Automated Foot Strike Identification and Fall Risk
Classification for People with Lower Limb Amputations
Using Smartphone Sensor Signals from 2 and 6-Minute

Walk Tests

Pascale Juneau

Thesis submitted to the Faculty of Engineering
in partial fulfillment of requirements for the degree of

Master of Applied Science

in Biomedical Engineering
Faculty of Engineering

P

I

uOttawa

Ottawa Carleton Institute for Biomedical Engineering
University of Ottawa
Ottawa, Ontario
© Pascale Juneau, Ottawa, Canada, 2022



Abstract

Artificial intelligence (Al) algorithms for gait analysis rely on properly identified foot
strikes for step-based feature calculation. Smartphone signals collected during movement
assessments, such as the 6-minute walk test (6MWT), have been used to train Al models for foot
strike identification and fall risk classification in able-bodied populations. However, there is
limited research in populations with more asymmetrical gait. People with lower limb amputation
can have high gait variability, adversely affecting automatic step detection algorithms. Hence, fall
risk models for lower limb amputees have relied on manual foot strike labelling to calculate step-
based features for model training, which is inefficient and impractical for clinical use.

In this thesis, decision tree and long-short term memory (LSTM) models were developed,
optimized, and their performance compared for automated foot strike identification in an amputee
population. Eighty people with lower limb amputations (27 fallers, 53 non-fallers) completed a
6MWT with a smartphone at the posterior pelvis. Automated and manually labelled foot strikes
from the full GMWT and from the first two minutes of data were used to calculate step-based
features. A random forest model was used to classify fall risk. The best foot strike identification
model was an LSTM with 100 hidden nodes in the LSTM layer, 50 hidden nodes in the dense layer,
and batch size of 64 (99.0% accuracy, 86.4% sensitivity, 99.4% specificity, 82.7% precision).
Automated foot strikes from the full 6BMWT data correctly classified more fallers (55.6% versus
48.1%), whereas automated foot strikes from 2-minute data classified more non-fallers (90.6%
versus 81.1%). Feature calculation using manually labelled foot strikes resulted in the best overall
performance (80.0% accuracy, 55.6% sensitivity, 92.5% specificity).

This research created a novel method for automated foot strike identification in lower limb
amputees that is equivalent to manual labelling and demonstrated that automated foot strikes can
be used to calculate step-based features for fall risk classification. Integration of the foot strike
identification model into a smartphone application could allow for immediate stride analysis after
completing a 6MWT; however, fall risk classification model improvement is recommended to

enhance clinical viability.
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1 Introduction

Foot strike identification is important when analyzing gait since foot strikes define the
beginning and end of a gait cycle and are used to calculate stride parameters that relate to a person’s
mobility and functional level. Wearable sensors, such as accelerometers, gyroscopes, or
magnetometers, are an increasingly common alternative to costlier and time-consuming techniques
for gait analysis. These sensors can be combined with clinical movement assessments to provide
more data to the clinician for decision-making. In general, gait event detection techniques use data
from multiple sensors, requiring additional set-up time, with the most common placement on the
shank or ankle/foot [1], which can possibly affect the person’s walking pattern. A smartphone
placed at the lower back can be used to collect data during walking that can be used for additional
clinical analysis. For example, 3D signals collected during a 6-minute walk test (6MWT) from a
single smartphone placed at the posterior pelvis were used with a rule-based algorithm to identify
foot strikes in able-bodied participants [2]. These foot strikes could then be used to provide

immediate results such as right and left step-time, stride time, and cadence.

While these techniques have been successful for able-bodied people, gait analysis is
frequently required in populations that present with gait deviations, making automated step
detection more difficult. For example, people with lower limb amputations have greater gait
variability that can lead to instability during walking and increases their risk of falling compared
to other rehabilitation patients. Steinberg et al. [3] reported ~32% fall incidence in lower limb
amputees, with fall incidence increasing during in-patient rehabilitation compared to the post-
surgery recovery period. Falls can cause a number of injuries, including fractures, amputated limb
trauma, and can increase the amount of time a person spends in hospital or a rehabilitation facility.
A fall can also affect a person’s confidence while walking, increasing their fear of falling even if
the fall did not result in injury [4]. People with lower limb amputations are at a greater risk of falls
than age-matched able-bodied participants, despite the majority of fall risk analysis being focused
on older adults [5, 6]. Early identification of people with elevated fall risk is necessary to
appropriately implement fall prevention strategies, thereby minimizing potential future falls and
injuries and reducing the burden on the healthcare system. Currently, clinicians use a combination
of medical history and mobility assessments, such as the Timed-up and Go (TUG), to identify fall

risk [7]. Often, multiple tests are required to identify those at risk. Predictive fall risk models in



lower limb amputees have relied on manual foot strike labelling for feature calculation [8], so
automated foot strike identification in this population would expedite clinical decision-making to

prevent injury.

Artificial intelligence (Al) algorithms have been used for gait analysis in multiple disease
populations. For example, a decision tree (machine learning approach) has been used in the past
for clinical decision making and gait phase recognition [9]. A more complex subset of machine
learning, called deep learning, has also been investigated for gait analysis. Deep learning
approaches, such as recurrent neural networks (RNN), perform well on large data sets, requiring
more training time but often result in higher accuracy [10]. A popular type of RNN is the long
short-term memory (LSTM). LSTM contains feedforward and feedback components, like the
RNN, but are also equipped with a forget gate that regulates information flow in dataset that have
gaps between significant events, such as during gait. While both machine learning and deep
learning approaches have been successful for gait analysis in other populations, their ability to
classify foot strikes in lower limb amputees using smartphone signals has not yet been evaluated

or compared.

This thesis developed a novel smartphone sensor-based algorithm for automated foot strike
detection in lower limb amputees using data from a 6MWT. The clinical usefulness of automated
foot strikes compared to manually labelled foot strikes was evaluated by comparing stride
parameters. Automated foot strikes were subsequently used for step-based feature calculation to

validate a previously developed fall risk classifier for lower limb amputees.
1.1 Rationale

Research has been lacking for foot strike identification and fall risk classification with
lower limb amputees, despite their elevated risk of injury and falls. When algorithms are developed
for use in lower limb amputee populations, for example gait-phase detection for microprocessor
controlled prostheses, these algorithms are often trained on data from able-bodied participants [9].
The limited research for foot strike identification in lower limb amputees frequently combines
signal data from wearable sensors and Al where the participant was required to wear multiple
sensors [11, 12] or a single sensor located on the lower limb [13, 14]. These placements can be
awkward or uncomfortable for the participant and may cause them to walk differently. A single

sensor at the lower back is an acceptable placement for data collection and is more appropriate for
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clinical applications.

The 6MWT is a commonly used movement assessment that evaluates functional capacity.
However, biomechanical data from a 6MWT can be used to extract additional clinical information.
One study investigating foot strike identification in lower limb amputees applied a rule-based
algorithm previously developed for able-bodied participants [2]; however, when the algorithm was
applied to lower limb amputee gait, this accuracy decreased to ~87% [15]. More complex Al
algorithms have been used for gait analysis in other populations who have increased gait variability
[16, 17, 18, 19], but the literature is limited for lower limb amputee populations. Signal data from
a 6MWT has also been used to calculate features for fall risk classification in both able-bodied and
lower limb amputee participants [8, 20]. However, manual foot strike labelling was required for
step-based features calculated for lower limb amputees, further demonstrating the need for
automated foot strike detection. Additionally, the 2MWT is a viable option for those who cannot
complete the full 6MWT, and is commonly completed by people with lower limb amputation.
However, automated foot strike detection for the 2MWT in lower limb amputees has not yet been

evaluated.

The main hypothesis for this thesis is that smartphone signals from a 6MWT can be used
to train an Al model for automated foot strike detection and that automated foot strikes can be used

to calculate step-based features for fall risk classification in lower limb amputees.

1.2 Objectives

1) Create and evaluate a viable Al model for automatically identifying foot strikes during walking
in people with lower limb amputation using smartphone sensor data collected during a 6MWT,
comparing machine learning and deep learning approaches.

a. Hypothesis: A deep learning approach will classify foot strikes and non-foot strikes
events with greater accuracy, sensitivity, and specificity than a machine learning
approach [10] or previous rule-based approaches [15].

b. Hypothesis: Stride parameters (step time, stride time, etc.) calculated from automated
foot strikes will be equivalent to parameters calculated from manually labelled foot
strikes.

2) Evaluate a random forest fall risk classification model for lower limb amputees using

automated foot strikes and manually labelled foot strikes and smartphone signals collected
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from a 6MWT for step-based feature calculation.

a. Hypothesis: Step-based features calculated from automated foot strikes will result in
fall risk classification with equivalent with accuracy, sensitivity, and specificity to
manually labelled foot strikes [8].

3) Evaluate the viability of automated foot strike identification and fall risk classification models
for lower limb amputees for the 2ZMWT.

a. Hypothesis: An LSTM trained on smartphone signals from only 2 minutes of data will
result in lower 2MWT foot strike classification accuracy, sensitivity, and specificity
than an LSTM trained on smartphone signals from 6 minutes of data.

b. Hypothesis: Stride parameters (step time, stride time, etc.) calculated from automated
foot strikes will be equivalent to parameters calculated from manually labelled foot
strikes

c. Hypothesis: Step-based features calculated from automated foot strikes from 2 minutes
of data will result in fall risk classification with equivalent with accuracy, sensitivity,

and specificity to manually labelled foot strikes from 2 minutes of data.
1.3 Thesis Contributions

This thesis contributed to automated foot strike identification, fall risk classification, and
smartphone applications for clinical movement evaluation in lower limb amputees. Specific

contributions are:

o Developed a deep learning foot strike identification approach for lower limb amputees
using smartphone signals collected during a 6MWT. For this population, previous rule-
based algorithms were only able to detect 87% of foot strikes after error correction, which
is insufficient for clinical applications [15]. The ability to automatically detect foot strikes
from smartphone sensor data enables a range of capabilities, from stride parameter
reporting to Al-based clinical-decision-making models.

o Developed a post processing method to correct for multiple positive classifications from
the LSTM foot strike model, greatly improving prediction results. This post-processing
method is essential for accurate foot strike timing.

o Demonstrated that automated foot strikes from a 6MWT can be used to calculate step-based

features for fall risk identification with equal sensitivity to manually labelled, but lower
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than clinical tests (e.g., TUG) for fall risk identification. This method should correctly
identify at least half of the people at risk of falling after only completing a 6MWT, hence
helping to mitigate falls for people who may not have been considered at risk. Additional
fall-risk tests are recommended if the clinician believes a person is at risk of falling.

e Showed that 6MWT foot strike model can be applied to the first 2-minutes of data
(surrogate for 2MWT) to calculate stride parameters, hence augmenting the 2MWT.
However, fall detection results from the first 2 minutes of data were worse than the full
6MWT. Therefore, automated fall risk classification on lower limb amputees should be
done with the 6MWT.

1.4 Thesis outline

This thesis manuscript is divided into 7 chapters. Chapter 2 is a literature review describing
existing techniques for foot strike identification and previous research that investigated Al
approaches for gait analysis in different populations. Chapter 2 also explains machine learning
strategies, presenting feature extraction, feature selection, model optimization, and model

evaluation methods.

Chapter 3 contains a manuscript published in Sensors, addressing objective 1 by comparing
amachine learning and deep learning approach for foot strike identification. This chapter evaluates
a decision tree and an LSTM for their ability to identify foot strikes in lower limb amputees.

Chapter 4 contains a manuscript submitted to Computers in Biology and Medicine that
addresses objective 2 by investigating the ability of automated foot strikes to classify fall risk. This
chapter evaluates fall risk classification of a random forest trained on step-based features calculated
from automated and manually labelled foot strikes.

Chapter 5 contains a manuscript published in Sensors that addresses objective 3 by evaluating
foot strike identification and fall risk classification using 2MWT data. This chapter compares
LSTM models trained on a full BMWT or the first two minutes of data for foot strike identification.
This chapter also compares the ability of step-based features calculated using automated foot

strikes from the first two minutes of data to classify fall risk in lower limb amputees.

Chapter 6 presents a thesis summary and presents suggestions for future work based on thesis

conclusions.



2 Literature Review

1.1 Gait Biomechanics

Human gait is a complex, multi-stage movement that requires interaction between the

cardiorespiratory system, nervous system, and musculoskeletal system, though most people walk

unconsciously. Despite individual differences in gait characteristics, the gait cycle can be broken

down into two main phases and 8 sub-phases, the order of which are consistent [21] (Figure 1).

The main phases are the stance phase and the swing phase. Stance phase begins when the foot

contacts the ground. The body’s weight transfers to this limb and continues to support the body as

it propels forward until the foot lifts, breaking the lower limb’s contact with the ground, starting

the swing phase. The leg swings forward until the foot contacts the ground again and the cycle

repeats. These phases can be further broken down into sub-phases.

For stance phase (approximately 60% of the gait cycle):

Initial contact, or foot strike: Begins when the foot, normally the heel, strikes the
ground

Loading response: The foot fully contacts the ground and the knee flexes to absorb
the impact as weight begins shifting onto the stance leg.

Mid-stance: The stance leg supports the full weight as the opposite foot lifts of the
ground.

Terminal stance: The body shifts from force absorption to forward propulsion.
Pre-swing: The heel begins to lift off the ground and the body prepares to shift weight
to the opposite foot as it contacts the ground.

For swing phase (approximately 40% of the gait cycle):

Initial swing: The knee flexes and the toe lifts off the ground, breaking the limb’s
contact with the ground.

Mid-swing: Additional knee flexion and hip flexion lift the leg to clear the ground
and the leg swings forward as the knee begins to extend.

Terminal swing: The body prepares to re-distribute the weight as the leg completes

its forward swing and the heel begins to lower to contact the ground.
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By analyzing their gait, clinicians can gain insight into their patient’s mobility and track
changes in health over time. A person’s mood can even be gleaned from observing body posture
and walking speed [23]. Moreover, changes in gait characteristics could be used to identify
neurodegenerative disorders or musculoskeletal injury. Gait analysis is also frequently used in
rehabilitation programs to assess recovery after injury or surgery. While gait analysis can have
subjective components, visual analysis depends on the clinician’s experience and does not provide
extensive detail. Quantitative gait parameters can be calculated to provide a more objective
measure. These parameters can be divided into three different categories, temporal, spatial, and

spatiotemporal.

Temporal parameters are calculated by observing sub-phases timing and includes step time,

stride time, and cadence.

e Step time is the time between consecutive foot strikes (e.g., left and then right foot).
e Stance time is the time from foot strike until foot off for the same leg.

e Stride time is the time between consecutive foot strikes for one leg.

\

Stride

(Gait Cycle)

e Cadence is the number of steps per minute.

/

Figure 1 Gait cycle for the right leg [22].




Spatial parameters are measures of distance between the feet during walking and include
step length, step width, and stride length (Figure 2).

e Step length is the anterior-posterior distance from posterior foot to leading foot at initial

contact.
e Step width is the lateral distance between the midpoint of each heel to the midline.

e Stride length is the anterior-posterior distance travelled between consecutive foot strikes

for one foot.

Gait cycle
- =
Step 4 _—>» >
idth . L eege
e o e
Step length o
Stride length
. -

Figure 2 Spatial gait parameters [24].

Spatiotemporal parameters are a measure of distance travelled over time. For example, gait
speed is usually measured in meters per second. Gait parameters can be calculated as an average
for both legs, or the average for each leg can be calculated separately and compared. Another
important quantitative measure is the variability of each parameter, which can be expressed as the

standard deviation or coefficient of variability.
2.1 Lower limb Amputee Gait

The gait characteristics of people with lower limb amputation are distinct from the able-
bodied population. Lower limb amputees present with gait deviations that include increased
variability and asymmetrical movements patterns. These deviations can be subjectively observed;
however, comparing gait parameters to normative values developed from able-bodied and healthy

older adults can allow clinicians to develop a better picture of the person’s mobility.

Table 1 displays average and standard deviation values for commonly assessed stride
parameters, displaying values for healthy younger adults [25, 26], healthy older adults [27, 28],
and transtibial and transfemoral amputees [29].



Table 1 Average and standard deviation stride parameters for able-bodied, healthy older adults, and lower

limb amputees

Healthy young :dejll':shy older |Transtibial am putee Transfemoral amputee
adults (age 60+) Prosthetic |Intact side |Prosthetic (Intact side
Speed (m/s) 1.30 (0.11)  |1.22(0.23)  |1.10 (0.16)  |1.20 (0.21) |1.00 (0.13) [1.19(0.08)
g’;‘ggg}‘;‘fin) 115.65 (6.63) [107.38 (7.64) [99.15 (11.82) %fég‘(% 289055)
Stride length (m) | 1.36 (0.08) [1.34 (0.19)  [1.20 (0.12)  |1.00 (0.15) |1.22 (0.14) [1.05(0.18)
Step length (m)  [0.68 (0.04)  [0.57 (0.04)  [0.65(0.07)  |0.65 (0.07) [0.71(0.06) [0.73 (0.06)
Step width (m) ~ |0.02 (0.005) [0.09 (0.03)  [0.13(0.03)  [0.16 (0.03) [0.15 (0.04)
Stride time (s) 1.05(0.05) [1.12(0.12)  [1.22(0.11)  [1.11(0.09) |1.40 (0.13) |1.30(0.20)
Stance time (s)  |0.69 (0.04)  [0.71(0.09)  [0.63(0.06)  |0.65 (0.06) [0.80 (0.06) [0.86 (0.08)
Swing time (s)  |0.36 (0.02)  [0.41(0.04)  [0.43(0.03)  |0.38(0.03) [0.57 (0.04) [0.44(0.04)

Compared to healthy older adults, people with lower limb amputation have longer average
swing and stride times, slower gait speed, and reduced cadence on their prosthetic side. Lower limb
amputees also have greater step widths and step lengths for both legs. Intact leg stance time is also
greater on average than the prosthetic side, with a greater difference for transfemoral amputees.
Transfemoral amputees also present with larger step lengths and increased timing for all temporal

gait parameters than transtibial amputees.

Increased step width, slower walking, and decreased stance timing for the prosthetic limb
are compensatory movements to improve balance during walking by increasing the base of support
and spending more time in stance on the more stable limb. People with lower limb amputations
have greater instability during walking, putting them at elevated risk of injury or falls during the
post-operative and post-rehabilitation periods [30, 31], therefore mobility and balance are

frequently assessed.
2.2 Wearable Inertial Sensors

Advancements in data collection techniques have enabled more precise measurement and
analysis of human movement. Increasingly, wearable sensors are used for human movement
analysis, not only in research or laboratory-based clinical settings, but also for more practical
applications. Sensors, such as accelerometers or gyroscopes, can be attached to a person and worn
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during movement assessments to extract richer data that can be used for clinical decision making.
For example, initial contact marks the start of each gait cycle and is used to calculate a number of
gait parameters. Automated detection of initial contacts during gait would allow for immediate
calculation of stride parameters after completing a short walk test. Compared to fixed systems,
such as image processing or in-floor sensors, wearable inertial sensors are more cost-effective,
require less setup and data collection time than marker-based video systems. In some cases,
instrumented walkways (depending on the number of wearable sensors used), are portable, and can
be used in any movement scenario, making them a viable tool for foot strike identification [32].
Wearable sensors are commonly placed on the lower limb, inside the participant’s shoes, on the
pelvis, or a combination of locations for a multi-sensor system. Inertial sensor signals can then be

extracted and used for automated foot strike detection and gait parameter calculations.
2.2.1  Single Sensor Systems

Compared to multi-sensor systems, a single sensor is preferred for clinical applications to
minimize set-up and signal processing time. Recent research has shown that a single sensor
placement can be used to detect foot strikes in both able-bodied and disease populations. The type
and placement of the sensor varies throughout the literature, although the most popular device is
an inertial measurement unit (IMU), and the most frequently used placements are the shank or foot
[1]. However, sensors on the lower limb can interfere with the participant’s natural movement,
especially if the sensor is not properly fixed to the limb and moves distally during walking.

Recently, the pelvis has emerged as an alternative sensor placement [18, 33, 34, 35].
2.2.2  Smartphones for Data Collection

Smartphones are emerging as a new tool for data collection. A ubiquitous piece of
technology, smartphones contain built-in sensors, including accelerometers and gyroscopes. These
sensors are used to determine smartphone location, orientation, and acceleration and provide
information to numerous applications that are used every day. Additionally, smartphone
applications can collect data from the integrated sensors and export the data for analysis.
Algorithms for foot strike detection could benefit from these sensor signals. In the current literature,
smartphone accelerometer and gyroscope signals were used for human activity recognition,
detecting changes in movement behaviour to distinguish walking, ascending, or descending stairs,

and running [36, 37]. Smartphones have also been used to collect data during short bouts of walking

11



[38], or during clinical movement assessments, such as the 6MWT [2], to detect foot strikes and
automatically calculate gait parameters in able-bodied individuals. Smartphones have also been
proposed as a potential analysis tool for numerous mHealth applications, including frailty

assessments, fall risk, and promotion of active living [39].
2.3 Foot strike identification in lower limb amputees

A number of techniques have been used for foot strike identification in lower limb
amputees. Previously, image processing was used for foot strike detection. These systems (e.g.,
Vicon [40]) allowed for foot strike identification during walking, running, sit-stand transitions and
walking up or down stairs [41, 42, 43]. Foot strike detection is accomplished by training an
algorithm to track the coordinates and/or velocity of markers placed on the lower extremity,
specifically the heel and toe. A popular method is the algorithm described by Zeni et al. [44]. A
biomechanical marker set typically needs to be placed on the person and the system requires one
or more specialized cameras and video processing software. Recently, a video-based system was
proposed that does not require marker placement, rather deep learning methods were applied to
automatically identify anatomical landmarks in able-bodied participants [45]. Foot strikes were
detected with 86.1% accuracy, using a combination of the Zeni et al. [44] algorithm and an
additional algorithm to recover gait initiation and gait termination. However, this method was
limited by the view of the camera; step length, for example, which relies on measurement for both

ipsilateral and contralateral foot were less accurate.

Force plates have also been used to identify foot strikes from ground reaction forces and
are often used as the ground truth comparator when evaluating foot strike identification approaches
[46]. However, this necessitates specialized equipment (e.g., instrumented plates) and multiple
force plates. Instrumented walkways are longer versions of force plates that enable stride parameter
analysis for multiple strides, but these systems are also expensive and require a long, dedicated

data collection area [47].
2.3.1  Wearable sensors for foot strike detection in lower limb amputees

Wearable sensors have provided a more accessible tool for foot strike identification in
populations with variable gait, including lower limb amputees. A recent review [48] investigated
the field of gait event detection algorithms for controlling lower limb prosthetic devices. Often,

foot strike detection alone is not the goal of the research, but is necessary to segment the gait cycle
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into phases to extract other clinical outcome measures, like stride parameters, walking speed, or
functional mobility. The review highlighted that, as with other populations, when a single sensor
is used, the shank or the foot are frequent placements for lower limb amputees. IMUs are a common
sensor selection. The types of algorithms used to detect gait events varied, including both rule-
based and machine learning methods. For example, Magbool et al. [13] presented a rule-based gait
event detection system for foot strike detection in lower limb amputees using an IMU mounted on
the shank using the angular velocity and linear acceleration of the shank. However, the system used
in this analysis was only validated in one transfemoral amputee. Other research has demonstrated
that a thresholding algorithm could perform well for foot strike identification in slightly larger data
sets of transfemoral amputees, using data collected from a shank-mounted IMU [46, 49].

Insole and shoe-mounted sensors have also been proposed for foot strike detection in lower
limb amputees with some success. IMUs can be mounted to the shoe or to the person’s foot/ankle.
Insole or in-shoe pressure sensors allow for a more direct measure of initial contact by analyzing
ground reaction forces, similarly to a floor force place or instrumented mat. Pressure sensors are
also lightweight and can be inserted into most footwear. Data collected from insole sensors and
shoe-mounted sensors have been used in combination with machine learning models and rule-
based approaches to identify initial contact and toe-off phases with some success, but these
algorithms are often trained on data collected from able-bodied participants, or participants with
hemiparesis [50, 51, 52].

Despite their popularity in a research context, sensors located on the lower limb can be
impractical for clinical use in lower limb amputees since the location my alter how the person
walks. As described above, the posterior pelvis has emerged as a viable sensor location, and the
use of smartphones for signal collection have become increasingly popular. However, smartphone

signals have had mixed success for foot strike identification in lower limb amputees.
2.4 Artificial intelligence for gait analysis

Increased gait variability of lower limb amputees and the use of gait aids make it more
difficult for rule-based approaches to detect foot strikes. Rule-based algorithms, such as
thresholding or peak detection, can be successful for foot strike detection when shank-mounted
sensors are used. Distinct negative peaks can be identified in the shank angular velocity signal and

used to classify both foot strike and foot-off events. Heuristic rule-based algorithms that have been
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successful in other populations have had limited success for lower limb amputees [14, 46, 53].
Consequently, higher complexity Al algorithms are proposed, and have been used with inertial

sensor signals for foot strike detection in populations with pathological gait [18, 19, 54].
2.4.1  Machine learning approaches

Machine learning is a branch of Al, where algorithms are trained to sort structured data into
discrete categories, or classes. Machine learning approaches can be supervised, where the
algorithm is trained on labelled data (i.e., class is known), or unsupervised, where the training data
is unlabelled, and the algorithm discovers difference in the underlying structure of the data [55].
Supervised machine learning is more popular, and includes algorithms such as linear regression,
hidden Markov model (HMM), support vector machines (SVM), and decision trees. In general,
machine learning algorithms are easy to build and do not require long training times, so they are a

popular choice for classification problems and are becoming a popular tool for clinical analysis.

As discussed in the previous section, machine learning approaches have been used for gait
phase detection for prosthetic device control. While rule-based approaches are popular for gait
event detection, machine learning models can improve detection in populations with variable gait.
Sanchez Manchola et al. [51] compared a threshold-based approach and a machine learning
approach (HMM) for gait phase recognition to control robotic lower limb exoskeletons. An equal
number of healthy participants and participants who had hemiparesis were included in the
experimental protocol. Sensor signals were collected from an IMU placed on their foot instep. The
machine learning approach outperformed the rule-based approach, and could be implemented to

evaluate patient variability in addition to controlling lower limb exoskeletons.

Another supervised machine learning algorithm for gait phase recognition is SVM. SVMs
are a robust prediction method typically used for binary linear classifications, but can be used for
non-linear classification as well. SVM classifies data in a way that maximizes the distance, or
margin, between the classes. The greater the separation between classes, the more confidently
future data can be classified into either category. The decision boundary placement is based on the
placement of different support vectors, data points of either class that are closest to the decision
boundary (Figure 3). Boschmann et al. [56] used an SVM for gait phase detection in lower limb
amputees using signals collected from lower limb electromyography (EMG), to identify muscular

activity changes, and insole-embedded force sensing resistors (FSR) placed under the heel and toes.
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Figure 3 Support vector machine. The support vectors used to determine the decision boundary are circled.
These samples demonstrate the widest margin between the nearest two points of different classes [57].

Decision trees are machine learning approaches that can be used to classify discrete data or
regression of continuous data by forming flowchart-like decision boundaries to split the dataset
into subsets or “nodes” based on features [58]. The subsets can be further divided, forming a tree
structure, with the original dataset labelled the “root node” and the nodes connected by the decision

“branches”, until a final classification is made at the terminal node, or “leaf” (Figure 4).

Figure 4 Example decision tree framework.
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Decision trees have been used for numerous medical classification applications, such as
breast cancer research to classify tissue as benign or malignant [59, 60]. Additionally, decision
trees have been used to classify people with Parkinson’s disease based on gait characteristics to
study personalized medication protocols [61]. In this study, a decision tree outperformed three
other classifiers, k-nearest neighbour (KNN), SVM, and naive bayes. Decision trees have also been
used in combination with signal data from local sensors for gait event detection and foot strike
identification for disease populations, where irregular gait and the use of assistive devices preclude
the application of more basic algorithms. For example, a decision tree was used to perform linear
regression for gait phase detection to improve powered prosthetic devices for lower limb amputees,
though the algorithm was trained on able-bodied participants [9].

2.4.2  Deep learning approaches for gait analysis

Deep learning is a more complex subset of machine learning. Neural networks, or artificial
neural networks (ANN) are the basic framework for deep learning approaches. The neural network
structure is similar to the human brain, often represented as a network of interconnecting nodes,
similar to neurons, with information flowing in a single direction and structured in three main
layers: input layer, hidden layers, and output layer (Figure 5Error! Reference source not found.).
ANN architecture has varying levels of complexity depending on the selected approach. Deep
learning algorithms perform well on large datasets, performing feature extraction along with
classification, often achieving higher accuracy than machine learning approaches [10]. Due to this,
different deep learning approaches have been used for a number of applications, including, speech
recognition and natural language processing, image recognition and restoration, and medical image
analysis [62, 63, 64, 65, 66]. Deep learning techniques can be applied for classification problems

and, as with machine learning, include both supervised and unsupervised methods.

Convolutional neural networks (CNN) are a subset of ANN. CNNs are commonly used for
image analysis (recognition, classification, etc.), but have also been employed for clinical
applications. For image analysis, the neurons are organised to identify spatial dimensionality.
CNNs consist of a network of three types of layers, with each layer extracting additional
information: convolutional layers, pooling layers, and fully-connected layers (Figure 6). The
convolutional layer determines the output of the neurons connected to the input layer, the pooling

layer down samples the given input, and the fully-connected layers produce class scores from the
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activations [67]. While commonly used for image processing, a variation of CNN, temporal CNN
(TCN) was developed to process sequential data, which is a limitation of traditional CNN. Filtjens
et al. [19] employed TCN approach to identify initial contact to segment gait cycles in people with
Parkinson’s disease. Their results demonstrate that the TCN model could robustly identify initial

contact, even for people experiencing freezing of gait, which can be greatly debilitating.

input hidden output
layer layer layer

Figure 5 An example of a basic neural network (NN) framework [68].
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Figure 6 Basic convolutional neural network (CNN) framework [69].
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RNN are another subset of ANN that perform well on temporal or sequential data. Unlike
traditional feed-forward networks, RNN contain an internal ‘memory’ unit. This memory unit has
the ability to store information about the previous layer in the network and use its output to inform
the input of the next layer, updating weights via back propagation (Figure 7) [70]. For gait analysis,
an RNN could be trained to identify a foot strike using information directly preceding as well as
immediately after the initial contact. In previous research, RNNs were trained to segment walking
data using instrumented footwear [54]. Gait data collected from in-shoe sensors were used as the
training data for the model, which identified heel strikes and toe-offs within -5.9 + 37.1and 11.4 +
47.4 ms.

0O

Figure 7 An example framework of a Recurrent Neural Network (RNN).

Long Short-Term Memory (LSTM), an RNN architecture, builds on the traditional
framework (Figure 8). In traditional RNN trained using back-propagation, the gradients used to
update weighting can become unstable, exploding to very large numbers or tending to zero, also
called vanishing. LSTM can partially overcome this problem by including feedforward and
feedback components, and a “forget gate” to assist with information regulation [48]. This forget
unit allows for some information to be retained, while other information is dropped or forgotten.
Like RNN, LSTM are well-suited to make predictions on sequential or time data and the addition
of the forget unit means they perform well on large datasets with large gaps between potentially
relevant information. Human gait is a sequential process broken down into a number of important
sub-phases; however, initial contact is only a small percentage of that time. In practice, LSTM for
gait analysis includes research on gait event detection in children with normal and pathological gait
[18], in able-bodied participants for gait cycle detection [71], and smartphone signals have been
used with LSTM for human activity recognition [37] in healthy adults.
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Figure 8 Long Short-Term Architecture [72].

2.5 Literature Review Summary

Through this literature review, the need for accurate foot strike identification algorithms for
people with lower limb amputations was presented. The previous model for fall risk classification
in amputees, using the 6MWT [8], relied on manual foot strike labelling to calculate step-based
features, which is impractical for clinical use. Wearable sensors combined with Al algorithms
could allow for the development of an automated foot strike identification model for lower limb
amputees that uses smartphone signals collected from the posterior pelvis. Both machine learning
and deep learning approaches have been used for human movement analysis and foot strike
identification in other populations, however their ability to detect foot strikes from sensors at the
pelvis has not yet been evaluated for amputee data. Decision trees and LSTM have been used for
gait phase detection and are viable options for lower limb amputees. Integration of an automated
foot strike detection model into a smartphone application could allow for data to be collected and

processed for immediate clinical outcome reporting.
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3  Comparison of decision tree and long short-term memory approaches for

automated foot strike detection in lower extremity amputee populations

This chapter addresses Objective 1 by developing a novel foot strike identification model
for lower limb amputees. Decision tree and LSTM models were developed for foot strike
identification using signals from a 6MWT and foot strike identification accuracy for both models
were compared. Stride parameter outcome measures calculated from automated foot strikes from
both models were calculated and compared to manual foot strike labelling. The best model for foot
strike identification was the LSTM. Stride parameters calculated from automated foot strikes were

equivalent to manually labelled.

The content of this chapter was submitted and published in Sensors.

Pascale Juneau, Natalie Baddour, Helena Burger, Andrej Bavec, and Edward D. Lemaire.
Comparison of decision tree and long short-term memory approaches for automated foot strike
detection in lower extremity amputee populations. Sensors. 21 (2021), 6974.
https://doi.org/10.3390/s21216974

3.1 Abstract

Foot strike detection is important when evaluating a person’s gait characteristics.
Accelerometer and gyroscope signals from smartphones have been used to train artificial
intelligence (Al) models for automated foot strike detection in able-bodied and elderly populations.
However, there is limited research on foot strike detection in lower limb amputees, who have a
more variable and asymmetric gait. A novel method for automated foot strike detection in lower
limb amputees was developed using raw accelerometer and gyroscope signals collected from a
smartphone positioned at the posterior pelvis. Raw signals were used to train a decision tree model
and long short-term memory (LSTM) model for automated foot strike detection. These models
were developed using retrospective data (n = 72) collected with the TOHRC Walk Test app during
a 6-min walk test (6MWT). An Android smartphone was placed on a posterior belt for each

participant during the 6MWT to collect accelerometer and gyroscope signals at 50 Hz. The best

20



model for foot strike identification was the LSTM with 100 hidden nodes in the LSTM layer, 50
hidden nodes in the dense layer, and a batch size of 64 (99.0% accuracy, 86.4% sensitivity, 99.4%
specificity, and 83.7% precision). This research created a novel method for automated foot strike
identification in lower extremity amputee populations that is equivalent to manual labelling and
accessible for clinical use. Automated foot strike detection is required for stride analysis and to
enable other Al applications, such as fall detection.

3.2 Introduction

Foot strike identification is necessary for human gait evaluation, providing insight into a
person’s activity levels, mobility, and gait pattern. For example, foot strikes identify the start and
end of a gait cycle and can be used to calculate the step time, stride time, and double support time
for each leg. Previously, foot strike identification was completed by visual analysis with video-
tracking systems (Vicon, etc.), ground reaction force analysis with force plates, or 3D
accelerometer and gyroscope signal analysis from sensors placed at the foot/ankle or shank. While
these methods have been successful for both able-bodied and disease populations [13, 73, 74], they
can be expensive, difficult, and timely to set-up. More recently, 3D signals collected from a
smartphone located at the pelvis have provided a more accessible analysis of the movement status
[2, 38, 75]. While these models can identify foot strikes with a high accuracy, the foot strike
identification models were typically based on able-bodied participant data.

Lower limb amputee populations can present with a high variability and inconsistent
walking patterns that put them at a high risk of injury and falls [3]. Instability, an asymmetrical
gait, or using a walking aid can make it difficult to automatically detect steps from sensor data.
Algorithms for gait phase detection for microprocessor controlled prostheses are frequently trained
on input data from able-bodied individuals wearing a single sensor on the thigh, shank, or foot, or
on signals from multiple sensors on the body [76, 77]. While this may be effective for research
purposes, using a single sensor location would facilitate use in clinical environments, where the

time is not available to configure multisensory systems on a patient.

Recently, a rule-based foot strike identification algorithm for lower limb amputees was
developed using anterior—posterior (AP) linear acceleration collected from a smartphone affixed to
the posterior pelvis during a six-minute walk test (6MWT) [15]. This approach achieved 87% foot
strike detection accuracy, with error correction. When analyzing lower limb amputee gait data for
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clinical use, manual foot strike labelling would be needed to ensure appropriate stride timing. For
example, recent research by Daines et al. [8] used smartphone data during a 6MWT and manually
labelled foot strikes to predict the fall risk for people with lower limb amputations with 81.3%
accuracy. While these results are promising, manual labelling is time-consuming and impractical
for clinical use, where immediate results reporting is desirable to support decision making at the
point of patient contact.

Artificial intelligence (Al) algorithms have been proposed as an alternative method for gait
analysis in populations that have a more variable gait, such as cerebral palsy or Parkinson’s disease
[16, 17, 18, 19]. Machine learning is a subset of artificial intelligence where algorithms make
predictions by evaluating structured data over time. Machine learning models are simple to build,
easy to interpret, and require shorter training times than more complex models. A popular

supervised machine learning algorithm is the decision tree.

Decision trees classify data based on a set of features for each input. The model splits the
data based on feature values and their corresponding class labels by determining the most effective
decision boundary. Decision trees have been used to diagnose coronary artery disease [78] and to
distinguish healthy tissue from cancerous tissue [59]. These models have also been used to perform
logistic regression analysis for gait phase recognition to improve dynamic knee—ankle—foot
orthosis control [9].

Deep learning is a more complex subset of machine learning. Deep learning models require
more training time, but often provide a higher accuracy [10] because they can perform automated
feature extraction and classification concurrently, whereas a feature selection process is required
prior to training a machine learning algorithm. Deep learning methods also require less time during

testing than machine learning techniques if the data set is large.

Recurrent neural networks (RNN), a deep learning approach, are a class of artificial neural
networks that contain both feed-forward and feedback loops, making it possible to loop relevant
information back into the network. RNNs perform well on sequential data, such as handwriting
recognition [62], and have been implemented for gait segmentation, recognizing heel-strikes and
toe-offs by training on data from in-shoe sensors [54]. Long short-term memory (LSTM) is a
popular RNN architecture that, like RNN, has both feedforward and feedback components, and has

the addition of a forget gate that sorts data into short-term and long-term memory cells. This
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process helps to regulate information flow by determining what data should be remembered and
what data can be forgotten, making them ideal for data sets that have gaps between relevant events.
For example, there is constant movement during gait, but a foot strike only occurs once every 0.4—
0.6 s, depending on the walking speed [37]. Recently, LSTM networks have been trained on

smartphone sensor data for human activity recognition [28] and gait cycle detection [71].

The effectiveness of machine learning and deep learning algorithms to classify foot strikes
in lower limb amputee populations using smartphone signals have not yet been evaluated or
compared. This research developed a novel method for automated foot strike detection using
filtered acceleration and gyroscope signals collected from a smartphone during a 6-min walk test,
using both decision tree and LSTM approaches. A viable model will provide the basis for
automated stride parameter calculation and stride segmentation, which is essential for using new

fall risk and health status Al models within clinical environments.

In this paper, Section 2 details the methodology and experimental design. Section 3 details
the results obtained from this research. Section 4 provides a discussion of the results and their

implications. Section 5 provides a conclusion and details future research.
3.3 Methods

Section 2 is structured as follows. Section 2.1 details participant recruitment and
characteristics. Section 2.2 describes the experimental setup and data collection process. Section
2.3 discusses pre-processing, with Section 2.3.1 covering signal filtering and processing and
Section 2.3.2 detailing the manual labelling of the ground truth foot strikes. Section 2.4 describes
the construction of the classification models, where Section 2.4.1 describes the decision tree
classifier and Section 2.4.2 describes the LSTM classifier. Section 2.5 details the evaluation metrics

for classification. Section 2.6 presents the post-processing error correction.
3.3.1  Recruitment and Participants

A convenience sample of 93 transtibial, transfemoral, and bilateral lower limb amputees
were recruited from the University Rehabilitation Institute (Ljubljana, Slovenia). The inclusion
criteria were: transtibial or higher amputation; ability to walk with single cane, 2 crutches, or
without any walking aids; minimum of 6 months post-amputation; had a functional prosthesis; no

wounds on the residual limb; and was willing to participate. Only participants who completed the
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full 6 min were included in this analysis. Excluded trials were due to incomplete trial (15), cell
phone affixed to the side of the hip instead of lower back (5), and use of a non-rolling walker (1).
Therefore, 72 participants (14 female, 58 male, age 62.3 12.7) were included in this study.
Participants included 63 transtibial, 5 transfemoral, and 4 bilateral transtibial amputees. Ten
participants (13.9%) completed the 6MWT with a single cane/crutch, 22 participants (30.6%)
walked with double crutches, and 40 participants (55.5%) walked without gait aids. All participants

provided informed consent.
3.3.2 Data Collection

An Android smartphone was placed on a belt at the lower back of each participant before
completing a 6MWT along a 20 m hallway (Figure 9). Accelerometer, gyroscope, and smartphone
orientation data were collected with the TOHRC Walk Test app at 50 Hz (Figure 10). A 50 Hz
sampling rate is common for walking analysis and is compatible with most smartphone sensor data

collection capabilities. Each participant was video recorded for the duration of their 6MWT.

Figure 9 Experimental set-up: smartphone on posterior pelvis.
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3.3.3  Pre-processing
3.3.3.1 Filtering and Signal Processing

Once the test was complete, data were exported from the smartphone for pre-processing.
Raw accelerometer data, gyroscope data, smartphone orientation, and timestamps for each
recording were imported into MATLAB 2020b. Signals were filtered with a fourth-order zero-lag
Butterworth low pass filter with a cut-off frequency of 4 Hz. Smartphone orientation, XYZ
coordinates for raw and linear acceleration (m/s2), and angular velocity (rads/s) were the input
data. Since smartphone signals are collected at a variable sampling rate, each signal was re-

interpolated at 50 Hz for a total of 18049 data points per participant over the 6-min walk test.
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Figure 10 The Ottawa Hospital Rehabilitation Centre (TOHRC) Walk Test App [2].

3.3.3.2 Manual Ground Truth Labelling

Ground truth steps were manually identified and labelled by two assistants prior to model
training as label 0 (no foot strike present) and label 1 (foot strike present) using the following
procedure. Linear acceleration signals over time were graphed (Figure 11). In a typical gait cycle,

AP acceleration peaks coincide with foot strike events, followed by a vertical acceleration peak.
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Therefore, AP signal peaks immediately followed by a vertical signal peak were identified and the
timestamp recorded as a foot strike event. Participant video was used to confirm timestamps. In
cases where the AP peak was not well defined (e.g., gait irregularity, instability, etc.), a consensus

of the two assistants was made and the most appropriate location was selected. All other timestamps

were consequently labelled as “no foot strike present”.
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Figure 11: Ground truth foot strikes were manually identified prior to model training. Blue vertical lines
indicate the timestamp of a manually identified ground truth label. All other timestamps were consequently

labelled “no foot strike present”.

3.3.4 Classification Models

3.3.4.1 Decision Tree

Models were written and evaluated in Python 4.1. The decision tree classifier and
evaluation metrics were imported from scikit-learn library. Training data included 12 smartphone
signals (3 orientation axes, XYZ coordinates for raw and linear acceleration. and angular velocity)
and the corresponding ground truth labels for each data point. Hyperparameters evaluated included
maximum tree depth and class weighting (1:2, 1:5, 1: 10, 1:20). The default options in the scikit-

learn library were used for all other training parameters.

3342 LSTM

The LSTM model was imported from Keras. Smartphone signals were formatted into data

windows prior to model input. Each window spanned 15 frames (0.3 s) before the class label to 15
26



frames after the label (i.e., total window size of 31 frames). For each of the first 15 data points, the
window size was 31 frames (i.e., current frame plus next 30 frames). Similarly, the previous 30
frames were used for each of the final 15 data points (i.e., previous 30 frames plus current frame).
The 31-frame window size minimized the likelihood of more than one foot strike event occurring
within the same window. Several hyperparameter combinations were evaluated, including batch
size (32, 64, 128), number of hidden LSTM and hidden dense nodes (25, 50, 75, 100), dropout (0.3,
0.4, 0.5), and class weighting (1:2, 1:5, 1:10, 1:20). Since this was a binary classifier, binary cross-
entropy was used as the loss function. Dense layer activation functions included ReLU in the input
layer and sigmoid in the output layer. To evaluate the model, a confusion matrix module was

imported from the sci-kit learn library.
3.3.5  Classifier Evaluation

Five-fold cross validation was used to evaluate performance of both Al models. A temporal
tolerance of 2 frames (0.04 s) was used to match ground truth manually labelled foot strikes labels
with predicted class labels. The results were evaluated based on sensitivity, specificity, accuracy,
and precision. Stride parameters were calculated using both manually labelled ground truth and
predicted foot strikes. The difference between these ground truths and predicted values for step
time, stride time, and cadence were compared to the minimal detectable change (MDC) for each
value. Since MDC was not available for lower limb amputee gait, MDC of stride parameters for
healthy older adults was used [79, 80, 81].

3.3.6  Post-Processing

Foot strike predictions and linear acceleration signals over time were graphed to evaluate
preliminary model performance. Typically, a single foot strike event would correspond with the
AP signal peak. However, upon visual examination of the initial test results, periods of multiple
consecutive predictions of the “foot strike present” class label corresponding to a single AP peak
were observed. The predictions were often located prior to, at the foot strike instance, and
immediately following the AP signal peak, causing a “banded” appearance on the graph. In order
to correct for this “banding”, instances where two or more foot strike classifications occurred
consecutively were identified in MATLAB. The timestamps of the start and end of each period of
multiple foot strikes and the corresponding AP acceleration signal for this period were recorded.

The peak AP acceleration within the period was identified. The foot strike label at this timestamp
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replaced all other foot strike labels in that period (Figure 12).

Figure 12 “Banded” groupings of foot strike predictions surrounding AP signal peak occurred in all
participants. BMWT accelerations are Anterior-posterior (green), vertical (red), and medio-lateral (yellow).
Black vertical lines indicate model foot strike predictions prior to correction. Blue lines indicate ground

truth foot strike labels. Orange lines indicate adjusted predictions corresponding with a peak in AP
acceleration with banded periods.

period specific to each participant’s trial was defined from a 5-s sample of the filtered vertical
acceleration signal from the beginning of the 6MWT trial. The time between positive zero-

crossings for the vertical acceleration signal in the sample was used to calculate the locking period

Acceleration (m/s2)

3

3400

To correct for missed steps, a method similar to Capela et al. [2] was employed. A locking
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based on three procedures:

The default locking period was half the maximum time between zero crossings.
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If the maximum time between zero crossings was greater than 0.6 s, the locking period
was half the mean time between zero crossings.

If the maximum time between zero crossings was less than 0.3 s, the maximum time
between zero crossings was multiplied by 2.

To identify missed steps, periods where the duration between two consecutive steps was

greater than 1.5 times the previous step were identified. The start of the period was increased by
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half the locking period, and end of the period was decreased by the same amount (i.e., so that the
missed step was not inappropriately located at the start or end of the original selected period). A

foot strike was inserted at the timestamp for the peak AP acceleration in this period (Figure 13).
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Figure 13 Missed step (vertical blue line) identified within adjusted search range (black dotted line). Foot
strike inserted (vertical orange line) at timestamp for the peak AP acceleration (green line) in this period.

3.4 Results

A total of 39,561 foot strikes were identified and labelled in the ground truth data,
accounting for 3.04% of total output labels (1,299,528). Table 2 displays confusion matrices for
the decision tree and LSTM models. The best performing decision tree model had a maximum tree
depth of 10 and class weighting of 1:20 (label O: label 1). The decision tree classification accuracy
was 98.7%, sensitivity was 83.0%, specificity was 99.2%, precision was 75.9% and F1-score was
0.79. The LSTM model with the best performance had a batch size of 64, dropout of 0.4, one LSTM
layer with 100 hidden LSTM nodes, one dense layer with 50 hidden dense nodes, and a class
weighting of 1:2 (label O: label 1). The LSTM classification accuracy was 99.0%, sensitivity was
86.4%, specificity was 99.4%, precision was 82.7% and F1-score was 0.85.
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Table 2 Confusion Matrices.

Decision Tree LSTM

Foot Strike | No Foot Strike Foot Strike No Foot Strike
Foot strike 32,849 6,712 Foot strike 34,200 5,361
No foot strike | 10,410 1,244,508 No foot strike | 7,165 1,246,603

Differences in stride parameter outcome measures between manual and automated foot
strikes for each model are displayed in Table 3. The step time and stride time differences were
within the MDC for both models, whereas the differences in cadence were outside the MDC for

both models. The LSTM model had smaller differences overall.

Table 3 Average and standard deviation (in brackets) difference between manual and automated foot strike

stride parameter outcome measures for LSTM and decision tree (DT) models. MDC = minimum detectable

change.
LSTM DT MDC
Step time (s) 0.0010 (0.29) —0.0139 (0.22) 0.042
Stride time (s) —0.0006 (0.26) —0.0149 (0.20) 0.772
Cadence (steps/min) | 12.41 (-4.42) 15.64 (-6.22) 8.44

The automated band and missed step corrections were essential (Table 4). The LSTM
results improved by 8.2% for sensitivity, 3.7% for specificity, 3.9% for accuracy, and, the most

notable increase, 61.9% for precision.

Table 4 Evaluation metrics before and after automated corrections.

Sensitivity | Specificity Accuracy Precision
After correction 86.4% 99.4% 99.0% 83.7%
Before correction | 78.2% 95.7% 95.1% 21.8%

The foot strike identification error was 13.6%. Contributions to this error rate included
automated foot strikes labelled within +/- five frames of manually labelled foot strikes (Figure 14),
automated foot strikes greater than five frames from manually labelled foot strikes (Figure 15),
steps missed by the Al not corrected for (Figure 16), and extra steps inserted by the Al model
(Figure 17).
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Figure 14 Automated foot strike (vertical orange line) inserted within five frames of manually labelled foot

strike (vertical blue line).
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Figure 15 Automated foot strike inserted more than five frames from manually labelled foot strike.
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Figure 16 Manually labelled foot strike not identified by Al model.
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Figure 17 Extra foot strike inserted by Al model.
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3.5 Discussion

This research successfully created an automated foot strike detection model that only
requires smartphone acceleration, angular velocity, and orientation data from a posterior pelvis
location. The LSTM model outperformed the decision tree in all areas of analysis and is the

recommended model for future applications.

Compared to the previous rule-based lower limb amputee foot strike detection model in
[15], the LSTM resulted in an improved foot strike classification. The algorithm described in [15]
performed foot strike identification by using either AP acceleration or vertical acceleration;
whichever provided a smoother signal. The LSTM model was trained on all 12 signals collected
during the 6MWT. The inclusion of additional signals may have resulted in a more accurate foot
strike identification by identifying patterns in all signals where a foot strike occurred. In addition,
the increased complexity of the LSTM architecture may have been better suited to lower limb

amputee gait variability.

Previous research [8] demonstrated that clinically relevant outcomes, such as fall risk, can
be identified in amputees using 6BMWT data and a random forest model. However, automated stride
detection would be required to enable the system to automatically run the model, since data features
are calculated for each stride. Implementation on a smartphone would allow any clinician to
complete a 6MWT assessment and view the stride parameter outcome measures and fall risk status

immediately after completing the trial (i.e., instant reporting).

The LSTM model had a foot strike prediction error rate of 13.6%. When the temporal
tolerance was adjusted from * two frames to * five frames, as employed in Tan et al. [71], the foot
strike prediction error decreased to 12.6%, showing that a small percentage of errors were within
five frames (0.1 s) of the manually labelled foot strike, with 12% of errors occurring more than five
frames away. Interestingly, in some cases where the automated foot strike was predicted to be more
than five frames from the manually labelled foot strike, the Al model may have selected a more
appropriate peak. For example, in Figure 15, a double peak is visible in the AP acceleration signal
(green line). The manually labelled foot strike at frame 1949 corresponds with the first peak and
the automatically labelled foot strike at frame 1955 corresponds with the second and greater peak.
Looking at the previous step and the following step, the manually labelled foot strike corresponds

with an AP acceleration peak immediately prior to a vertical acceleration peak (red). Given this
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pattern in acceleration signals prior to and after this timepoint, the predicted foot strike at frame
1955 is likely to be a more appropriate placement than the label at frame 1949 identified by a

human observer.

Other errors included manually labelled steps that were not identified by the LSTM model
that were not corrected for later, and extra foot strikes inserted in an inappropriate location. The
use of walking aids, such as canes or crutches, can cause double peaks or abnormally-shaped curves
in the acceleration signal, which can lead to these foot strike identification errors. In addition, steps
that occur during a period of instability or if the person is walking asymmetrically (which is
common for lower limb amputees) can cause similar errors. Another factor contributing to the error
rate could be errors in manually identifying the ground truth foot strike events, as described above,

where the visual identification of a foot strike could be off by multiple frames.

The error rate did not adversely affect the clinical outcome measures, where the difference
between the automated and manually labelled foot strike step time and stride time was within the
MDC. The difference in cadence was outside the MDC for both LSTM and decision tree models.
However, the MDC for these parameters was not available for lower limb amputees; instead, values
were compared with healthy older adult MDC. This suggests that, when extracting stride
parameters from the 6MWT in lower limb amputees, clinical outcome measures from the

automated foot strikes are equivalent to measures calculated from manually labelled events.

For both models, postprocessing to select one event within “banded” predictions was
necessary to improve the model performance. Repetitive series of foot strike predictions sur-
rounding the manually labelled ground truth foot strikes resulted in a greater number of false
positives and fewer true negatives, affecting all classification results, and, in particular, there was
a notable decrease in precision (Table 4). Band correction was very effective in automatically
selecting the appropriate acceleration peak and post-processing could be integrated with the LSTM

into a future smartphone application for foot strike identification.

This research had several limitations. Only those who completed the full 6MWT were
included in this research. While stopping to rest during the 6MWT is permitted, the inability to
complete the full 6 min is an indication of impairment that could be clinically relevant. As such,
excluding them from the training data could limit model generalizability, reducing the accuracy for

patients of decreased ability levels. A larger subset of people not completing the 6MWT would be
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required to improve the model. In addition, while participants with canes and crutches were
included, those using non-rolling walkers were excluded from this analysis. Further subgroup
analyses should be completed to investigate if the current model is also applicable to these groups.
Since the study population sample only included five people with transfemoral amputation and four
with bilateral amputation, further research could be performed to determine if the model would

improve with more participants with these characteristics in the training set.
3.6 Conclusions

Foot strike identification is essential to define the gait cycle and calculate stride parameters.
Al tools for clinical analysis (e.g., fall risk classification) rely on proper gait segmentation to
calculate step-based features. In lower limb amputees, manual step identification was required due
to the high gait variability and irregularity, limiting the clinical viability of such tools in this
population [8]. This research developed a novel LSTM approach for automated foot strike detection
in lower limb amputee populations using smartphone sensor signals at the posterior pelvis. An
LSTM deep learning model was more effective for foot strike identification in lower limb amputees
than a decision tree machine learning model. Post-processing further improved the classification
results. Stride parameters calculated using predicted foot strikes were equivalent to those calculated
from manually labelled foot strikes, demonstrating that the automated foot strikes with smartphone
sensor data could be viable for clinical analysis. Future research could include a sub-group analysis
of participants who did not complete the full SBMWT and those using mobility aids, such as wheeled
walkers, since using these aids can provide signal characteristics that confuse Al classifiers.
Additionally, this model could be validated for use in other disability groups, such as Parkinson’s
disease or cerebral palsy. The implementation of this foot strike detection model on a smartphone,
as an improvement to the TOHRC Walk Test app, for example, would bring the advancements
from this research to daily clinical use and improve clinical decision making for the lower limb

amputee population.
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4 Automated step detection with 6-minute walk test smartphone sensors

signals for fall risk classification in lower limb amputees

This chapter addresses Objective 2 by evaluating a random forest model for fall risk
classification in lower limb amputees. Step-based features were calculated using automated and
manually labelled foot strikes and their ability to classify fall risk was compared. Sensitivity for
automated and manually labelled foot strikes was equal, but specificity was lower for automated
foot strikes.

The content of this chapter was submitted for publication to PLOS Digital Health.

Pascale Juneau, Edward D. Lemaire, Helena Burger, Andrej Bavec, and Natalie Baddour.
Artificial intelligence-based fall risk classification and automated foot strike detection in lower

limb amputees from smartphone sensors.

4.1 Abstract

Predictive models for fall risk classification are valuable for early identification and
intervention for people at risk of falling. However, lower limb amputees are often neglected in fall
risk research despite having increased fall risk compared to age-matched able-bodied individuals.
Previous research developed a random forest fall risk classification model for lower limb amputees
using smartphone signals collected during a six-minute walk test (6MWT), but manual labelling of
foot strikes was required for feature calculation. Compared to manual foot strike labelling, how
effective are features calculated from automated foot strike identification for fall risk classification
in lower limb amputees? 80 participants (27 fallers, 53 non-fallers) with lower limb amputations
completed a 6MWT with a smartphone attached to their posterior pelvis. Smartphone orientation,
accelerometer, and gyroscope signals were collected with The Ottawa Hospital Rehabilitation
Centre (TOHRC) Walk Test app. Automated foot strike detection was completed using a new Long
Short-Term Memory (LSTM) deep learning approach. Step-based features were calculated using
manually labelled foot strikes or automated foot strikes from smartphone signals. A random forest
model was used to classify fall risk. The LSTM classified foot strike and non-foot strike events
with 99.2% accuracy. Manually-labelled foot strikes correctly classified fall risk for 64 of 80

participants (accuracy 80%, sensitivity 55.6%, specificity 92.5%). Automated foot strikes correctly
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classified 58 of 80 participants (accuracy 72.5%, sensitivity 55.6%, specificity 81.1%). Both
approaches had the same fall risk classification results, but automated foot strikes had 6 more false
positives. This research showed that automated detected foot strikes can be used to calculate step-
based features for fall risk classification in lower limb amputees. Automated foot strike detection
and fall risk classification could be integrated into a smartphone app to provide fall risk assessment
immediately after completing a 6MWT.

4.2 Introduction

Falls are the leading cause of death by unintentional injury in Canada [82] and the second
highest cause worldwide [83], with adults aged 65 and older at the highest risk [84]. While most
falls are non-fatal, injury and permanent disability are common. On average, 20% of falls
experienced by older adults in the U.S. resulted in an injury [85]. Early identification and
intervention for those at an elevated risk is critical to preventing falls and prolonging well-being.
Screening tests such as the Timed Up and Go (TUG) can be used to identify those at elevated risk
of falling. While single screening tests can be easy to administer and completed in minutes, they
are often done in tandem with a battery of other movement assessments that can be time-consuming

and draining for both patient and clinician.

Artificial intelligence (Al) has been proposed as a method for fall risk prediction and
classification in the elderly by using wearable sensors to collect data during different movement
assessments [86, 87, 88]. For example, waist-mounted triaxial accelerometer data collected during
the TUG were used to train machine learning algorithms, such as logistic regression, to estimate
postural stability and classify individuals as fall risk or non-fall risk [89]. Another commonly used
movement assessment is the six-minute walk test (6MWT), which evaluates functional capacity
and can be completed in most clinical settings. While the 6MWT is not clinically used for fall risk
predictions, Drover et al. [20] used accelerometer data from the pelvis and shank during a 6BMWT
to train a random forest model to classify fall risk in an elderly population (73.4% accuracy). This
demonstrated that richer knowledge can be extracted from a simple movement assessment instead

of requiring multiple assessments from the patient.

While seniors account for a large proportion of fallers, people with lower limb amputations
are also at elevated risk of falling at all stages of rehabilitation and also post-rehabilitation. People

with lower limb amputations have highly variable gait patterns, even if they are very active [3].
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This variability can result in greater instability, leading to a higher likelihood of falling than age-
matched able-bodied populations [5]. Until recently, despite the high prevalence of falls in the
lower limb amputee population, there was limited research available for classifying fall risk using
artificial intelligence. Daines et al. [8] proposed a method for fall risk classification in a lower limb
amputee population using sensor data from a smartphone located at the posterior pelvis during a
6MWT. Most smartphones have integrated sensors (e.g., accelerometers, gyroscopes,
magnetometers), are widely available, and are an accessible alternative to specialized dedicated
equipment. Smartphone accelerometer and gyroscope signals were used to train a random forest
machine learning model. Manually labelled foot strikes from turns during the 6MWT were used to
calculate features from the raw smartphone signals. The random forest model achieved 81.3% fall
risk classification accuracy. However, manual foot strike labelling is time-consuming (i.e., project
assistant inspected each acceleration signal and video data frame to identify each foot strike) and
not viable for clinical use. Automated foot strike detection would improve the feasibility of
implementing a fall risk classification model in a clinical setting. Rule-based algorithms can
identify steps in elderly individuals with very high accuracy (99.95%) [2]. However, the unstable
and asymmetrical gait of lower limb amputees makes foot strike detection challenging. There is
limited research on heuristic models for foot strike detection in lower limb amputees, though the
dataset is small, and often use sensors located at the lower limb [14, 53]. Thibault et al. [15]
explored a custom rule-based algorithm for foot strike identification in the same retrospective lower
limb amputee 6MWT dataset as [8] using only the anterior-posterior (AP) linear acceleration
signal. The rule-based approach resulted in 87% foot strike identification accuracy, noting that
steps often needed to be removed, added, or relocated, suggesting that a more complex algorithm

may be required to analyze irregular gait patterns in lower limb amputees.

Recently, a novel method for automated foot strike detection in lower limb amputees using

a deep learning approach was developed [90]. A long-short term memory (LSTM) deep learning
approach was trained on smartphone signal data collected during a 6MWT completed by lower
limb amputees. Smartphone orientation, XYZ coordinates for raw and linear acceleration, and
angular velocity collected from the posterior pelvis were used as input. The approach in [90]
achieved 99.0% foot strike identification accuracy and stride parameters calculated from these
automated foot strikes were equivalent to those of manually labelled foot strikes for most
participants. These results suggested that automated foot strike methods can be used to calculate
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temporal features such as step time, stride time, and cadence for clinically decision-making.
Therefore, this study sought to further validate the clinical usefulness of automatically-labelled

foot strikes for fall risk classification.

To develop a fall risk classification tool that would be accessible to clinicians, automated
foot strike detection is essential since the fall risk model’s features are based on stride analysis, and
foot strikes are needed to define each stride. This research compared fall risk classification
accuracy of the random forest fall risk classifier in [8] using manually labelled foot strikes to
automated foot strike detection. Successful fall risk classification with automated foot strike
detection could lead to an accessible smartphone-based tool to enhance 6MWT utility by
identifying people who may be at risk of falling without using another specific fall risk test.

4.3 Methods
4.3.1 Participants

A convenience sample of 93 transtibial, transfemoral, and bilateral lower limb amputees
were recruited from the University Rehabilitation Institute (Ljubljana, Slovenia) (Table 5). Clinical
records provided self-reported number of falls, with falling at least once in the past six months
prior to testing considered fall risk. The inclusion criteria were: transtibial or higher amputation;
ability to walk with single cane, two crutches, or without any walking aids; minimum of six months
post-amputation; had a functional prosthesis; no wounds on the residual limb; and was willing to
participate. Participants who could not complete the full BMWT test were excluded from analysis.
Excluded trials were due to unknown fall risk status (8) and cell phone affixed to the side of the

hip instead of lower back (5).

All participants provided informed consent. This research was approved by the Ethic
Committee of the University Rehabilitation Institute, Slovenia (# 46/2018) and re-approved for an
additional 30 participants (# 27/2019). Each participant’s self-reported fall history was used for

classifying participants as “no fall risk” or “fall risk”.
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Table 5 Participant characteristics. Data presented as mean + SD (range) or number (percentage).

Characteristic Value

Age (years) 64.2 +12.2 (19-90)
Male 63 (78.8%)

Female 17 (21.2%)

Fall risk 27 (33.8%)

No fall risk 53 (66.2%)
Transtibial 72 (90.0%)
Transfemoral 3 (3.8%)

Bilateral (Transtibial) 5 (6.2%)

Time since amputation (years) 15.7 + 18.0 (<1-65)
No aids 42 (52.5%)

Double crutches 25 (31.3%)

Single cane/crutch 12 (15.0%)

Rolling walker 1(1.2%)

4.3.2 Data Collection

An Android smartphone was placed on a belt at the lower back of each participant before
completing a 6-minute walk test (6MWT) along a 20m hallway (Figure 18). Each participant
completed one trial. Participants were video recorded during their assessment. Accelerometer,
gyroscope, and smartphone orientation data were collected with The Ottawa Hospital
Rehabilitation Centre (TOHRC) Walk Test app at 50 Hz [2]. Raw accelerometer data, gyroscope
data, smartphone orientation, and timestamps for each recording were imported into MATLAB
2020b. Smartphone signals were re-interpolated to 50Hz using linear interpolation, then a fourth-

order zero-lag Butterworth low pass filter with a cut-off frequency of 4 Hz was applied [91].
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Figure 18 Experimental set-up.

4.3.3  Step ldentification and Fall Risk Classification

Ground truth steps were manually identified and labelled by two assistants prior to model
training as label 0 (no foot strike present) and label 1 (foot strike present) using the following
procedure. Smartphone linear acceleration over time was graphed. Foot strike events typically
correspond to AP acceleration peaks followed by a vertical acceleration peak. Therefore, AP signal
peaks immediately followed by a vertical signal peak were identified and the timestamp recorded
as a foot strike event. Participant video was used to confirm foot strike identification. In cases
where the foot strike event was not easily determined due to poor AP peak definition, double-peak,
or irregular signal shape, the most appropriate location was determined by consensus. All other

timestamps were consequently labelled as “no foot strike present”.

The automated step-detection approach is described in detail in [90]. Smartphone 3D
orientation, acceleration, and angular velocity signals from 6MWT trials were used as input data
for an LSTM deep-learning approach for foot strike identification. Predicted foot strike labels were
post-processed in MATLAB 2020b to correct for model prediction errors. This included extra foot
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strike predictions and missed steps. To identify missed steps, a method similar to that employed by
Capela et [2] was applied. An adaptive locking period specific to each participant’s trial was
defined from a 5 second sample of the filtered vertical acceleration signal from the beginning of
the 6BMWT trial. Periods where the duration between two consecutive steps was greater than 1.5
times the previous step were identified and searched for potential missed steps. The start of the
period was increased by half the locking period, and end of the period was decreased by the same
amount to prevent an inappropriately inserted step at the start or end of the original selected period.
A foot strike was inserted at the timestamp for the peak AP acceleration within the adaptive locking
period (Figure 19). Extra predictions were removed by identifying instances where two or more
consecutive foot strike classifications occurred. The start and end of periods of consecutive
predictions were located and the peak AP acceleration within the band was identified. The foot
strike event corresponding to the AP peak was selected and all other predictions in this period were

removed. Final cleaned predictions were used for feature calculation.

A random forest machine learning model developed by Daines et al. [8] was used for
amputee fall risk classification. To evaluate the fall risk model using input based on manually
labelled foot strikes or automated foot strike detection, two sets of features were calculated.
Smartphone acceleration and angular velocity signals were used to calculate step-based features,
using manually labelled foot strikes (M-FS) or automated foot strikes (A-FS). 62 features were
extracted for each feature set (Table 6). Once features were extracted for each step, the minimum,
maximum, mean, and standard deviation were calculated over all included steps for a total of 248
features (62 features multiplied by 4 statistics) per data set (i.e., 248 features each for M-FS and
A-FS groups). The random forest fall risk model was trained using M-FS features and A-FS
features to classify fall risk for each person, with results compared to the participant’s ground truth
fall risk. Correlation-based feature selection (CFS) was used to reduce dimensionality, based on
research completed in [8]. Leave-one-out cross validation was used to evaluate the performance of

the model.
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Figure 19 Example frame demonstrating locking period. A missed step (vertical blue line, frame 1468)
identified within adjusted search range (black dotted line). A foot strike was inserted (vertical orange line,
frame 1468) at timestamp corresponding to the peak AP acceleration (green curve) in this period.

4.4 Results

For this study, 80 participants were suitable for fall risk classification, 27 fall risk and 53
no fall risk. Table 7 displays the fall risk classifier confusion matrices for A-FS and M-FS. The fall
risk classifier trained on features calculated from M-FS correctly classified 64 of 80 participants
and achieved 80% accuracy, 55.6% sensitivity, 92.5% specificity, 78.9% precision and F1-score
of 0.65. The A-FS approach resulted in 58 of 80 correctly classified participants and achieved
72.5% accuracy, 55.6% sensitivity,81.1% specificity, 60.0% precision and F1-score of 0.58.

Classification of fall risk was the same for both foot strike identification groups.

Manual labelling was used as ground truth comparator for LSTM foot strike identification.
For the participants included in this analysis, the LSTM foot strike identification model achieved
99.2% accuracy, 81.8% sensitivity, 99.7% specificity, 90.2% precision, F1-score of 0.86.
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Table 6 Feature list for fall risk classification. AP = anterior-posterior; ML= medio-lateral; RMS= root-

mean square; FFT= fast Fourier transform; REOH= ratio of even/odd harmonic frequencies

Temporal Descriptive Statistics Frequency Domain Features
Cadence Minimum ML Quartile FFT ML
Step time right Minimum AP Quartile FFT AP

Step time left

Minimum Vert

Quiartile FFT Vert

Stride time

Maximum ML

Quiartile FFT Tilt

Symmetry index Maximum AP Quartile FFT Rotation
Maximum Vert Quartile FFT Obliquity
Mean ML Maximum FFT ML
Mean AP Maximum FFT AP
Mean Vert Maximum FFT Vert
Mean Tilt Maximum FFT Tilt

Mean Rotation

Maximum FFT Rotation

Mean Obliquity

Maximum FFT Obliquity

Range Tilt

Standard Deviation FFT ML

Range Rotation

Standard Deviation FFT AP

Range Obliquity

Standard Deviation FFT Vert

Standard Deviation ML

Standard Deviation FFT Tilt

Standard Deviation AP

Standard Deviation FFT Rotation

Standard Deviation Vert

Standard Deviation FFT Obliquity

Standard Deviation Tilt

Peak Distinction FFT ML

Standard Deviation Rotation

Peak Distinction FFT AP

Standard Deviation Obliquity

Peak Distinction FFT Vert

RMS ML

Peak Distinction FFT Tilt

RMS AP Peak Distinction FFT Rotation
RMS Vert Peak Distinction FFT Obliquity
RMS Tilt REOH ML
RMS Rotation REOH AP
RMS Obliquity REOH Vert

REOH Tilt

REOH Rotation

REOH Obliquity

Symmetry index: symmetry in right and left limb step times [92]

Table 7 Confusion matrices

A-FS M-FS

No fall risk Fall risk No fall risk Fall risk
No fall risk 43 10 No fall risk 49 4
Fall risk 12 15 Fall risk 12 15
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4.5 Discussion

This research demonstrated that automated foot strike identification can be used to calculate
step-based features for the purpose of classifying fall risk in lower limb amputees. Fall risk
classification was similar for both automated and manually labelled foot strike approaches, but the
automated foot strike fall risk approach had more false positives (i.e., non-fall risk classified as fall
risk). Automated foot strike detection is necessary in a clinical environment, where timely manual
labelling is not feasible. A smartphone-based fall risk classification model from a 6MWT can
benefit the patient and clinician since one assessment with a single sensor placement can provide

functional capacity, stride parameters, and preliminary fall risk information.

Over 50% of fall risk participants and >70% of non-fall risk participants were correctly
classified from signals collected during a 6MWT. The 6MWT is used to measure a person’s
functional capacity, and fall risk information is not typically available from this assessment. A
smartphone application integrating the automated foot strike detection with fall risk classification
could provide fall risk information to a clinician immediately after completing a 6MWT. While
some people at risk of falling may not be identified, this should not negate the benefit of
appropriately classifying more than half of the people, and thereby enabling interventions that can
help maintain their safe mobility. However, to ensure that those who are at risk of future falls, but
were misclassified as no fall risk, are not overlooked, patients should complete an additional
assessment with higher fall risk sensitivity (e.g., TUG) to determine if an intervention strategy is

necessary.

Six additional people who had not fallen in the 6 months previous to the study were
misclassified as fall risk when features were calculated from automated foot strikes. A sub-group
analysis of these participants did not identify any notable similarities that might explain their
misclassification. They had varying ages, time since amputation, gait aid use, etc., mirroring the
diversity of the people included in this study. Fall mechanisms are diverse and individual
differences from person to person can contribute to the cause of a fall. Additional participant
information other than fall history could be used to improve fall risk model performance. For
example, an individual’s score on a balance test could be informative since lower limb amputees
who demonstrate better balance, and greater balance confidence, are at a greater risk of falling [3].

More research is needed to better understand these mechanisms and determine what, if any, gait
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characteristics can be used to predict fall risk when using Al for fall risk classification.

Foot strike identification accuracy of the 6 participants misclassified as fall risk was also
investigated. For these 6 participants, the LSTM foot strike identification model had 99.1%
accuracy, 79.8% sensitivity, and 99.7% specificity. While the accuracy and specificity were similar
to the classification results of the full dataset, sensitivity was 2% lower, representing a greater
number of missed foot strikes. Errors in foot strike identification could have contributed to the
misclassification of these participants. Increasing the training set size for foot strike identification

and may help to improve foot strike detection and increase specificity.

As described in [15], amputee gait differs greatly from the able-bodied population. People
with lower limb amputations have more irregular and asymmetrical gait and the use of canes or
crutches during walking can result in abnormally-shaped AP acceleration curves. Due to this, rule-
based methods for foot strike detection were not as effective. Incorrectly identified foot strikes
could adversely affect gait cycle segmentation and stride outcome measures for models that use
step and stride-based features. Indeed, manual step identification can be affected similarly if the
acceleration curves do not have distinct peaks or if they are abnormally shaped due to unexpected
movements or gait aids. The deep learning foot strike classification approach described in [90] was
able to detect foot strikes in this population from smartphone sensor signals without requiring
feature extraction, demonstrating an improvement over the rule-based method developed by Capela
etal. [2, 15].

The LSTM, with post-processing to correct errors such as extra predictions and missed
steps, classified foot strike and non-foot strike events with 99.2% accuracy for the participants in
this analysis. Other errors in foot strike identification included foot strike predictions that were
within +2 frames (£0.04 seconds). Some errors could not be corrected during post-processing, such
as manually labelled steps that were not identified by the LSTM and extra foot strikes inserted in
an inappropriate location. Despite these errors, clinical outcome measures, including stride

parameters, were equivalent to manually labelled foot strikes for most participants.

A limitation of this research was the small number of people with transfemoral and bilateral
amputations included in the dataset. While transtibial amputees are at a higher risk of falling in the
post-operative period, people with transfemoral and bilateral amputations are at an elevated risk of

falling post-rehabilitation [30, 31]. A greater number of transfemoral and bilateral participants
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included in training and testing sets could improve fall risk model generalizability. Future research
in this area would benefit from a greater number of transfemoral and bilateral amputees, with sub-

group analysis.
4.6 Conclusions

This study demonstrated that automatically detected foot strikes from a single smartphone
sensor location on the body can be used to calculate step-based features for lower limb amputees
after completing a 6MWT, leading to preliminary fall risk classification, an outcome that is not
typically available for the 6MWT. This Al-enhanced 6MWT could be used to screen for people at
risk of falls and then proceed with further assessments. Integration of this fall risk model into a
smartphone application would improve the immediacy of the results, providing instant decision-
making information. Future model development should include a greater number of people with
transfemoral and bilateral transtibial amputations. This could improve the ability of the fall risk

model to appropriately identify fall risk in these populations for further clinical assessment.
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5 Amputee fall risk classification using machine learning and smartphone

sensor data from 2-minute and 6-minute walk test

This chapter addresses Objective 3 by evaluating the ability of an LSTM trained on
smartphone signals from two minutes or six minutes of data to identify foot strikes in the first two
minutes of data. An LSTM was trained on 6MWT data and then re-trained on data from the first
two minutes of the test. Foot strike identification accuracy was compared. Two minutes of data
was not sufficient to detect foot strikes with the LSTM, so clinical outcome measures should be

calculated using automated foot strikes identified by the LSTM trained on 6-minute data.

This chapter also addresses Objective 3 by evaluating a random forest model for fall risk
classification in lower limb amputees using features calculated from 2 minutes of data. Features
calculated using automated and manually labelled foot strikes identified in the first two minutes of
6MWT data were used to classify fall risk in amputees and their performance compared. Less than
50% of fall risk participants were correctly classified using automated foot strikes and 2 minutes

of data.

The content of this chapter was published in Sensors.

Pascale Juneau, Natalie Baddour, Helena Burger, Andrej Bavec, and Edward D. Lemaire.
Amputee fall risk classification using machine learning and smartphone sensor data from 2-minute
and 6-minute walk test. 2022, 22(5):1749. https://doi.org/10.3390/s22051749

5.1 Abstract

The 6-min walk test (6MWT) is commonly used to assess a person’s physical mobility and
aerobic capacity. However, richer knowledge can be extracted from movement assessments using
artificial intelligence (Al) models, such as fall risk status. The 2-min walk test (2MWT) is an
alternate assessment for people with reduced mobility who cannot complete the full 6MWT,
including some people with lower limb amputations; therefore, this research investigated
automated foot strike detection and fall risk classification using data from a 2MWT. A long short-
term memory (LSTM) model was used for automated foot strike detection using retrospective data
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(n = 80) collected with the Ottawa Hospital Rehabilitation Centre (TOHRC) Walk Test app during
a 6-min walk test (6MWT). To identify foot strikes, an LSTM was trained on the entire six minutes
of data, then re-trained on the first two minutes of data. The validation set for both models was
ground truth foot strike labels from the first two minutes of data. Foot strike identification with the
6-min model had 99.2% accuracy, 91.7% sensitivity, 99.4% specificity, and 82.7% precision. The
2-min model achieved 98.0% accuracy, 65.0% sensitivity, 99.1% specificity, and 68.6% precision.
To classify fall risk, a random forest model was trained on step-based features calculated using
manually labeled foot strikes and automated foot strikes identified from the first two minutes of
data. Automated foot strikes from the first two minutes of data correctly classified fall risk for 61
of 80 (76.3%) participants; however, <50% of participants who fell within the past six months were
correctly classified. This research evaluated a novel method for automated foot strike identification
in lower limb amputee populations that can be applied to both 6MWT and 2MWT data to calculate
stride parameters. Features calculated using automated foot strikes from two minutes of data could
not sufficiently classify fall risk in lower limb amputees.

5.2 Introduction

The six-minute walk test (6MWT) is a sub-maximal movement assessment used to evaluate
aerobic capacity and mobility [93]. The 6MWT was originally developed for those with chronic
respiratory or cardiovascular disease [94], but is now used to assess a number of populations,
commonly older adults, people who have suffered a stroke, people with Parkinson’s disease, and
lower limb amputees [95, 96, 97, 98]. The test is brief and requires minimal set up and space
(minimum 12m) [99]. Participants are allowed to walk with mobility aids, stopping is allowed if
needed, and distance walked moderately correlates with more complex aerobic capacity tests, like
V02 max, minimizing the burden for patient and clinician [100, 101, 102, 103, 104]. However,
some people are unable or unwilling to complete a 6MWT due to limited mobility. The two-minute
walk test (2MWT) is a similar assessment to the 6MWT but only requires two minutes of walking.
Distances walked during a 2MWT correlate well with distance walked during a 6MWT, so the
2MWT is a viable alternative [105, 106, 107].

Recent research has sought to extract richer information from 2MWT and 6MWT using
artificial intelligence (Al). The Ottawa Hospital Rehabilitation Centre (TOHRC) Walk Test app

collects acceleration, angular velocity, and orientation data from a smartphone during walking.
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These smartphone signals can then be used to automatically detect foot strikes. Foot strike detection
IS a necessary step in gait analysis because a foot strike defines the start and end of a gait cycle and
can be used to calculate stride parameters such as step time and cadence. Capela et al. [108]
demonstrated that smartphone signals collected using the TOHRC Walk Test app could be used as
input data in a rule-based algorithm to identify foot strikes and calculate stride parameters for a
2MWT or 6MWT in able-bodied participants. Capela et al. [2] further examined that, when applied
to 6MWT smartphone data of healthy older adults, the rule-based algorithm identified foot strikes
with 99.9% accuracy. With the TOHRC Walk Test App, stride parameters are calculated
immediately after completion of the walk test to provide real-time reporting to a clinician.
However, when a similar rule-based algorithm was applied to lower limb amputee gait data,
accuracy decreased to 87.0% and offline error correction was required [15]. Amputee gait differs
markedly from healthy adults, which can make it difficult for Al algorithms to automatically detect

steps.

Juneau et al. [90] developed a novel long-short term memory (LSTM) deep learning
approach for automated foot strike detection in lower limb amputees. The LSTM was trained on
filtered smartphone signals collected from the TOHRC Walk Test app during a 6MWT. Foot strike
and non-foot strike events were classified with 99.0% accuracy, using offline error correction.
Stride parameters calculated from the automated foot strikes were equivalent to manually labelled
results for most participants. Stride parameters are not an outcome measure that is typically
available from a 6MWT, demonstrating that clinical outcome measures can be calculated using
automated foot strikes from 6MWT data.

Lower limb amputees typically have greater instability and higher variability during
walking than healthy older adults, leading to elevated risk of falling [5]. Due to this, people may
prefer to complete a 2MWT instead of a 6MWT. However, the deep learning automated foot strike
approach has not yet been validated with 2MWT data. The LSTM foot strike identification model
described in [90] was originally trained on data from a 6MWT; however, it is possible that a new
algorithm specific to 2MWT data is required. Therefore, this study evaluated LTSM foot strike
identification accuracy on 2MWT data after the model was trained on signals from a 6MWT or
signals from a 2MWT, stride parameters were compared between automated foot strikes and
manually labelled foot strikes and fall risk classification was assessed using step-based features

from automated and manually labelled foot strikes. A successful 2MWT model would enhance the
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range of applications for this smartphone-based assessment approach, thereby enhancing access
and immediacy of movement-based analyses for people with physical disabilities.

5.3 Methods
5.3.1 Recruitment and Participants

A convenience sample of 93 transtibial, transfemoral, and bilateral lower limb amputees
were recruited from the University Rehabilitation Institute (Ljubljana, Slovenia) and gave informed
consent for this study (Table 8). This research was approved by the Ethic Committee of the
University Rehabilitation Institute, Slovenia (# 46/2018) and re-approved for an additional 30
participants (# 27/2019).

Table 8 Participant Characteristics. Data presented as mean = SD (range) or number (percentage).

Characteristic Value

Age (years) 64.2 £12.2 (19-90)
Male 63 (78.8%)

Female 17 (21.2%)

Fall risk 27 (33.8%)

No fall risk 53 (66.2%)
Transtibial 72 (90.0%)
Transfemoral 3 (3.8%)

Bilateral (Transtibial) 5 (6.2%)

Time since amputation (years) 15.7 £ 18.0 (<1-65)
No aids 42 (52.5%)

Double crutches 25 (31.3%)

Single cane/crutch 12 (15.0%)

Rolling walker 1(1.2%)

Each participant’s self-reported fall history was used to classify participants as no fall risk
or fall risk. Participants were considered a fall risk if they reported falling at least once in the past
six months prior to testing. The inclusion criteria were: transtibial or higher amputation; ability to
walk with single cane, two crutches, or without any walking aids; minimum of six months post-
amputation; had a functional prosthesis; no wounds on the residual limb; and was willing to
participate. Excluded trials were due unknown fall risk status (8 participants) and cell phone affixed

to the side of the hip instead of lower back (5 participants).
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5.3.2 Data collection

Each participant completed a 6MWT along a 20 m hallway with an Android smartphone
affixed to the posterior pelvis (Figure 20). The 6MWT was video recorded using a second Android
smartphone for each participant. The TOHRC Walk Test app collected smartphone acceleration

(m/s), angular velocity (rads/s), and smartphone orientation at an average of 50 Hz [2].
5.3.3  Pre-Processing
5.3.3.1 Filtering and Signal Processing

Raw accelerometer data, gyroscope data, smartphone orientation, and timestamps were
exported for pre-processing and were imported into MATLAB 2020b. Signals were filtered with a
fourth-order zero-lag Butterworth low pass filter with a 4Hz cut-off frequency. Since smartphone
signals have a variable sampling rate, each signal was re-interpolated at 50 Hz for a total of 18049

data points per signal per participant over the 6SMWT [109, 110].

Figure 20 Experimental set-up: smartphone on posterior pelvis.
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To determine if the automated foot strike detection model from [90] can predict foot strikes
in 2MWT data, a simulated 2MWT dataset was created. The first two minutes of the 6MWT trial
was determined to replicate most closely that of a 2MWT, so the first two minutes of each

participant’s trial was exported for a total of 6000 data points per participant.

5.3.3.2 Manual Ground Truth Labelling

Two assistants manually identified and labelled ground truth steps prior to model training.
The two class labels were label 0 (no foot strike) and label 1 (foot strike) and were identified using
the following procedure. Linear acceleration signals over time were graphed and anterior-posterior
(AP) acceleration signal peaks were identified (Figure 21). Usually, foot strike events correspond
with AP acceleration peaks that are followed by a peak in vertical acceleration. Acceleration signals
matching this pattern were visually identified and a foot strike event was recorded at the timestamp
of AP signal peaks immediately followed by a vertical signal peak. Timestamps were confirmed
using participant video. An agreement of the two assistants was required in cases where the AP
peak was not well defined or in cases of multiple peaks to select the most appropriate location for

the foot strike event. All other timestamps were therefore labelled as “no foot strike”.
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Figure 21 Filtered smartphone signals over time. Medio-lateral acceleration (yellow curve), vertical
acceleration (red curve), and anterior-posterior (AP) acceleration (green curve) were used to identify ground
truth foot strikes. Typically, foot strikes correspond with a AP acceleration peak followed by a vertical
acceleration peak. Video recording of the trial was used to confirm the timestamp of foot strikes. Vertical
blue lines indicate frames manually identified as ground truth labels.
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5.3.4  Foot Strike Classification Models

An LSTM deep learning approach was developed and evaluated for automated foot strike
detection in [90]. The model was written and evaluated in Python 4.2. The LSTM layer was
imported from Keras [111] and several hyperparameter combinations were evaluated. The LSTM
from [90] with the best performance was subsequently used for this analysis, with 100 hidden nodes
in the LSTM layer, 50 hidden nodes in the dense layer, a batch size of 64, and a dropout value of
0.4. Smartphone orientation, XYZ coordinates for raw and linear acceleration (m/s2), and angular

velocity (rads/s) from the full 6BMWT and the first two minutes of walk test data were the input.

Smartphone signals were formatted into data windows prior to model input. Each window
spanned 15 frames (0.3 s) before the class label to 15 frames after the label. For the first 15 data
points, 30 frames after the class label were used. Similarly, the previous 30 frames were used for
the final 15 data points. The 31-frame window size (i.e., 15 before, labelled frame, 15 after) was
selected to minimize the likelihood of multiple foot strike events occurring within the same window

of signal data.

The LSTM foot strike identification model was trained and evaluated twice, initially trained
on the full six minutes of data (6M-FS model) and then trained on the first 2 minutes from the
6MWT, to approximate a 2ZMWT trial (2M-FS). The validation set for both models was ground
truth labels from the first two minutes of data (i.e., the same set to enable direct foot strike

comparison between models).
5.3.5 Foot Strike Model Evaluation

Five-fold cross validation was used to evaluate performance of both foot strike models. A
temporal tolerance of £2 frames (£0.04 s) was used to match ground truth manually labelled foot
strikes with predicted class labels. Evaluated metrics were sensitivity, specificity, accuracy, and

precision.

Stride parameters were calculated using both manually labelled and automated foot strikes.
The difference between step time, stride time, and cadence from each group was calculated. These
differences were compared to the minimal detectable change (MDC) for each stride parameter.
Since MDC was not available for lower limb amputee gait, stride parameter MDC for healthy older
adults was used [79, 80, 81].
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5.3.6  Post-Processing

In [90], periods of repeated foot strike predictions corresponding with a single AP
acceleration peak were observed in the preliminary data. This was also observed for the model
trained on 2MWT data. Predicted foot strike labels were post-processed in MATLAB 2020b to
correct for model prediction errors, including extra foot strike predictions and missed steps. Extra
predictions were removed by identifying instances where two or more consecutive foot strike
classifications occurred. The start and end of periods of consecutive predictions were located and
the peak AP acceleration within the band was identified. The foot strike event corresponding to the
AP peak was selected and all other predictions in this period were removed. To identify missed
steps, periods where the duration between two consecutive steps was greater than 1.5 times the
previous step were identified. An adaptive locking period was applied and searched for potential
missed steps. Within the adaptive locking period, the AP acceleration peak was identified, and a
foot strike was inserted at this timestamp. Final cleaned predictions were used for feature

calculations.
5.3.7 Feature Calculations and Fall Risk Classification

A random forest machine learning model developed by Daines et al. [8] was used for
amputee fall risk classification. Smartphone acceleration and angular velocity signals were used to
calculate step-based feature sets, one using automated foot strikes from the 6M-FS model, one
using automated foot strikes from the 2M-FS model, and a comparator set using manually labelled
foot strikes. 62 features were extracted for each feature set (Table 9). Once features were extracted
for each step, the minimum, maximum, mean, and standard deviation were calculated over all

included steps for a total of 248 features (62 features multiplied by 4 statistics) per data set.
5.4 Results

A total of 12,308 foot strikes were identified and labelled in the first 2 minutes of walk test
data, accounting for 3.06% of total output labels (402,000). Table 10 displays foot strike
classification confusion matrices for the 6M-FS and 2M-FS models. The 6M-FS accuracy was
99.2%, sensitivity was 91.7%, specificity was 99.4%, precision was 82.7%, and F1-score was 0.87.
The 2M-FS accuracy was 98.0%, sensitivity was 65.0%, specificity was 99.1%, precision was
68.6%, and F1-score was 0.67. 2M-FS model foot strike classification was poor, with 35% of steps

missed. Therefore, further analysis of stride parameters and fall risk classification were not possible
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using foot strikes from the 2M-FS model.

Automated foot strikes identified using the 6M-FS model and manually labelled FS from

the first two minutes of data were used to calculate stride parameters. The average and standard

deviation difference between manual and automated foot strike stride parameters were calculated

and compared to MDC values for these outcomes (Table 11).

Table 9 Feature list. AP = anterior-posterior; ML= medio-lateral; RMS= root-mean square; FFT= fast

Fourier transform; REOH= ratio of even/odd harmonic frequencies.

Temporal Descriptive Statistics Frequency Domain Features

Cadence Minimum ML Quiartile FFT ML

Step time right | Minimum AP Quartile FFT AP

Step time left Minimum Vert Quartile FFT Vert

Stride time Maximum ML Quartile FFT Tilt

Symmetry index | Maximum AP Quartile FFT Rotation
Maximum Vert Quartile FFT Obliquity
Mean ML Maximum FFT ML
Mean AP Maximum FFT AP
Mean Vert Maximum FFT Vert
Mean Tilt Maximum FFT Tilt

Mean Rotation

Maximum FFT Rotation

Mean Obliquity

Maximum FFT Obliquity

Range Tilt

Standard Deviation FFT ML

Range Rotation

Standard Deviation FFT AP

Range Obliquity

Standard Deviation FFT Vert

Standard Deviation ML

Standard Deviation FFT Tilt

Standard Deviation AP

Standard Deviation FFT Rotation

Standard Deviation Vert

Standard Deviation FFT Obliquity

Standard Deviation Tilt

Peak Distinction FFT ML

Standard Deviation Rotation

Peak Distinction FFT AP

Standard Deviation Obliquity

Peak Distinction FFT Vert

RMS ML

Peak Distinction FFT Tilt

RMS AP Peak Distinction FFT Rotation
RMS Vert Peak Distinction FFT Obliquity
RMS Tilt REOH ML
RMS Rotation REOH AP
RMS Obliquity REOH Vert

REOH Tilt

REOH Rotation

REOH Obliquity

Symmetry index: symmetry in right and left limb step times [92]
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Fall risk analysis was completed with foot strikes during the first 2 minutes of data,
identified using the 6M-FS model, and the Daines et al. fall risk model [8] (Table 12). 61 of 80
participants were correctly classified (76.3% accuracy, 48.1% sensitivity, 90.6% specificity, 72.2%
precision, F1-score 0.58). Classification using features from manually labelled foot strikes resulted
in 63 out of 80 participants correctly classified (78.8% accuracy, 51.9% sensitivity, 92.5%
specificity, 77.8% precision, F1-score 0.62).

Table 10 Foot strike classification

6M-FS 2M-FS

Foot Strike | No Foot Strike Foot Strike | No Foot Strike
Foot strike 11,283 1,025 Foot strike 8,006 4,302
No foot strike | 2,361 386,010 No foot strike | 3,672 383,200

Table 11 Average and standard deviation (in brackets) difference between manual and automated foot strike

stride parameter outcome measures for 6M-FS model. MDC = minimum detectable change.

Automated foot strikes MDC
Step time (5) 0.045 (0.11) 0.042
Stride time (s) 0.044 (0.09) 0.772
Cadence (steps/min) 7.36 (-0.26) 8.44

Table 12 Fall risk classification confusion matrices for automated and manual foot strike identification.

Automated FS Manual FS

Fall Risk | No Fall Risk Fall Risk No Fall Risk
Fall risk 13 14 Fall risk 14 13
No fall risk 5 48 No fall risk | 4 49

5.5 Discussion

This research had two outcomes, foot strike identification and fall risk classification. The
automated LSTM foot strike identification approach from [90], when trained on smartphone signals
from six minutes of data and applied to two minutes of data, identified foot strike and non-foot
strike events with 99.2% accuracy. When an LSTM was trained on smartphone signals from only
the first two minutes of data and applied to two minutes of data, foot strike identification was poor
(35% of steps missed), even after offline post-processing for error correction. The LSTM trained
on six minutes of data outperformed the LSTM trained on 2 minutes of data in all foot strike

identification performance metrics.
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Further investigation into the results of the LSTM trained on 2 minutes of data (i.e., 2M-
FS) revealed that, for 23 participants (~34% of participants), fewer than 50% of the average number
of foot strikes were detected. Furthermore, 7 of these 23 participants had fewer than 10 total steps
detected by the LSTM. There were no identifiable similarities between these participants, and this
sub-group included both people who were fall risk and people who were not at risk of falling. In
this case, stride parameter analysis and step-based feature calculation for fall risk classification for
these participants would not be feasible since most features are based on stride analysis. Therefore,
to complete stride parameter analysis and fall risk classification for all participants, only automated

foot strikes identified in the first two minutes of data by the 6M-FS model were used.

LSTM is a deep learning approach that is often trained on large datasets of sequential data.
Deep learning approaches are more complex than decision trees and other machine learning
approaches and can often perform with higher accuracy on large datasets. However deep learning
often requires a greater amount of labelled data to prevent overfitting when training [10]. This
could explain why the LSTM trained on the full six minutes of walk test data had better foot strike
identification than the LSTM trained only on the first two minutes of walking; 2 minutes of walking

for each participant was not enough data for an LSTM to isolate foot strike events.

Step time, stride time and cadence were calculated using automated foot strikes from the
6M-FS model and using manually labelled foot strikes from the first two minutes of data. The
difference in stride time between automated foot strike and manually labelled foot strike
calculations from the first two minutes of data was within the MDC for healthy older adults, while
step time and cadence were outside of the MDC for healthy older adults. MDC for healthy older
adults was used as a comparator since these values do not exist for lower limb amputees. Average
step time and stride time for automated foot strikes were both within approximately 0.04s of the
manually labelled foot strikes, suggesting step time and stride time calculated using automated foot

strikes are comparable to manually labelled foot strikes for most participants.

Fall risk classification was performed using a random forest model trained on step-based
features calculated from automated foot strikes identified in the first two minutes of data by the
6M-FS model. While the random forest correctly classified 76.3% of all participants and over 90%
of non-fall risk participants, only 13 out of 27 (48.1%) fall risk participants were correctly

classified. This means that ~52% of people who had fallen in the past six months were mistakenly
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classified as not being at risk of falling. In a clinical setting, this could translate to patients not
being referred for further testing and a delay in the implementation of fall intervention strategies.
These results indicated that step-based features from a 2MWT cannot be recommended for fall risk
classification in lower limb amputees without further model development. Further refinement of
the fall risk model using data from a 6MWT could improve classification results to a clinically
usable standard.

It is important to consider that this study used the first 2 minutes of a 6MWT to approximate
a 2MWT. When observed in a clinical setting, some people begin walking at a comfortable pace
with a typical gait pattern, but more gait deviations and instability become apparent as they
continue walking. People may also walk faster if they know they only have to walk for two minutes
instead of six minutes. This may explain why fall risk classification was worse when features were
calculated from two minutes of data than six minutes of data; the signals collected during the first
two minutes of data were not sufficient to differentiate fall risk participants and non-fall risk

participants.

It is possible that data from the full six minutes may not be required to differentiate fallers
from non-fallers. In previous fall risk classification research, random forest models trained on
signals from 6MWT trials focused on signal data during turns only. For example, Drover et al. [20]
classified fall risk in older adults from 6MWT data collected from multiple sensors with 77.3%
accuracy, 66.1% sensitivity, and 84.7% specificity and noted that turn data improved all
classification metrics. In addition, Daines et al. [8] used turn data from 6MWT trials in lower limb
amputees with 81.3% accuracy, 57.2% sensitivity, and 94.9% specificity, however manual foot
strikes and turn identification was required. Future research could examine if features calculated
from automated foot strikes during turns from 2MWT (and 6MWT) would improve fall risk
classification. Additionally, differences in gait characteristics that distinguish fallers and non-
fallers may become more apparent as the test progresses. Step-based features calculated from
automated foot strikes during the final minutes of the walk test could be analyzed as a possible
improvement on the fall risk classification model. Future studies could also investigate other gait-

based features that may better differentiate fallers from non-fallers in a shorter walk test.

Fall risk information is not normally available from 2 or 6MWT, so this is promising for

the future development of an Al-enhanced TOHRC Walk test app for use in lower limb amputees
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without requiring separate models integrated into the smartphone application for each walk test.
Stride parameters can be automatically calculated from the automated foot strikes for either a
6MWT or 2MWT immediately after completing the walk test with reasonable confidence. A model
for fall risk classification could be integrated into a future application and applied to 6MWT data,

however, it is not recommended for 2MWT data.
5.6 Conclusions

Foot strike identification is essential to define the gait cycle and calculate stride parameters.
Al tools for clinical analysis (e.g., fall risk classification) rely on proper gait segmentation to
calculate step-based features. This research determined that a smartphone app can provide
accelerometer and gyroscope signals during a 6MWT or 2MWT for Al-based analyses to
automatically determine foot strikes. The foot strike identification model used a LSTM deep
learning approach trained on six minutes of data, with this model being applicable for identifying
foot strikes in both 6 minutes of data and 2 minutes of data with at least 99% accuracy. However,
a model only trained on the first two 2 minutes of data had poor foot strike identification results,

thereby not supporting use of this approach for outcome measurement.

Step and stride time calculated using automated foot strikes in the first two minutes of data
identified by the 6M-FS model of smartphone data were equivalent to manually labelled foot strikes
for most participants, indicating that the 2MWT stride outcomes measurements could be viable for
clinical analysis. Integration of this foot strike detection model into the TOHRC Walk Test app
could allow for immediate stride parameter analysis in lower limb amputees after completing a
6MWT or 2MWT. However, fall risk classification using step-based features calculated from
automated foot strikes is not recommended for the 2MWT.
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6  Thesis Conclusions and Future Work

Throughout this thesis a novel deep learning approach was developed and evaluated for
foot strike identification in lower limb amputees and the clinical application of automated foot
strikes was evaluated. Smartphone signals collected during a 6MWT were used to train a decision
tree and an LSTM for foot strike identification. The LSTM outperformed the decision tree in all
outcome measures and is the recommended model, between these two, for foot strike identification
in lower limb amputees. Automated foot strikes were used to calculate stride parameters, such as
step-time, and the results were equivalent to stride parameters calculated from manually labelled
foot strikes. The LSTM trained on 6MWT data was used to identify foot strikes in 2 minutes of
data, indicating that foot strikes could be detected in a 6MWT or a 2MWT without requiring a
separate model. Step-based features were calculated using automated and manually labelled foot
strikes from 6 and 2 minutes of data and were used to train a random forest for fall risk
classification. Step-based features calculated using automated foot strikes from 6 minutes of data
correctly classified more participants than features calculated using foot strikes from 2 minutes of

data, though manual labelling improved fall risk classification for both 6 and 2-minute models.

This research used signal data from a single smartphone during a 6MWT to detect foot
strikes and calculate stride parameters in lower limb amputees without feature calculation. The
model proposed in this thesis could be integrated into a smartphone application (e.g., as an
enhancement to the TOHRC Walk Test App) to allow for immediate outcome reporting after
completing a single movement assessment (i.e., 6MWT or 2MWT). Furthermore, automated foot
strikes from the 6MWT correctly classified ~56% of fall risk participants and >80% of non-fall
risk participants, an outcome not typically available from a 6MWT. Therefore, manual foot strike
labelling is not required for clinical analysis in lower limb amputees. However, <50% of fall risk
participants were correctly classified using automated foot strikes from 2 minutes of data, so fall
risk classification is not yet recommended for 2MWT data.

The conclusions for each thesis objective and the corresponding hypotheses are:
6.1 Objective 1

Create and evaluate a viable artificial intelligence model for automatically identifying
foot strikes during walking in people with lower limb amputation using smartphone sensor

data collected during a 6MWT, comparing machine learning and deep learning approaches.
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e Hypothesis 1: A deep learning approach will classify foot strike and non-foot strike
events with greater accuracy, sensitivity, and specificity than a machine learning

approach [10] or previous rule-based approaches [15].

The best model for foot strike identification was the LSTM with 100 hidden nodes in the
LSTM layer, 50 hidden nodes in the dense layer, and batch size of 64 (99.0% accuracy, 86.4%
sensitivity, 99.4% specificity, precision was 82.7%, F1-score was 0.85). The best performing
decision tree had an accuracy of 98.7%, sensitivity was 83.0%, specificity was 99.2%, precision
was 75.9% and F1-score was 0.79. Initially the LSTM and decision tree were trained on 72
participants that completed the full 6MWT; however, after the LSTM demonstrated superior
performance, the model was re-trained on the full dataset (n=80). The final model, discussed in
Chapter 4, had 99.2% accuracy, 99.4% specificity, 81.8% sensitivity, 90.2% precision, and
F1-score of 0.86.

LSTM is a deep learning approach, a subset of artificial intelligence algorithms that perform
well on large, sequential datasets, often with higher accuracy than other machine learning
approaches. Despite this, both the LSTM and the decision tree required post-processing for error
correction. Nevertheless, both models developed in this thesis were an improvement over the
previous rule-based method [15]. The increased complexity of the LSTM architecture could have
identified patterns in amputee gait more effectively. Additionally, the LSTM was trained on 12
signals collected from the smartphone, where the previous rule-based method relied on only tri-

axial acceleration data.

Post-processing was necessary for both models after numerous false positives were
identified. The repeated patterns of false positives corresponded to AP signal peaks, and could
therefore be easily identified and corrected. The post-processing method was developed
specifically for this thesis and greatly improved model performance, notably increasing precision
of the LSTM by 61.9%. In some cases, after post-processing was applied, a more appropriate peak
was identified by the model as the location of the foot strike compared to the ground truth label,
which was identified by a human observer. Post-processing also identified instances of missed

steps by the model, improving sensitivity by 8.2%.

e Hypothesis 2: Stride parameters (step time, stride time, etc.) from automated foot strikes
will be equivalent to parameters calculated from manually labelled foot strikes.
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The difference between step time, stride time, and cadence when calculated using manually
labelled foot strikes or automated foot strikes were compared between LSTM and decision tree
approaches. For both models, step time and stride time differences between automated and
manually labelled foot strikes were minimal, but cadence differences were outside the MDC for
this parameter and cadence had larger variability than the other two parameters. There is no
available MDC for lower limb amputees for these parameters, so the MDC for healthy older adults
was used as a comparator. The LSTM had smaller differences overall compared to the decision

tree, which was expected due to improved foot strike classification accuracy with the LSTM.
6.2 Objective 2

Evaluate a random forest fall risk classification model for lower limb amputees using
automated foot strikes and manually labelled foot strikes and smartphone signals collected

from a 6MWT for step-based feature calculation.

e Hypothesis: Step-based features calculated from automated foot strikes will result in fall
risk classification with equivalent with accuracy, sensitivity, and specificity to manually

labelled foot strikes.

The random forest fall risk model trained on features calculated using manually labelled
foot strikes correctly classified fall risk for 64 of 80 participants. Automated foot strikes correctly
classified 58 of 80 participants. While both approaches had the same sensitivity (55.6%), automated
foot strike features resulted in 6 more false positives than manually labelled foot strikes, decreasing
specificity and accuracy compared to manually labelled foot strikes. Therefore, the current foot
strike model led to slightly poorer fall risk classification performance; however, automated foot
strike detection will enable a clinically viable application that could identify at least half the people

at risk of falling.
6.3 Objective 3

Evaluate viability of automated foot strike identification and fall risk classification

models for lower limb amputees using smartphone signals collected from a 2MWT.

e Hypothesis: An LSTM trained on smartphone signals from only 2 minutes of data will
result in lower foot strike classification accuracy, sensitivity, and specificity than an

LSTM trained on smartphone signals from 6 minutes of data.
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The LSTM trained on full trial data outperformed the LSTM trained on the first two minutes
of data in all performance metrics. The 6-minute model had 99.2% accuracy, 91.7% sensitivity,
99.4% specificity, and 82.7% precision. The 2-minute model had 98.0% accuracy, 65.0%
sensitivity, 99.1% specificity, and 68.6% precision. Similar to Chapter 3, both models required
post-processing for error correction. Despite this, the 2-minute model still had a foot strike
identification error rate of 35%. When these results were investigated more thoroughly, for
approximately 34% of participants, fewer than half of the average number of foot strikes were
identified. Due to the low sensitivity for 2-minute foot strike identification, clinical outcome
measures were only analyzed from the first two minutes of data using foot strikes identified by the

6-minute model.

It is likely that two minutes of data is not sufficient to train a deep learning model for foot
strike classification, especially due to the high variability in lower limb amputee gait. However,
the LSTM high sensitivity and specificity when trained on full 6MWT trials suggests that this
model can be applied to both 6MWT and 2MWT data for foot strike identification in lower limb

amputees and that a secondary model is not required.

e Hypothesis: Stride parameters (step time, stride time, etc.) calculated from automated
foot strikes will be equivalent to parameters calculated from manually labelled foot

strikes.

Average differences between manual and automated foot strike stride parameter outcome
measures calculated for the first two minutes of data were equivalent to manually labelled for most
participants. The standard deviation for all three parameters analyzed was smaller than the standard
deviation for parameters calculated in Chapter 3 using automated foot strikes from 6 minutes of
data, indicating that gait deviations that might affect foot strike identification become more
frequent as the 6MWT progressed.

e Hypothesis: Step-based features calculated from automated foot strikes from 2 minutes
of data will result in fall risk classification with equivalent accuracy, sensitivity, and

specificity to manually labelled foot strikes from 2 minutes of data.

Using features calculated from automated foot strikes identified in the first two minutes of
data, the random forest correctly classified 61 of 80 participants (76.3% accuracy, 48.1%

sensitivity, 90.6% specificity). Classification using features from manually labelled foot strikes
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resulted in 2 additional correctly classified participants, one fall risk and one non-fall risk, for a
total of 63 out of 80 participants (78.8% accuracy, 51.9% sensitivity, 92.5% specificity). While
manual foot strike labelling resulted in better overall classification, only ~52% of fall risk
participants were correctly classified. Therefore, the model described in this thesis is not

recommended for a 2MWT in its current form, even with manual foot strike labelling.

Interestingly, specificity for automated foot strike labelling from 2 minutes of data was
greater than specificity from full trial data (90.6% compared to 81.1% for 6MWT). While full trial
data resulted in higher fall risk sensitivity, it is important to note that the difference between the 2-
minute and 6-minute fall risk models is only two misclassified participants. Fall risk classification
could not be recommended for a 2MWT based on the research statistics; however, further 2MWT
research with an appropriate sample size could show better results and allow for a change in the

recommendation.
6.4 Future Work

This thesis is an important contribution to foot strike detection literature for lower limb
amputees. However, there are areas of future development that can be pursued to further enhance
this research, including pre-processing and post-processing methods, improvements to fall risk

classification, participant diversity, and implementation for clinical application.
6.4.1  Pre-processing

The pre-processing method used in this thesis included linear integration of smartphone
signals to 50Hz, followed by fourth-order zero-lag Butterworth low pass filter with a 4Hz cut-off
frequency. Butterworth low pass filters provide the most robust performance for biomechanical
signals however filter cut-offs differ in the literature [91]. Human movement is often filtered at
6Hz, but can vary between 3 and 10Hz [112]. A 4Hz filter was used in this thesis based on previous
research that required a 4Hz cut off frequency to obtain a usable signal for the rule-based foot strike
detection [2]. Future work could investigate different filtering frequencies for smartphone signals
from the 6MWT to determine if there is a more appropriate cut off frequency. For example, keeping
more of the signal with a higher cut-off frequency could provide useful data for the LSTM network.

The LSTM in this research was trained on 12 signals extracted from the smartphone;

however, all 12 signals may not have been required for foot strike detection. Further investigation
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could determine which signals were important for foot strike detection, and which signals were
extraneous for LSTM training in lower limb amputees. Removing unnecessary signals may

improve the model performance, or perhaps improve efficiency when running the model.
6.4.2  Post-processing

In this thesis, post-processing was essential to the overall success of the foot strike
identification model. However, there was still an error rate of 13.6% (i.e., foot strikes were
unidentified or identified in an inappropriate location). This error rate could be improved with
adjustments to the foot strike identification model; however, it is possible that improvements to the
post-processing method may further improve classification results without having to retrain the
LSTM. This could include changes or adjustments to how the data is searched for and inserts

missed steps and improvements to the code that identifies false positive predictions.
6.4.3  Fall risk classification

The fall risk classification approaches in this thesis could be improved to achieve greater
fall risk sensitivity and specificity. Confusion matrixes from Chapter 4 (Table 7) and Chapter 5
(Table 12) were similar; however, 6MWT analysis correctly classified 2 additional fall risk
participants and first two minutes of data analysis correctly classified 5 additional non-fall risk
participants. The full trial data was necessary for training the LSTM for foot strike classification;
however, it is possible that full trial data is not needed for fall risk classification. One potential
solution could be to only use data from automated foot strikes during turns. In previous research
using manually labelled foot strikes, fall risk classification in lower limb amputees was improved
by using turn data only [8]. Compared to automated foot strikes from full trial data, fall risk
sensitivity using manually labelled turn data from [6] was similar to automated foot strikes in this
research (57.2% vs. 55.6%), but fall risk specificity was much higher (94.9% vs 81.1%) using foot
strikes from turn data, indicating that this could improve classification results of the automated foot

strike approach.

Additionally, the number of gait deviations typically increases as the trial progresses. The
increased presence of these deviations, which may exacerbate instability, could better discriminate
those at risk of falls from participants who are not fall risks. Features calculated using foot strikes
identified from the first two minutes of data resulted in greater specificity than full trial data.

However, 2-minute analysis could not be recommended for fall risk classification due to the
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decreased sensitivity. Features calculated from automated foot strikes identified in the final minutes
of the 6MWT could be researched to determine if this subset improves classification. Future work
to improve fall risk classification in lower limb amputees using automated foot strikes could also

benefit from investigating whether a combination of these two approaches optimizes performance.

Another area of future work for fall risk classification could be investigating different
factors contributing to an individual’s risk of falling and whether additional participant information
could be a valuable feature for model training. In this research, participant’s self-reported fall
history was used for initial classification. However, there are numerous factors that could indicate
if a person with a lower limb amputation is at risk of fall, including their age, other comorbidities,
and time since amputation [3].

6.4.4  Participant diversity

The majority of the participants included in this thesis were transtibial amputees (90.0%)
and mostly male (78.8%) limiting the generalizability of the results. While a small percentage of
transfemoral and bilateral amputees were included, a greater number of these populations would
benefit the fall risk classification model since walking patterns of these amputee groups typically
differ. Additionally, this thesis did not include people with partial foot, ankle, or hip disarticulation
amputations. Future work in this area should include a more diverse population to assess model
performance on both foot strike identification and fall risk classification and, if required, perform

additional model development including these cohorts.
6.4.5 Clinical implementation

The implementation of the foot strike identification model into a smartphone application
would allow for automated evaluation of clinical outcomes for lower limb amputees. The TOHRC
Walk Test App currently provides immediate outcome reporting for able-bodied participants,
providing stride parameter analysis immediately after completing a 6MWT or 2ZMWT. Ideally,
integration of this model into the TOHRC Walk Test App would provide better outcome analysis
for clinicians treating people with lower limb amputation. However, the clinical applications
demonstrated in this thesis (stride parameters, fall risk analysis) have not yet been validated in
additional lower limb amputee participants. While this model was trained on data from, and
developed for, people with lower limb amputation, future research should investigate if this model

achieves acceptable results with other populations with variable gait.
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