compared to those found in
Chapter 3 to determine the degree to which these stiffness profiles are subject-specific. While
stiffness adjustments could be used to affect mediolateral balance control, there were areas of the
gait cycle where physically-feasible stiffness changes could not induce desired changes in
coronal-plane whole-body angular momentum. It is possible that the addition of an active
component, which could add energy and actively augment or resist motion, might have more
versatility. Therefore, the framework developed in Chapter 3 could also be expanded to explore
optimal torque profiles for active devices.
The classifiers from Chapter 4 and stiffness profiles identified in Chapter 3 should be used in
a future case study to set the stiffness of a prosthesis with variable coronal-plane stiffness in realtime as human subjects walk on uneven surfaces. In these verification experiments, unilateral
transtibial amputees could step on level-ground and unexpected ankle-inverting or -everting
cross-slopes while kinematic and kinetic data is used to determine the degree to which the
stiffness profiles minimize the time rate of change in coronal-plane angular momentum across
the gait cycle. The ability of the classifier to correctly predict the surface online, in real-time
should also be assessed. In addition, classifier accuracy should be evaluated when input signals
come exclusively from prosthesis-mounted sensors. While the predicted accuracies of some of
the LDA classifiers designed in Chapter 4 were similar to that of locomotion mode classifiers in
literature and real-time LDA classifier implementations are often more computationally-efficient
than other common classifier designs, an LDA classifier may not make predictions as early,
accurately or robustly as some other classifier designs (e.g., Huang et al. 2011). Thus, alternative
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classifier designs could be explored to determine if classifiers that make earlier predictions, have
better accuracy and are more generalizable can be designed with the input signals available.
Future work should also explore how coronal-plane stiffness profiles could be optimized to
further improve balance control during turns. As the effects of prosthesis stiffness on coronalplane quantities depend on whether the residual limb is on the inside or outside of a turn, a
classifier could be used to tailor the stiffness of a prosthesis with variable coronal-plane stiffness
to the turn condition. Stiffness profiles could be identified using an approach similar to that
presented in Chapter 3, and the ability of a classifier to recognize a turn could also be
investigated.
Overall, this research has contributed to the investigation of the role of coronal-plane
stiffness in amputee walking and developed the elements of a framework to further explore that
role. Applications of this research and future investigations present an opportunity to improve
overall amputee mobility through more effective responses to walking tasks and terrains that
influence mediolateral balance.
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Appendix A. Speed and Joint Moment Data for Amputee Turning Study in
Chapter 2

Figure A1. Mean (standard deviation error bars) walking speed for individual subjects when the
residual limb was on the inside (In) and outside (Out) of the turn with the compliant,
intermediate and stiff ankles.
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Table A1. Mean (standard deviation) peak sagittal-plane hip, knee and ankle moments for the
residual (Res) and intact (Int) limbs when the leg was on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected speed (Str)
while the subject was wearing the compliant, intermediate and stiff ankles.
Significant ankle main effects (†) as well as leg*ankle (ℓ) and task*ankle (§)
interaction effects are indicated in addition to significant differences between the
compliant and intermediate (□), compliant and stiff (■) and the intermediate and stiff
(■) ankles.
Peak Moment
(N·m/kg)

Cond
In

Hip Extension
(Early Stance)
†■

Out
Str

Hip Flexion
(Late Stance)
†□■
Res: ℓ□■
Int: ℓ■

Hip Extension
(Swing)
†■
Int: ℓ□■

Knee Extension
(Early Stance)
†□■■
Res: ℓ□■
Int: ℓ□■■
Knee Flexion
(Late Stance)
†□■■
Res: ℓ□■■
Int: ℓ□■

In
Out
Str
In
Out
Str
In
§□■
Out
§□■
Str
§□■■
In
§□■
Out
§□■■
Str
§□■■

Leg
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int

Compliant
Mean (SD)
-0.45 (0.14)
-0.55 (0.19)
-0.37 (0.10)
-0.54 (0.17)
-0.64 (0.15)
-0.86 (0.19)
0.52 (0.16)
0.52 (0.14)
0.37 (0.14)
0.44 (0.10)
0.64 (0.09)
0.74 (0.14)
-0.11 (0.09)
-0.13 (0.07)
-0.14 (0.05)
-0.23 (0.06)
-0.29 (0.17)
-0.32 (0.09)
0.42 (0.14)
0.61 (0.24)
0.45 (0.17)
0.49 (0.21)
0.48 (0.17)
0.81 (0.23)
0.06 (0.07)
-0.13 (0.18)
0.05 (0.05)
-0.30 (0.18)
0.10 (0.07)
-0.22 (0.18)
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Intermediate
Mean (SD)
-0.45 (0.14)
-0.49 (0.13)
-0.34 (0.08)
-0.56 (0.14)
-0.62 (0.19)
-0.90 (0.19)
0.61 (0.18)
0.51 (0.16)
0.43 (0.16)
0.46 (0.12)
0.81 (0.09)
0.72 (0.11)
-0.10 (0.08)
-0.15 (0.06)
-0.14 (0.05)
-0.27 (0.06)
-0.27 (0.13)
-0.42 (0.16)
0.35 (0.18)
0.40 (0.20)
0.43 (0.19)
0.34 (0.15)
0.41 (0.16)
0.57 (0.22)
-0.01 (0.09)
-0.12 (0.14)
-0.08 (0.13)
-0.27 (0.15)
-0.09 (0.15)
-0.26 (0.16)

Stiff
Mean (SD)
-0.44 (0.14)
-0.49 (0.17)
-0.33 (0.10)
-0.56 (0.14)
-0.64 (0.20)
-0.91 (0.19)
0.62 (0.17)
0.51 (0.15)
0.44 (0.16)
0.43 (0.12)
0.82 (0.14)
0.71 (0.14)
-0.10 (0.08)
-0.17 (0.09)
-0.14 (0.06)
-0.30 (0.10)
-0.31 (0.17)
-0.42 (0.12)
0.32 (0.18)
0.39 (0.28)
0.38 (0.18)
0.30 (0.20)
0.41(0.14)
0.52 (0.19)
-0.07 (0.11)
-0.19 (0.17)
-0.14 (0.15)
-0.35 (0.21)
-0.17 (0.12)
-0.32 (0.21)

Table A1, cont. Mean (standard deviation) peak sagittal-plane hip, knee and ankle moments.
Ankle
Dorsiflexion
(Early Stance)
†□■
Res: ℓ□■

Ankle
Plantarflexion
(Late Stance)
†□■■
Res: ℓ□■■

In
Out
Str
In
§□■■
Out
§□■■
Str
§□■

Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int

0.17 (0.07)
0.24 (0.08)
0.22 (0.07)
0.25 (0.12)
0.29 (0.07)
0.33 (0.10)
-0.87 (0.12)
-1.24 (0.22)
-0.80 (0.10)
-1.33 (0.19)
-0.98 (0.12)
-1.50 (0.20)

0.17 (0.04)
0.18 (0.08)
0.21 (0.06)
0.20 (0.08)
0.32 (0.06)
0.29 (0.09)
-1.26 (0.20)
-1.27 (0.18)
-1.30 (0.17)
-1.32 (0.27)
-1.47 (0.15)
-1.51 (0.20)

0.17 (0.05)
0.20 (0.08)
0.21 (0.07)
0.20 (0.09)
0.30 (0.07)
0.28 (0.08)
-1.38 (0.19)
-1.33 (0.17)
-1.40 (0.22)
-1.39 (0.16)
-1.53 (0.21)
-1.48 (0.17)

Table A2. Mean (standard deviation) peak coronal-plane hip, knee and ankle moments for the
residual (Res) and intact (Int) limbs when the leg was on the inside (In) and outside
(Out) of the turn as well as during straight-line walking at self-selected speed (Str)
while the subject was wearing the compliant, intermediate and stiff ankles.
Significant ankle main effects (†) as well as leg*ankle (ℓ) and task*ankle (§)
interaction effects are indicated in addition to significant differences between the
compliant and intermediate (□), compliant and stiff (■) and the intermediate and stiff
(■) ankles.
Peak Moment
(N·m/kg)

Cond
In

Hip Abduction
(Early Stance)
†□■

Out
Str
In

Hip Abduction
(Late Stance)

Out
Str

Compliant

Intermediate

Stiff

Mean (SD)
-0.69 (0.12)
-0.67 (0.12)
-0.67 (0.13)
-0.63 (0.16)
-0.72 (0.15)
-0.78 (0.13)
-0.71 (0.11)
-0.67 (0.12)
-0.67 (0.12)
-0.56 (0.16)
-0.71 (0.11)
-0.75 (0.15)

Mean (SD)
-0.69 (0.13)
-0.70 (0.09)
-0.72 (0.12)
-0.64 (0.16)
-0.76 (0.13)
-0.77 (0.09)
-0.71 (0.13)
-0.68 (0.13)
-0.67 (0.11)
-0.56 (0.19)
-0.71 (0.10)
-0.73 (0.15)

Mean (SD)
-0.68 (0.15)
-0.70 (0.16)
-0.66 (0.15)
-0.68 (0.22)
-0.76 (0.15)
-0.79 (0.15)
-0.69 (0.10)
-0.72 (0.14)
-0.67 (0.12)
-0.55 (0.19)
-0.73 (0.09)
-0.71 (0.18)

Leg
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
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Table A2, cont. Mean (standard deviation) peak coronal-plane hip, knee and ankle moments.
Knee
Abduction
(Early Stance)
†□
Int: ℓ□■
Knee
Adduction
(Late Stance)
†□■
Res: ℓ□■
Int: ℓ■
Knee
Abduction
(Late Stance)
†■
Res: ℓ□■
Int: ℓ□
Ankle
Inversion
(Early Stance)
†□■
Int: ℓ□■
Ankle
Inversion
(Late Stance)
†□■
Int: ℓ■■

In
§□■
Out
Str
§□
In
§□■
Out
Str
§□■
In
Out
Str
In
§□■
Out
Str
§■■
In
Out
Str
In

Ankle Eversion
(Late Stance)
†■

Out
Str

Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int
Res
Int

-0.27 (0.09)
-0.53 (0.14)
-0.29 (0.05)
-0.38 (0.07)
-0.30 (0.07)
-0.55 (0.12)
0.04 (0.04)
0.02 (0.05)
0.03 (0.05)
0.08 (0.05)
0.02 (0.04)
0.05 (0.04)
-0.22 (0.06)
-0.34 (0.11)
-0.30 (0.05)
-0.26 (0.09)
-0.25 (0.05)
-0.37 (0.10)
0.05 (0.03)
0.11 (0.04)
-0.01 (0.01)
0.03 (0.02)
0.02 (0.02)
0.06 (0.03)
0.02 (0.04)
0.04 (0.04)
0.02 (0.02)
0.04 (0.04)
0.00 (0.01)
0.02 (0.03)
-0.06 (0.02)
-0.12 (0.06)
-0.04 (0.02)
-0.05 (0.04)
-0.06 (0.02)
-0.12 (0.07)
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-0.23 (0.11)
-0.48 (0.09)
-0.30 (0.07)
-0.38 (0.11)
-0.31 (0.11)
-0.50 (0.09)
0.00 (0.05)
0.02 (0.05)
0.03 (0.05)
0.07 (0.04)
-0.01 (0.03)
0.04 (0.04)
-0.20 (0.08)
-0.38 (0.10)
-0.26 (0.05)
-0.26 (0.09)
-0.21 (0.05)
-0.41 (0.10)
0.04 (0.03)
0.10 (0.03)
-0.01 (0.01)
0.03 (0.02)
0.02 (0.01)
0.08 (0.04)
0.02 (0.03)
0.03 (0.03)
0.01 (0.02)
0.03 (0.03)
0.00 (0.01)
0.01 (0.02)
-0.08 (0.05)
-0.12 (0.06)
-0.04 (0.02)
-0.06 (0.05)
-0.06 (0.02)
-0.14 (0.06)

-0.23(0.10)
-0.48 (0.10)
-0.29 (0.05)
-0.43 (0.10)
-0.32 (0.09)
-0.51 (0.09)
-0.01 (0.04)
0.01 (0.03)
0.03 (0.05)
0.07 (0.04)
-0.01 (0.03)
0.04 (0.03)
-0.19 (0.07)
-0.38 (0.09)
-0.28 (0.09)
-0.25 (0.09)
-0.21 (0.07)
-0.38 (0.11)
0.06 (0.03)
0.12 (0.04)
-0.01 (0.01)
0.03 (0.02)
0.02 (0.02)
0.08 (0.03)
0.02 (0.02)
0.04 (0.04)
0.01 (0.02)
0.04 (0.04)
0.00 (0.01)
0.02 (0.03)
-0.09 (0.03)
-0.13 (0.06)
-0.05 (0.04)
-0.05 (0.10)
-0.06 (0.02)
-0.13 (0.07)

Appendix B. Tracking Data for Simulations of Unilateral Amputee Stepping
on a Cross-Slope in Chapter 3
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Figure B1. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground
reaction forces) leg joint torques for the ankle-inverting cross-slope.
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Figure B2. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground
reaction forces) ground reaction forces, center of pressures and positions for the
ankle-inverting cross-slope.
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Figure B3. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground
reaction forces) leg joint torques for the ankle-everting cross-slope.
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Figure B4. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground
reaction forces) ground reaction forces, center of pressures and positions for the
ankle-everting cross-slope.
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Figure B5. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground
reaction forces) leg joint torques for the level surface.
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Figure B6. Experimental (solid green average, shaded standard deviation) and simulated (solid
blue line pose optimization, dashed red line stiffness optimization for ground reaction
forces) ground reaction forces, center of pressures and positions for the level surface.
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Appendix C. Mid-Swing Values of Possible Input Signals for Predicting a
Cross-Slope Using Pattern Recognition in Chapter 4

Figure C1. Residual limb ankle angle, angular velocity and angular acceleration (average and
standard deviation across at least four trials) during mind-swing for three unilateral
transtibial amputee subjects (A01 - dark blue; A02 - orange; A03 - light blue)
stepping on an ankle-inverting cross-slope (Inv, dashed line), an ankle-everting
cross-slope (Ev, dash-dot line) and level ground (Fl, solid line). Amputees were
wearing their clinically-prescribed prosthesis and could see the surface type in each
trial.

96

Figure C2. Residual limb ankle moment and power (average and standard deviation across at
least four trials) during mind-swing for three unilateral transtibial amputee subjects
(A01 - dark blue; A02 - orange; A03 - light blue) stepping on an ankle-inverting
cross-slope (Inv, dashed line), an ankle-everting cross-slope (Ev, dash-dot line) and
level ground (Fl, solid line). Amputees were wearing their clinically-prescribed
prosthesis and could see the surface type in each trial.
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Figure C3. Residual limb ground reaction force (GRF) and center of pressure (COP) (average
and standard deviation across at least four trials) during mind-swing for three
unilateral transtibial amputee subjects (A01 - dark blue; A02 - orange; A03 - light
blue) stepping on an ankle-inverting cross-slope (Inv, dashed line), an ankle-everting
cross-slope (Ev, dash-dot line) and level ground (Fl, solid line). Amputees were
wearing their clinically-prescribed prosthesis and could see the surface type in each
trial.
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Figure C4. Residual shank segment velocity (Vel), acceleration measured via in-pylon sensors
(IPS Acc) and angular velocity measured via in-pylon sensors (IPS AngVel)
(average and standard deviation across at least four trials) during mind-swing for
three unilateral transtibial amputee subjects (A01 - dark blue; A02 - orange; A03 light blue) stepping on an ankle-inverting cross-slope (Inv, dashed line), an ankleeverting cross-slope (Ev, dash-dot line) and level ground (Fl, solid line). Amputees
were wearing their clinically-prescribed prosthesis and could see the surface type in
each trial. Shank velocity was measured with respect to a global reference frame and
mediolateral (ML), anteroposterior (AP) and vertical (Vert) components are shown.
Shank acceleration and angular velocity were measured in a segment reference frame
in the mediolateral, anteroposterior and inferior-superior (InfSup) directions and in
the sagittal (Sag), coronal (Cor) and transverse (Tran) planes, respectively.
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Figure C5. Residual foot segment velocity (Vel), acceleration (Acc) and angular velocity
(AngVel) (average and standard deviation across at least four trials) during mindswing for three unilateral transtibial amputee subjects (A01 - dark blue; A02 orange; A03 - light blue) stepping on an ankle-inverting cross-slope (Inv, dashed
line), an ankle-everting cross-slope (Ev, dash-dot line) and level ground (Fl, solid
line). Amputees were wearing their clinically-prescribed prosthesis and could see the
surface type in each trial. All three quantities were measured with respect to a global
reference frame. Foot segment velocity and acceleration were measured in the
mediolateral (ML), anteroposterior (AP) and vertical (Vert) direction while foot
angular velocity was measured about those axes.
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Appendix D. Accuracy of Heel-Strike and After-Heel-Strike Region Classifiers in Chapter 4
Table D1. Overall accuracy (All) and confusion matrices (CFM) for heel-strike classifiers with 2, 3, 4, 5 and 6 input signals that
exhibited the highest mid-swing classifier overall accuracy for identifying the cross-slope surfaces – eversion (Ev), flush
(Fl) and inversion (Inv) – when only information from the in-pylon sensors was used. Classifier accuracy was evaluated
using leave-one-out cross-validation with the training data set (LOOCV), data from a subject walking with his clinicallyprescribed prosthesis when he could not see the configuration of the cross-slope (Test Set 1) and data from two subjects
walking with the prototype prosthesis when they could see the configuration of the cross-slope (Test Set 2). Measurements
of residual limb shank angular velocity (AngVel) and acceleration (Acc) were made in the coronal (Cor), transverse (Tran)
and sagittal (Sag) planes and the anteroposterior (AP), inferior-superior (InfSup) and mediolateral (ML) directions,
respectively.

All
Ev

LOOCV
Heel-Strike CFM
Ev
Fl
Inv
0.75
0.64 0.28 0.08

Test Set 1
Heel-Strike CFM
Ev
Fl
Inv
0.34
0.31 0.24 0.44

Test Set 2
Heel-Strike CFM
Ev
Fl
Inv
0.72
1.00 0.00 0.00

Fl

0.16

0.75

0.10

0.02

0.76

0.22

0.10

0.84

0.06

Inv

0.15

0.84

0.89

0.36

0.05

0.44

0.11

0.93

0.39
0.74
0.07

0.25

0.87

0.09
0.47
0.44

0.02

All
Ev

0.01
0.87
0.08

Fl

0.11

0.85

0.04

0.02

0.96

0.02

0.16

0.76

0.09

Inv

0.07

0.89

0.91

0.50

0.08

0.38

0.04

1.00

0.00
0.69
0.00

0.50

0.89

0.00
0.44
0.58

0.09

All
Ev

0.04
0.85
0.03

Fl

0.09

0.85

0.06

0.18

0.82

0.00

0.22

0.77

0.01

Inv

0.12

0.06

0.83

0.83

0.00

0.17

0.71

0.06

0.24

Input Signals

IPS ML Acc

IPS InfSup Acc
IPS ML Acc

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel

IPS Cor AngVel

IPS Cor AngVel
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0.00

0.00

Table D1, cont. Overall accuracy (All) and confusion matrices (CFM) for heel-strike classifiers with 2, 3, 4, 5 and 6 input signals.
IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Sag AngVel

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Tran AngVel
IPS Sag AngVel

All
Ev

0.96

0.92
0.03

0.44

0.51
0.56

0.99

0.56
0.01

0.01

0.00

0.00

Fl

0.07

0.89

0.04

0.09

0.91

0.00

0.43

0.57

0.00

Inv

0.03

0.93

0.57

0.96

0.04
0.95
0.03

0.22

0.90

0.00

0.99

0.03
0.54
0.01

0.07

0.27

0.20
0.41
0.73

All
Ev

0.01

Fl

0.02

0.96

0.01

0.07

0.93

0.00

0.46

0.54

0.00

Inv

0.03

0.05

0.92

0.41

0.50

0.09

0.97

0.00

0.03

0.00

Table D2. Overall accuracy (All) and confusion matrices (CFM) for after-heel-strike classifiers with 2, 3, 4, 5 and 6 input signals that
exhibited the highest mid-swing classifier overall accuracy for identifying the cross-slope surfaces – eversion (Ev), flush
(Fl) and inversion (Inv) – when only information from the in-pylon sensors was used. Classifier accuracy was evaluated
using leave-one-out cross-validation with the training data set (LOOCV), data from a subject walking with his clinicallyprescribed prosthesis when he could not see the configuration of the cross-slope (Test Set 1) and data from two subjects
walking with the prototype prosthesis when they could see the configuration of the cross-slope (Test Set 2). Measurements
of residual limb shank angular velocity (AngVel) and acceleration (Acc) were made in the coronal (Cor), transverse (Tran)
and sagittal (Sag) planes and the anteroposterior (AP), inferior-superior (InfSup) and mediolateral (ML) directions,
respectively.

All
Ev

LOOCV
After-Heel-Strike
CFM
Ev
Fl
Inv
0.72
0.73 0.14 0.14

Test Set 1
After-Heel-Strike
CFM
Ev
Fl
Inv
0.32
1.00 0.00 0.00

Test Set 2
After-Heel-Strike
CFM
Ev
Fl
Inv
0.39
0.94 0.02 0.04

Fl

0.03

0.81

0.15

0.71

0.00

0.29

0.89

0.05

0.05

Inv 0.23
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0.15

0.62

0.53

0.35

0.12

0.56

0.25

0.19

Input Signals

IPS ML Acc

IPS Cor AngVel

Table D2, cont. Overall accuracy (All) and confusion matrices (CFM) for after-heel-strike classifiers with 2, 3, 4, 5 and 6 input
signals.

IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Sag AngVel

IPS AP Acc
IPS InfSup Acc
IPS ML Acc

IPS Cor AngVel
IPS Tran AngVel
IPS Sag AngVel

All
Ev

0.84

0.76
0.09

1.00

0.36
0.00

0.94

0.36
0.00

0.07

0.00

0.06

Fl

0.03

0.78

0.19

0.71

0.02

0.27

1.00

0.00

0.00

Inv
All
Ev

0.17

0.66

0.47

0.86

0.16
0.79
0.05

0.24

0.65

0.00

0.92

0.21
0.38
0.00

0.15

1.00

0.29
0.53
0.00

0.09

Fl

0.03

0.83

0.14

0.22

0.20

0.58

0.96

0.04

0.00

Inv
All
Ev

0.16

0.70

0.26

0.56

1.00

0.00

0.89

0.27
0.50
0.04

0.17

0.09

0.21
0.41
0.00

0.53

0.84

0.14
0.83
0.07

Fl

0.01

0.92

0.07

0.18

0.00

0.82

0.93

0.04

0.04

Inv
All
Ev

0.19

0.74

0.21

0.38

0.81

0.03

0.89

0.02
0.47
0.04

0.60

0.15

0.38
0.52
0.16

0.41

0.79

0.07
0.87
0.06

Fl

0.00

0.99

0.01

0.04

0.49

0.47

0.95

0.02

0.04

Inv

0.15

0.02

0.83

0.06

0.65

0.29

0.46

0.00

0.54
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0.08

0.08

0.08

Table D3. Overall accuracy (All) and confusion matrices (CFM) for heel-strike classifiers using input signals identified by sequential
forward selection (SFS) and sequential backward selection (SBS) to correctly identify at least 99% of the cross-slope
surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – with the mid-swing classifier. Classifiers were trained on data
from three subjects walking with their clinically-prescribed prosthesis when they could see the configuration of the crossslope and accuracy was evaluated using a portion of this training data set via leave-one-out cross-validation (LOOCV),
data from a subject walking with his clinically-prescribed prosthesis when he could not see the configuration of the crossslope (Test Set 1) and data from two subjects walking with the prototype prosthesis when they could see the configuration
of the cross-slope (Test Set 2). All measurements are from the residual limb. Input signals were chosen when in-pylon
sensor (IPS) and motion capture (MC) data were used for the shank acceleration and angular velocity.

All
Ev

LOOCV HeelStrike CFM
Ev
Fl
Inv
0.99
0.96 0.02 0.03

Test Set 1 HeelStrike CFM
Ev
Fl
Inv
0.97
0.93 0.07 0.00

Test Set 2 HeelStrike CFM
Ev
Fl
Inv
0.96
0.89 0.00 0.11

Fl

0.00

1.00

0.00

0.02

0.98

0.00

0.00

1.00

0.00

Inv

0.00

1.00

0.00

0.00

0.00

1.00

0.00

1.00

0.00
1.00
0.00

1.00

1.00

0.00
1.00
0.00

1.00

All
Ev

0.00
1.00
0.00

Fl

0.00

1.00

0.00

0.00

1.00

0.00

0.00

1.00

0.00

Inv

0.00

1.00

0.00

0.00

0.00

1.00

0.00

1.00

0.00
1.00
0.00

1.00

1.00

0.00
0.93
0.00

1.00

All
Ev

0.00
1.00
0.00

Fl

0.00

1.00

0.00

0.04

0.96

0.00

0.00

1.00

0.00

Inv

0.00

0.00

1.00

0.00

0.15

0.85

0.00

0.00

1.00

Input Signals

SFS
(IPS)

1. Ankle Inversion α
2. Shank Vert Velocity
3. Ankle Flexion

1.
2.
SFS
3.
(MC)
4.
5.
1.
2.
SBS
3.
(IPS)
4.
5.

Ankle Inversion α
Shank Vert Velocity
Ankle Flexion
Ankle Flexion α
Shank Vert AngVel
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity

4. IPS AP Acceleration
5. Foot ML Velocity
6. Foot Vert Velocity
6.
7.
8.
9.

Shank Vert Acc
Ankle Inversion ω
Shank ML Velocity
Shank ML Acc

6.
7.
8.
9.

Ankle Flexion
ML COP
Foot Vert AngVel
Foot ML Acc
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0.00

0.00

Table D3, cont. Overall accuracy (All) and confusion matrices (CFM) for heel-strike classifiers using input signals identified by
sequential forward selection (SFS) and sequential backward selection (SBS) to correctly identify at least 99% of the
cross-slope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – with the mid-swing classifier.
1.
2.
SBS
3.
(MC)
4.
5.

Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity

6.
7.
8.
9.

Foot ML Acc
Shank Vert AngVel
ML COP
AP COP

All
Ev

1.00

1.00
0.00

1.00

1.00
0.00

0.00

Fl

0.00

1.00

Inv

0.00

0.00

1.00

0.68
0.00

0.00

0.00

0.00

0.00

1.00

0.00

0.22

0.39

0.39

1.00

0.00

0.00

1.00

0.00

0.31

0.69

Table D4. Overall accuracy (All) and confusion matrices (CFM) for after-heel-strike classifiers using input signals identified by
sequential forward selection (SFS) and sequential backward selection (SBS) to correctly identify at least 99% of the crossslope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – with the mid-swing classifier. Classifiers were trained on
data from three subjects walking with their clinically-prescribed prosthesis when they could see the configuration of the
cross-slope and accuracy was evaluated using a portion of this training data set via leave-one-out cross-validation
(LOOCV), data from a subject walking with his clinically-prescribed prosthesis when he could not see the configuration of
the cross-slope (Test Set 1) and data from two subjects walking with the prototype prosthesis when they could see the
configuration of the cross-slope (Test Set 2). All measurements are from the residual limb. Input signals were chosen when
in-pylon sensor (IPS) and motion capture (MC) data were used for the shank acceleration and angular velocity.

All
Ev

LOOCV AfterHeel-Strike CFM
Ev
Fl
Inv
1.00
1.00 0.00 0.00

Test Set 1 AfterHeel-Strike CFM
Ev
Fl
Inv
0.89
0.90 0.10 0.00

Test Set 2 AfterHeel-Strike CFM
Ev
Fl
Inv
0.86
1.00 0.00 0.00

Fl

0.00

1.00

0.00

0.16

0.80

0.04

0.02

0.98

0.00

Inv

0.00

0.00

1.00

0.00

0.00

1.00

0.00

0.44

0.56

Input Signals

SFS
(IPS)

1. Ankle Inversion α
2. Shank Vert Velocity
3. Ankle Flexion

4. IPS AP Acceleration
5. Foot ML Velocity
6. Foot Vert Velocity
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Table D4, cont. Overall accuracy (All) and confusion matrices (CFM) for after-heel-strike classifiers using input signals identified by
sequential forward selection (SFS) and sequential backward selection (SBS) to correctly identify at least 99% of the
cross-slope surfaces – eversion (Ev), flush (Fl) and inversion (Inv) – with the mid-swing classifier.
1.
2.
SFS
3.
(MC)
4.
5.
1.
2.
SBS
3.
(IPS)
4.
5.
1.
2.
SBS
3.
(MC)
4.
5.

Ankle Inversion α
Shank Vert Velocity
Ankle Flexion
Ankle Flexion α
Shank Vert AngVel
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity
Ankle Inversion ω
Foot Vert Acc
Foot ML AngVel
Foot AP AngVel
Shank AP Velocity

6.
7.
8.
9.

Shank Vert Acc
Ankle Inversion ω
Shank ML Velocity
Shank ML Acc

6.
7.
8.
9.

Ankle Flexion
ML COP
Foot Vert AngVel
Foot ML Acc

6.
7.
8.
9.

Foot ML Acc
Shank Vert AngVel
ML COP
AP COP

All
Ev

1.00

1.00
0.00

1.00

0.96
0.00

1.00

0.99
0.00

0.00

0.00

0.00

Fl

0.00

1.00

0.00

0.09

0.91

0.00

0.02

0.98

0.00

Inv

0.00

1.00

0.00

1.00

0.00
1.00
0.00

1.00

0.00

0.00

1.00

0.00
1.00
0.00

1.00

1.00

0.00
0.96
0.00

All
Ev

0.00

Fl

0.00

1.00

0.00

0.09

0.91

0.00

0.00

1.00

0.00

Inv

0.00

1.00

0.00

0.00

1.00

0.00

1.00

0.00
0.34
0.00

1.00

0.00

0.00
0.92
0.00

1.00

1.00

0.00
1.00
0.00

All
Ev
Fl

0.00

1.00

0.00

0.20

0.80

0.00

1.00

0.00

0.00

Inv

0.00

0.00

1.00

0.00

0.00

1.00

0.98

0.00

0.02
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0.00

0.00

(A)

(B)
Figure D1. Overall (A) heel-strike and (B) after-heel-strike classifier error for the six most accurate classifiers found using sequential
forward selection (SFS) and sequential backward selection (SBS). Full caption on following page.
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Figure D1. Overall (A) heel-strike and (B) after-heel-strike classifier error for the six most accurate classifiers found using sequential
forward selection (SFS) and sequential backward selection (SBS) to select input signals based on mid-swing classifier
overall accuracy measured using leave-one-out cross-validation with the training data set (LOOCV), data from a subject
walking with his clinically-prescribed prosthesis when he could not see the configuration of the cross-slope (Test Set 1)
and data from two subjects walking with the prototype prosthesis when they could see the configuration of the cross-slope
(Test Set 2). All classifiers were trained using data from three subjects walking with their clinically-prescribed prosthesis
when they could see the configuration of the cross-slope. Error was found by evaluating all six classifiers using data from
Test Set 1, data from Test Set 2 and leave-one-out cross validation with the training data set. All test and training data sets
included in-pylon sensor data.
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