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Activity and gait phase recognition algorithms are used in powered motion assistive 

devices to inform control of motorized parts. This thesis includes the development and 

evaluation of two independent recognition algorithms for walking, stair ascent, and stair 

descent activities. The first algorithm detected foot-contact and foot-off gait events 

within these activities and detected these events within 0.04s of a force plate. The 

second algorithm was machine learning-based and was developed using inertial 

measurement data from 80 participants. It simultaneously detected activity and gait 

phase with 91.2% accuracy and 22.9% of perfectly classified strides. Results from this 

thesis support the use of FSRs for data labelling for machine learning-based recognition 

models, the use of machine learning to detect activity and gait phase for walking, stair 

ascent, and stair descent, as well as the use of proportion of perfectly classified strides 

as a metric to evaluate activity and gait phase recognition algorithms. 
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1 Chapter 1: Introduction 

Activity and gait phase recognition algorithms are used in athlete coaching (Ahmadi 

2015, Ross 2018), in gait analysis systems (Teufl 2019), and in differentiating between 

normal and pathological gait (Senanayake 2010, Guo 2017). For example, activity 

recognition can be used to identify individuals as either novice or expert athletes (Ross 

2018), and gait phase recognition can be used to recognize whether a child has 

pathological gait (Guo 2017). Human activity recognition is identifying periods where an 

individual is performing specific activities or motions, such as walking or running, 

whereas gait phase detection is identifying periods within an activity where an individual 

is performing specific gait phases, such as stance phase or swing phase. Aside from 

being used in monitoring physical activity, activity recognition has been used in motion 

assistive device control (Ng 2019) and gait phase detection has been used in 

diagnosing pathological gait disorders (Alaqtash 2011, Paulo 2019). For some health 

monitoring and motion assistive device control system applications, simultaneous 

activity and gait phase detection, where both the activity and gait phase are detected at 

a given moment in time, is necessary. 

The working principle of activity and gait phase recognition systems is as follows: 

sensors embedded in a device worn by the user measure the user’s activity at a 

sufficient sampling rate, the measurements are used as input to a detection algorithm, 

and the output of the algorithm is the activity and gait phase the user performed at the 

time of sensor measurement. For day-to-day health monitoring and other applications, 

offline implementation of the algorithm and interpretation of its results is acceptable. For 

motion assistive device control where online implementation is necessary, since the 

output of the algorithm informs the device’s control system, feasibility of real-time 

implementation must be considered. Regardless of online or offline implementation, all 

activity and gait phase recognition algorithms use sensor data as input and return an 

activity and gait phase as output. 
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1.1 Motivation 

One application where real-time activity and/or gait phase recognition algorithms are 

used is motion assistive devices. These devices are worn externally and consist of 

microprocessor-controlled powered mechanisms to support and provide motion to the 

user, though there is seemingly no limit to the breadth of capabilities of these devices. 

For example, the Ankle Mimicking Prosthetic Foot is a powered prosthetic that is 

designed to restore foot functionality for below-knee amputees (Cherelle 2017) while 

microprocessor-controlled stance-control-knee-ankle-foot orthoses provide support to 

the knee while the leg is weight-bearing for individuals living with quadriceps weakness 

(Yakimovich 2009).  

Although there are a variety of motion assistive devices, a commonality across these 

devices is that their performance can be improved with the use of a gait phase detection 

algorithm. For example, the control system in the previously mentioned Ankle-Mimicking 

Prosthetic Foot includes a gait phase detection system that detects initial contact, heel-

off, and toe-off events in order for the prosthetic foot to properly articulate and support 

the user (Cherelle 2017). Without this gait phase detection system, the device may 

behave more like a passive prosthesis with no active movement since it would not know 

when to articulate, making the articulating components intended to support the user 

ineffective since they would not be performing as intended. An unloader knee brace 

used to treat unicompartmental knee osteoarthritis is another example of a motion 

assistive device that could benefit from integration with an activity and gait phase 

recognition system to improve user compliance. Although conventional unloader braces 

are shown to be radiographically effective, many users discontinue use of these braces 

that provide mechanical support to the knee by physically shifting the load from the 

affected joint compartment (Phillips 2016) due to high discomfort and low perceived 

benefit (Brouwer 2006). A likely cause of this discomfort is constant pressure being 

applied to the leg at the brace-leg interface. To mitigate this source of discomfort, an 

activity and gait phase recognition system integrated in the device could detect when 

the user is in a weight-bearing gait phase (e.g. stance phase) or activity (e.g. quiet 
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standing) and relieve the force being applied to the leg when the user is non-weight-

bearing and does not require support from the brace. Integration of such an algorithm is 

not necessary for proper device functionality, but it has the potential to improve user 

compliance and prevent the need for additional expensive medical intervention. 

The perceived benefits of activity and gait phase detection algorithms for use in gait 

analysis and motion assistive devices combined with improved sensor technology has 

increased the popularity of gait phase detection research, as indicated by 13 relevant 

peer-reviewed journal articles being published in 2018 versus 37 being published in 

2019 (Vu 2020). Sensors, including force-sensitive resistors (FSRs) and inertial 

measurement units (IMUs), are now small enough to be seamlessly integrated in a 

wearable device at a relatively low cost. In particular, FSRs have been used as a gold 

standard reference for detecting gait events to label data to be used in machine learning 

models for activity and gait phase recognition. They are particularly appealing for use in 

a gait phase detection system since their output signal magnitude is directly proportional 

to the applied force, making their signals intuitive to interpret. They can also be 

embedded in a shoe insole, making them convenient for use in devices local to the foot. 

Conversely, IMUs are advantageous for use in a gait phase detection system because 

they can collect both angular velocity and linear acceleration data from multiple body 

segments not limited to the foot. 

In addition to wearable sensors being readily available for the development of motion 

assistive devices, computing resources are also accessible, enabling the use of both 

rule- and machine learning-based activity and gait phase detection algorithms. Machine 

learning techniques are especially appealing for activity and gait phase recognition 

algorithms used in wearable devices since the sensor data collected in these devices 

are high dimensional, temporal, and complex (Khera 2020), making signal interpretation 

and the development of rule-based activity and gait phase recognition algorithms 

challenging. Ideally, an activity and gait phase detection sensor system should include 

sensors that can easily be physically integrated into the device and not require the user 

to wear additional sensors. For example, for a knee brace, ideally the sensors required 
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for activity and gait phase recognition would be local to the knee rather than on the 

arms or anywhere else on the body. Although there is a recognized need for these 

algorithms and the resources are readily available for their design and implementation, 

there is a gap in the capability of these algorithms and which activities they are 

designed to work for as well as in their implementation in a real-world setting rather than 

a lab-based setting. More specifically, development of activity and gait phase 

recognition algorithms that include stair walking is limited compared to gait phase 

algorithms for level-ground walking, despite stair walking being recognized as an 

instrumental activity of daily living (Lawton 1969), and the number of studies that 

develop these algorithms using lab-based data far exceed those that use real-world 

data. 

1.2 Objectives 

The objective of this research was to develop gait phase detection and activity and gait 

phase detection algorithms for, but not limited to, use in motion assistive devices. The 

specific aims of this research were to: 

1. Develop and evaluate a simple algorithm to detect foot-contact and foot-off 

events during real-world walking, stair ascent, and stair descent using a shoe 

insole embedded with two FSRs, to be used in the labelling of training data for a 

machine learning model to detect gait phase 

2. Develop, train, and test a multi-class classification machine learning model to 

detect stance and swing phases in real-world level-ground walking, stair ascent, 

and stair descent using gyroscope and accelerometer data from the thigh and 

shank, to be used in a motion assistive device local to the knee 

1.3 Organization of Thesis 

This thesis is organized as follows: Chapter 2 provides a background in activity and gait 

phase recognition, including activities and granularity of gait phases that can be 

detected, sensors and machine learning models used, and relevant data considerations. 
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Chapter 3 is a manuscript to meet objective 1 that includes the methodology and results 

of a gait event detection algorithm to detect foot-contact and foot-off in walking, stair 

ascent, and stair descent. Chapter 4 is a manuscript to meet objective 2 that includes 

the results of machine-learning based models for activity and gait phase recognition for 

walking, stair ascent, and stair descent activities and stance and swing gait phases. 

Chapter 5 provides reflections on the experiments conducted in Chapters 3 and 4 as 

well as recommendations for future work in activity and gait phase recognition.  
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2 Chapter 2: Background 

This review covers detectable activities and number of gait phases, sensor types, 

computational methods, including specific machine learning models previously used, 

and data considerations for activity and gait phase recognition algorithms. 

2.1 Detectable Activities and Gait Phases in Activity and Gait Phase 
Recognition Algorithms 

Design criteria to consider when developing activity and gait phase recognition 

algorithms include the activities and number of gait phases to detect. A gait cycle for 

level-ground walking in individuals with nonpathological gait starts with the heel-strike 

gait event of one foot and ends with the next heel-strike of the same foot. Heel-strike 

and other gait events in the gait cycle are used to partition the gait cycle into distinct 

phases for each foot (Figure 1).  

 

Figure 1: Seven sub-phases in a walking gait cycle with each sub-phase belonging to either 
stance or swing phase according to Kharb et al. (2011). Sub-phase and stance/swing phase titles 
refer to the solid leg with the green foot. 

Stance phase consists of all periods where the foot is weight-bearing and supporting the 

individual, including loading response, mid-stance, terminal stance, and pre-swing 

phases (Kharb 2011). Swing phase consists of all periods where the foot is non-weight-

bearing, including initial swing, mid-swing, and terminal swing (Kharb 2011). Although 

these terms are used to describe walking gait, they also describe running gait (Kharb 

2011) and have been modified slightly to describe stair gait (Hong 2006). For stair gait, 

since it is a more challenging task compared to level-ground walking, there is more 

variety in the motion strategies used to walk up or down stairs compared to walking 

across level-ground (McFadyen 1988). More specifically, when ascending or 
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descending stairs, some people initially contact the stair tread with their heel while 

others contact with their midfoot and toes. Consequently, the terms “foot-contact” and 

“foot-off” are used to generalize heel-strike and toe-off events across level-ground and 

stair activities. Overall, understanding the gait events and sub-phases within the gait 

cycle can help in establishing algorithm design criteria and what activities and gait 

phases the device is intended to work for. 

Recognizing there are a number of activities and gait phases available to detect, when 

developing activity and gait phase recognition algorithms, the specific end application is 

important to consider because it can determine which activities should be included and 

the granularity of gait phases required. For motion assistive devices in particular, 

detecting only stance and swing phases is sufficient for use in functional electrical 

stimulators and in informing control of motors in exoskeletons for able-bodied 

individuals (Taborri 2016). An example of a two-phase gait recognition algorithm is the 

work of Di Nardo et al. (2020) who developed a feedforward neural network to detect 

stance and swing phases in level-ground walking with an accuracy of 90.6% using data 

from 23 individuals and from sensors already integrated in a motion assistive device, to 

prevent the need for the addition of more sensors. For these devices where only two 

gait phases need to be detected, the accompanying algorithm could be developed to 

recognize these gait phases for several activities of daily living, including level-ground 

walking and stair walking, for example. For other devices, detection of some or all of the 

seven phases previously mentioned, including loading response, mid-stance, terminal 

stance, pre-swing, initial swing, mid-swing, and terminal swing, may be necessary. For 

example, Attal et al. (2018) detected six gait phases in level-ground walking using data 

from five individuals and a hidden Markov model (HMM) with an accuracy of 83.21% 

with the motivation of using such an algorithm in orthoses or exoskeletons for walking 

assistance for the elderly. Some have even split the gait cycle into 1% intervals, or 100 

phases, for full control of the user’s gait (Vu 2018). For devices where many gait phases 

need to be detected, algorithm development may be limited to working for level-ground 

walking only. An example of a gait phase recognition algorithm for the detection of many 
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gait phases is the work of Liu et al. (Liu 2016), where eight sub-phases were detected in 

walking using data from joint angular sensors from 20 people. Additionally, Vu et al. 

(2018) detected gait cycle percentage within 2.1% for walking using IMU data from 

seven people. Although there is a clear variety in the number of gait phases detected 

among this research, algorithm performance tends to decrease as the number of 

detectable gait phases increases (Taborri 2016, Vu 2020, Khera 2020), so knowing the 

end application of the algorithm can help ensure unnecessary activities and/or gait 

phases are not included in algorithm development that could hinder its performance. 

2.2 Sensors used in Gait Phase Detection Algorithms 

Knowing the end application of an activity and gait phase recognition algorithm is not 

only helpful for deciding which activities and gait phases to include in the algorithm, but 

also for deciding which sensors to use and their placement. Although lab-based 

instrumentation, including motion capture systems, can be used in activity and gait 

phase recognition algorithms, this review focuses on use of portable wearable sensors 

that can be physically integrated in a motion assistive device. FSRs and footswitches, 

surface electromyography (EMG) units, and IMUs have all been used in activity and/or 

gait phase recognition algorithms. More specifically, Agostini et al. (2014) used data 

from three footswitches under the heel, first metatarsal, and fifth metatarsal in a rule-

based algorithm to detect the order of four gait events in four individuals with 

nonpathological gait with an accuracy of 100% and Jung et al. (2015) used data from 

eight FSRs embedded in a shoe insole in a rule-based algorithm to detect stance and 

swing phase. Similarly, Manchola et al. (2019) used data from four FSRs in a rule-

based algorithm to detect four gait phases. Both Jung et al. (2015) and Manchola et al. 

(2019) did not report the accuracy of their algorithms, since the FSR data and 

corresponding algorithms were used as a reference for machine learning-based gait 

phase detection algorithms. From these studies, it is evident that FSRs and other force 

sensors have been useful in developing activity and gait phase recognition algorithms, 

including being used as a reference for the development of more complex algorithms. 
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Although there are benefits to using FSRs in activity and gait phase recognition 

systems, including their signals being intuitive to interpret, they tend to have a limited 

lifespan due to undergoing repetitive impact forces on the sole of the foot (Vu 2020). 

Their placement is also limited to being at the foot, making their integration in a 

wearable motion assistive device challenging if the device is not local to the foot, and 

they cannot be used to identify sub-phases within swing phase Figure 1. These 

limitations have made these sensors and accompanying activity and gait phase 

recognition algorithms unsuitable for daily life applications (Vu 2020), including use in 

motion assistive devices. Instead, these sensors and accompanying algorithms are 

more suitable for short-term use, such as in a research capacity or in labelling training 

data for a machine learning-based activity and gait phase recognition algorithm.  

EMG units have also been used in activity and gait phase recognition algorithms and, 

unlike FSRs, their placement is not limited to being at the foot, allowing information from 

different body segments to be measured. They are also different from FSRs in that 

FSRs measure forces whereas EMGs measure muscle activity through measurement of 

electrical signals generated from muscle contractions. Considering where these sensors 

have been used in activity and gait phase recognition algorithms, Liu et al. (2017) used 

seven surface EMG units to measure leg muscle activity, including activity of the rectus 

femoris, vastus lateralis, and short head of the biceps femoris, among others, in 20 

individuals. These data were used in a support vector machine to identify the activity 

and gait phase for five gait phases in level-ground walking, ramp ascent, and ramp 

descent with an accuracy of 92.7% (Liu, 2017). Joshi et al. (2013) also used surface 

EMG units at the quadriceps, hamstrings, tibialis anterior, and gastrocnemius in one 

person to detect eight gait phases during level-ground walking using linear discriminant 

analysis with an accuracy of 76.12%. Compared to FSRs and IMUs, EMGs are less 

popular for use in activity and gait phase recognition algorithms, perhaps due to 

complex requirements in data collection. More specifically, EMG units must be placed 

directly on the skin and along the longitudinal midline of the muscle, oriented parallel to 

the muscle fibers in order to minimize crosstalk (De Luca 1997). For some muscles, 
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particularly deep muscles or superficial muscles surrounded by adipose tissue, this 

specific placement may be impossible to achieve, resulting in the EMG unit measuring 

arbitrary electrical signals and them being incorrectly interpreted as muscle activity 

(Reaz 2006). Even if an EMG unit has correct anatomical placement when first secured 

to the user, over time and after many gait cycles, the units can shift and not measure 

the correct muscle’s activity and the data can change due to factors such as skin 

impedance (e.g. sweat) and muscle fatigue (Reaz 2006). From these limitations, EMG-

based activity and gait phase recognition algorithms may be less suitable for use over 

long durations in a motion assistive device and be more suitable for short-term data 

collection sessions in a research capacity or in gait analysis where a skilled individual 

can ensure correct anatomical placement of the units. 

In addition to FSRs and EMG units being used in activity and gait phase recognition 

algorithms, IMUs have also been used and they are arguably the most popular and 

effective sensor for this task. IMUs measure the triaxial angular velocity and linear 

acceleration of the segment they are attached to using gyroscopes and accelerometers, 

making them different from both FSRs that measure force and EMG units that measure 

muscle activity. However, similar to EMG units, IMU placement is not limited to the foot, 

allowing motion data from multiple body segments to be measured and leveraged in an 

activity and gait phase detection algorithm. For example, Evans et al. (2014) recruited 

five people and used seven IMUs attached to the lower back, and on each thigh, shank, 

and foot to detect five gait sub-phases in level-ground walking with a recall of 97.2% 

using a HMM combined with a feedforward neural network. Similarly, Su et al. (2020) 

recruited 12 people and used data from seven IMUs with similar placements to those 

used by Evans et al. (2014) with a convolutional neural network to detect five gait sub-

phases in walking with an accuracy of 97.5%. Also, it is interesting to note that IMUs on 

the foot and shank tend to achieve higher gait phase classification accuracies compared 

to IMUs on the thigh and hip (Vu 2020), so it is not uncommon for activity and gait 

phase recognition studies that use IMUs to include an IMU at the foot. It is also 

noteworthy that, although both gyroscopic and accelerometric data are measured by an 



 

 

11 

 

IMU, sometimes only one of these data types are used in an activity and gait phase 

recognition algorithm. For example, one study used accelerometer data from the thigh, 

shank, and foot to detect four gait phases in walking with an accuracy of 98.0% using a 

feedforward neural network and data from 20 subjects (Yan 2020), while another study 

used gyroscope data from nine subjects from the foot to detect four gait sub-phases in 

walking with an accuracy of 81.44% using a HMM (Manchola 2019). Overall, the variety 

of motion signals measurable by an IMU, including multi-axis accelerometer and 

gyroscope signals, make IMUs versatile sensors for use in an activity and gait phase 

recognition algorithm. 

From the good performances observed in the studies mentioned thus far that used IMU 

signals, the motion data measured by an IMU are useful to distinguish different activities 

and gait phases. In addition to this, IMUs are suitable for use in a motion assistive 

device because they are more durable and have a longer lifespan than FSRs in that 

they do not undergo repetitive impact forces from being beneath the foot as it strikes the 

ground, like FSRs do. IMUs also do not require specific placement along particular 

muscles, unlike EMG units, making IMUs easier to physically integrate in a motion 

assistive device and use by those using a motion assistive device. To summarize, 

FSRs, surface EMG units, and IMUs have all been successfully used in activity and gait 

phase recognition algorithms with up to 98.0% accuracy for gait phase detection in 

walking. IMUs are arguably the most suitable for use in the real-world application of 

motion assistive devices, whereas FSRs and EMG units are more suitable for short-

term use, such as in some research or gait analysis applications. 

2.3 Computational Methods & Machine Learning Models for Gait 
Phase Detection 

The computational approach to detecting activities and gait phases is another decision 

to be made when developing activity and gait phase recognition algorithms. Rule-based 

and machine learning-based approaches are the two general techniques used to 

develop these algorithms and, in both approaches, the goal is to use information from 
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body-worn sensors as input to the algorithm that returns an activity and/or gait phase 

label as output. Rule-based algorithms involve the development of explicit rules to 

decide when a particular gait phase has occurred based on characteristics of the sensor 

signals. A simple example of a rule-based algorithm used on FSR signals to determine 

whether someone is in stance or swing phase is “if the FSR value is greater than X, the 

user is in stance phase. Otherwise, the user is in swing phase.” Such an algorithm was 

used by Mills et al. (2007) who used FSRs to detect foot-contact within 9.85ms and foot-

off within 5.25ms relative to a force plate using data from five subjects. Rule-based 

algorithms are human-interpretable and, if based on simple thresholds or other signal 

characteristics like the example just mentioned, they can run in real-time, making them 

appealing for use in a motion assistive device and other applications where real-time 

detection of activity and gait phase are necessary. 

In addition to rule-based algorithms, machine learning-based algorithms are suitable for 

real-time activity and gait phase detection, since they can recognize patterns in and 

make use of high dimensional, temporal data that would otherwise be overwhelming or 

underutilized by a human (Dolatabadi 2017). Also, although less human interpretable, 

machine learning algorithms are appealing because they tend to generalize better to 

unseen data, or new people, compared to other rule-based statistical tools used in gait 

phase recognition (Khera 2020). Relative to unsupervised and reinforcement learning 

techniques, supervised learning is used much more often in machine-learning based 

activity and gait phase recognition models. In unsupervised learning, the model does 

not have any classification labels to learn from, so defining the model’s learning 

objective and evaluating the model and understanding how it would perform in a motion 

assistive device is unclear. Contrastingly, in supervised learning, the model learns a 

function to map inputs to outputs based on a training set of input-output pairs and, once 

the model is trained, it can be evaluated using a set of input-output pairs that were 

unseen to the model during training. In addition to these learning techniques, 

reinforcement learning has been used in activity and gait phase recognition, primarily in 

the development subject-dependent models for individuals with pathological gait (Huang 
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2018). Therefore, since supervised learning models are straightforward to evaluate and 

are arguably the most suitable for the development of subject-independent models, only 

studies that used supervised learning techniques are discussed throughout this work.  

Examples of supervised machine learning models used in activity and gait phase 

recognition include decision trees, supervised HMMs, and long short-term memory 

(LSTM) neural networks. Ng et al. (2019) used a decision tree to detect seven activities 

using positional data measured at both ankles, the waist, and chest from three people 

with an accuracy of 78.32%. Farah et al. (2019) also used a decision tree to detect four 

gait phases during walking using knee flexion-extension angle, thigh angular velocity 

and thigh linear acceleration from 30 people with an accuracy of 90.60%. Here, it is 

worth noting that decision trees and previously mentioned feedforward neural networks 

and support vector machines are all shallow models that assume independence 

between each input-output pair. Recognizing that human gait is sequential and that 

there is dependence between consecutive input-output pairs, time-series models, 

including HMMs and LSTM networks, have also been used in activity and gait phase 

detection. In particular, Zhao et al. (2019) used a feedforward neural network combined 

with a HMM to detect six phases in walking using IMU data from nine people from both 

feet with an accuracy of 98.0% and Sun et al. (2018) used a HMM to detect four phases 

in walking using IMU data from eight people from an IMU on one foot with an accuracy 

of approximately 96% based on their false positive rate of 2.8% and false negative rate 

of 4.1%. The results of these studies indicate that a time-series HMM may be more 

suitable for activity and gait phase recognition compared to shallow models, since these 

studies yielded higher classification accuracies relative to the previously mentioned 

studies that used decision trees. 

Although HMMs have proven to be successful and have been a popular model choice 

within activity and gait phase recognition research, they are limited in that they require a 

sequence of observations over time as input and they return a sequence of predicted 

classes as output. Based on this, the time delay for any prediction made by a HMM is 

equal to the duration of the sequence of input observations, with higher accuracies 
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observed when longer input sequences of more observations are used as input relative 

to when shorter input sequences are used (Mannini 2014). For use in motion assistive 

devices and other applications where real-time predictions are necessary, this time 

delay can inhibit device performance. 

Similar to HMMs, LSTMs are time-series models that can learn from the sequential 

nature of gait and, unlike HMMs, they can make one-to-one predictions and do not 

require a sequence of observations over time as input. In the literature, LSTMs have 

been developed to detect four gait phases during walking using data from six people 

from an IMU on the shank with an accuracy of 91.4% (Ding 2018) and to detect stance 

and swing phase during walking using data from four people from IMUs on the foot, 

shank, and thigh with an accuracy of 95.1% (Zhen 2019). Also similar to HMMs, LSTMs 

have also been combined with other models to further improve their classification 

performance. For example, Kreuzer et al. (2021) used a convolutional neural network 

stacked with a LSTM network to detect five gait phases in walking using data from 11 

people from IMUs on the feet, shanks, thighs, arms, and waist with an accuracy of over 

92%. The high performance observed in these studies further support that any machine 

learning model can be used in activity and gait phase recognition, but time-series 

models tend to outperform shallow models that do not learn from the sequential nature 

of human gait. 

2.4 Data for Algorithm Training and Testing 

When using supervised machine learning models for activity and gait phase recognition, 

there are data considerations to be aware of to help ensure the models sufficiently learn 

and perform well, including the population that the training data are collected from and 

the number of participants to collect data from. One cannot expect a model to perform 

well when tested on data from a population that is different from the population of the 

training set. For example, if a model is trained using data from able-bodied adults with 

nonpathological gait, it will likely not perform well on data from any other population, 

including adults with pathological gait. The majority of studies on machine learning-
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based gait phase detection algorithms use data from able-bodied subjects collected in a 

lab-based environment (Vu 2020), which is good for devices intended to be used by 

individuals among this population and also for establishing performance benchmarks for 

these algorithms. These models tend to perform better than those developed using data 

from individuals with pathological gait, as indicated by Manchola et al. (2019) who 

observed an accuracy of 81.44% in detecting four gait phases in walking using data 

from nine individuals with nonpathological gait and an accuracy of 78.06% when data 

from nine individuals with pathological gait were used. Regardless of the population of 

interest, since these algorithms are intended to work for as many people and strides as 

possible, a model’s training set should contain sufficient intra- and inter-subject 

variability so that, once the algorithm is applied on a new person, the algorithm will 

perform as intended because it can recognize specific activities and gait phases. 

However, there are no studies to support a minimum number of subjects required for a 

model to learn sufficient intra- and inter-subject variability, so studies have recruited as 

little as two (Yang 2019) and up to 31 (Farah, 2017) participants to develop activity and 

gait phase recognition models. There are publicly available training datasets available 

for activity recognition, with the largest including data from 745 people, to the best of the 

author’s knowledge (Ahad, 2020). However, these datasets are limited in that they 

typically only include preprocessed sensor data or extracted features rather than raw 

sensor data. The number of sensors used to create these datasets is also limited, 

making these datasets unsuitable for use in applications where specific sensor 

placement is desired. For example, the previously mentioned dataset with data from 

745 people includes sensor data measured from three IMUs at the waist (Ahad, 2020). 

Therefore, collecting one’s own data for use in an activity and gait phase recognition 

model enables one to choose which sensors to use as well as their placements and 

which features to extract. Since there is no universally accepted minimum number of 

people to include in a training set for activity and gait phase recognition, collecting as 

many strides from as many people as possible from the population of interest may help 

ensure the model learns sufficient variability and will perform acceptably when applied 

to a new person. 
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Another consideration when collecting training data to be used in an activity and gait 

phase recognition model is whether to develop subject-independent or subject-

dependent model (Munguia Tapia, 2007). For applications where data from the end-

user will not be collected, the model must be subject-independent and its training set 

must not include any data from the end-user. Alternatively, subject-dependent models 

involve training and evaluating a model using data from only one person, with the intent 

of only that person using the model in a motion assistive device or other application. 

These models are promising because they learn and optimize their accuracy to only one 

person’s gait patterns (Kang 2020), but their development is arguably more labour 

intensive than subject-independent models because a subject-dependent model 

requires a sufficient volume of training data to be collected from the person of interest 

and each person’s model needs to be tuned and trained individually. An alternative to 

both subject-independent and subject-dependent models that leverage the benefits of 

both approaches is the hybrid approach, where a model is trained using the same 

training set that would be used to train a subject-independent model plus a small 

amount of data from subjects in the test set (Kang 2020, Ferrari 2020). Developing a 

hybrid model is more practically feasible than developing a subject-dependent model in 

that it does not require as much data to be collected from the end-user. Kang et al. 

(2020) observed that a hybrid feedforward neural network used to detect gait cycle 

percentage in walking outperformed subject-independent and subject-dependent 

models performing the same task. Furthermore, hybrid models have also outperformed 

subject-independent and subject-dependent models in activity recognition by 3% and 

35% respectively in detecting six activities, including walking and stair ascent, using an 

AdaBoost supervised learning model (Ferrari 2020). Therefore, subject-independent 

models are suitable in applications where data from the end user cannot be collected, 

but, if this data collection is possible, hybrid models should be considered. 

Final considerations when using supervised machine learning models for activity and 

gait phase recognition include the choice of performance metric as well as whether to 

use cross validation or a train/test split to evaluate the model’s performance. Since most 
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activity and gait phase recognition models are multi-class classifiers, common 

performance metrics used in these studies include accuracy, F1-score, and precision 

and recall. Near-universal use of these metrics allows for quantifiable comparison. 

Additional metrics specific to activity and gait phase recognition, although less popular, 

have been introduced to fully contextualize results for the application of motion assistive 

device control. For example, Jung et al. (2015) used the maximum error streak of their 

model’s predictions with the motivation being that long streaks of misclassifications can 

cause the device to behave inappropriately. Another study that detected both activity 

and gait phase evaluated their model using two separate accuracies, one for activity 

classification and one for gait phase recognition, which can help in understanding 

whether a model is better at detecting activity or gait phase and shaping future work 

based on these separate accuracies (Panahandeh 2013). Closely related to the choice 

of performance metric is the choice of whether to use cross validation or a train/test split 

for model evaluation. In either case, it is common practice to split the data based on 

number of subjects rather than number of observations. For example, in a study that 

uses an 80/20 train test split and has data from ten subjects, regardless of whether 

each subject has the same number of observations, all data from eight subjects are 

used as the training set and the data from the remaining two subjects are used as the 

test set. This same splitting of data applies to cross validation techniques, with a 

common technique being leave-one-subject-out (LOSO), where the data from all but 

one subject are used as the training set and the data from the remaining subject is used 

as the test set and this process is repeated in such a way that each subject has the 

opportunity to be the test set. Although this approach is popular, it may be unnecessary 

in studies that use data from many people, as indicated by Farah et al. (2017) who 

observed nearly identical accuracies in five-fold and ten-fold cross validations in a 

dataset consisting of 31 people. Based on this and also that cross-validation results 

gives a better indication of the inter-subject generalization capabilities of a model 

compared to use of a train/test split (Mannini 2012), cross-validation might be more 

suitable for evaluating activity and gait phase recognition models compared to using a 

train/test split, but LOSO cross validation might be unnecessary for a dataset with many 
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subjects. In summary, commonly used and novel custom performance metrics are 

useful to fully contextualize a model’s results and cross validation is arguably better to 

use than a train/test split.  
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3 Chapter 3: Detection of Foot-contact and Foot-off Gait 
Events using Force-Sensitive Resistors 

3.1 Introduction 

Gait partitioning is the division of a gait cycle into phases and requires identifying 

specific events, such as foot-contact and foot-off, to identify periods where an individual 

is in a particular gait phase at a given time. It can be applied to level-ground walking 

strides as well as other activities, such as running and stair ascent, and it has used in 

both clinical and research applications related to classifying healthy and pathological 

gait (Abaid 2013, Mariani 2013) and controlling powered exoskeletons and other motion 

assistive devices (Cherelle 2017, Farah 2019, Su 2019).  

Regardless of the activity being performed or the number of gait phases being detected, 

instrumentation is required to collect information from the person to determine when 

specific gait events have occurred. A common gold standard approach to detection of 

foot-contact and foot-off events used in gait partitioning is the use of force plates that 

are typically only used in a lab-based setting and require the sole of the foot to strike 

entirely on the plate. A threshold for the force plate being “on” is set and can be 

anywhere between 5N (Preece 2011) to 50N (Farah 2017). The instant a person steps 

on the plate and surpasses the threshold is the foot-contact event and, until the force 

measured by the force plate is less than the set threshold, the person is considered to 

be in stance phase. The instant that the force is less than the set threshold is the foot-

off event. Recognizing that a limitation of force plates is that they are usually only 

available in lab-based settings and cannot be used for gait event detection in real-world 

environments, portable wearable sensors, including force sensitive resistors (FSRs) 

(Agarwal 2020, Crea 2014, Mills 2007) accelerometers (Yan 2020, Waugh 2019), and 

gyroscopes (Mannini 2014), have been used in real-world gait event detection. Because 

they are relatively inexpensive (< $10 USD at the time of writing), FSRs are particularly 

convenient to use for gait event detection. Their analog output signal is also directly 

proportional to the applied force, making signal interpretation intuitive. 
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When using FSRs to detect foot-contact and foot-off gait events, the most common 

approach is to use thresholds, which is the same approach used when a force plate is 

used to detect these events. For example, Mills et al. (2007) used two FSRs embedded 

in a shoe insole and thresholds were used to detect foot-contact within 9.85ms and foot-

off within 5.25ms relative to a force plate for level-ground walking. Also, Su et al. (2020) 

used four FSRs taped to the bottom of the foot and individual on/off thresholds for each 

of the FSRs were selected. Then, as participants performed zero-incline treadmill 

walking at different speeds, the signal magnitude of each of the FSRs and whether they 

surpassed their prescribed thresholds determined when specific gait events occurred, 

which allowed participants’ gait to be partitioned into five phases. In this particular study, 

the gait partitioning was conducted to label data to be used in training machine learning 

models, so the performance of the FSR-based gait partitioning approach compared to a 

gold standard force plate was not reported. To summarize, gait event detection using 

thresholds is the most common approach to detecting gait events using FSR signals 

and this gait event detection has been considered a main objective in some studies and 

only part of the methodology in others.  

Using thresholds to detect foot-contact and foot-off events in FSR signals is easy to do, 

but an issue in doing this when the FSRs are embedded in a shoe insole is that the 

value of the signal when the FSR is “off” is variable, regardless of whether the person is 

weight-bearing, due to the tightness of the person’s shoe. This variable force applied to 

the FSRs regardless of the gait phase the person is in can result in a single threshold 

not being robust and failing to detect or falsely detecting gait events for some or all 

subjects and strides. Here, there is an opportunity for a more robust approach to detect 

foot-contact and foot-off events using FSRs embedded in a shoe insole. The objective 

of this study was to develop and evaluate a simple algorithm to detect foot-contact and 

foot-off events during real-world walking, stair ascent, and stair descent using a shoe 

insole embedded with two FSRs. Although FSR-based gait event recognition is used in 

a variety of applications, the motivation for the present study was to identify gait events 

to label data for use in machine learning models. 
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3.2 Methods 

3.2.1 Data Acquisition & Processing 

The data acquisition device used in this study was built in-house and consisted of two 

microcontrollers (Teensy 3.6), two IMUs (Redshift Labs UM7), and three FSRs (Interlink 

Electronics FSR® 402), two of which were embedded in a shoe insole for the right foot 

(Figure 2). Only FSR data from the wearable data acquisition device were used in this 

study and their sampling rates were 500Hz. The device was battery-powered, enabling 

it to be entirely portable and wearable outside of a lab setting. The FSRs could also be 

connected to the lab’s data acquisition system via analog channels, to enable 

synchronous measurement of FSR signals and lab-based instrumentation (Nexus 2.8 

Vicon Ltd, Oxford, UK) within the lab setting.  

 

Figure 2: Schematic of the insole used in the data acquisition device, including the locations of 
the force-sensitive resistors. 

53 healthy adults (29M, 24F, 19-26 years, 23.5 mean BMI) performed five level-ground 

walking, five stair ascent, and five stair descent strides at a self-selected pace on a 

force plate (1000Hz, 9281EA Kistler, Switzerland) while wearing the device. For the 

level-ground walking strides, participants began walking no less than three strides 

before the force plate to help ensure they were walking at a steady pace by the time 

their right foot made contact with the force plate. For the stair strides, a three-stair 

staircase with a force plate (1000Hz, AMTI AccuGait, MA, USA) embedded in the 

middle stair was used (Figure 12 in Appendix A). The step height of each stair was 

20.5cm and no participants used the handrail. 
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Immediately after performing the force plate strides, each participant performed 

approximately three minutes of walking in an indoor, real-world environment while 

wearing the device. The environment was inside a university campus building and 

included level-ground walking as well as walking up and down a 10-stair staircase 

(Figure 13 in Appendix A). Prior to starting the walk, the route was verbally described to 

the participant and participants were instructed to walk at a self-selected pace. 

Throughout the walk, a researcher walked alongside the participant while holding a third 

FSR. The researcher briefly applied pressure to this FSR whenever the participant 

transitioned from one motion to another (e.g. level-ground walking to stair ascent). The 

purpose of doing this was to create a landmark in the signals to identify the start and 

end time of each motion, to be used in the offline processing of the data. All subjects 

provided written, informed consent and the study was approved by the Institutional 

Research Ethics Board (Appendix B). 

All data processing and subsequent algorithm development and evaluation was 

conducted offline in Python (version 3.7). Only data from the right foot were collected. 

The force plate and FSR signals were filtered with a 2nd-order, 6Hz cut-off (Hora, 2017) 

Butterworth filter. For ease of development, only steady state level-ground walking 

strides from the real-world trials were used to develop the algorithm. To extract the 

steady state walking strides, for each subject, a single researcher manually identified 

periods of walking based on the signal landmarks from the third FSR and discarded 

strides that were visible outliers based on FSR magnitudes as well as strides that 

occurred during transitions from walking to stairs.  

3.2.2 Algorithm Development 

A rule-based algorithm to detect the on/off times of the sensors was developed using 

the first derivative of the FSR signals from the real-world level-ground walking strides; 

the algorithm is depicted in Figure 3, using three exemplar walking strides. The use of 

the first derivative was inspired by kinematics-based gait event detection algorithms, 

wherein the first derivative of position data provided more robust event detection than 
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approaches based solely on position data (O'Connor 2007). Lin et al. (2016) made a 

similar observation using the first derivative of FSR signals.  

 

Figure 3: Visual depiction of algorithm to detect “contact” and “off” events in the heel force-
sensitive resistor (FSR) signal for three level-ground walking strides. Numbered boxes indicate 
sequential procedures for “contact” and “off” event detection and procedure #6 was a post-hoc 

development. 

The first procedure in the algorithm was to detect the locations of positive peaks in the 

first derivative of the FSR signal and superimpose their locations on the FSR signal (#1 

in Figure 3). Among these peak locations, herein referred to as “peaks” for simplicity, 

were contact events. All subsequent procedures in the algorithm aimed to remove 

peaks that did not correspond to contact events and procedures 2-5 used subject-

specific constants (Table 1). These constants were tuned to each subject using trial and 



 

 

24 

 

error with the goal of choosing U, V, W, X, and Y to detect as many available gait 

events as possible. 

Table 1: Ranges of magnitudes for variables V, W, X, Y, Z used throughout the step detection 
algorithm. 

Subject-
specific 
Constant 

Use in algorithm Range of 
magnitudes used – 
level-ground 
walking 

Range of magnitudes 
used – stair 
ascent/descent 

V Milliseconds, used in 
box 2 in the algorithm 
flowchart 

112 – 620ms  

(mean= 296ms) 

162 – 620ms 

(mean= 314ms) 

W Scalar multiple for 
standard deviation, 
used in box 3 in the 
algorithm flowchart 

0 – 4 N/A – sum heel and toe 
thresholds used in level-
ground walking 

X Scalar multiple for 
standard deviation, 
used in box 3 in the 
algorithm flowchart 

0.5 – 3.5 N/A – sum heel and toe 
thresholds used in level-
ground walking 

Y Milliseconds, used in 
box 4 in the algorithm 
flowchart 

348 – 1130ms 

(mean= 771ms) 

348 – 976ms 

(mean= 659ms) 

Z Milliseconds, used in 
box 5 in the algorithm 
flowchart 

310 – 1066ms  

(mean= 727ms) 

350 – 1060ms (mean= 
764ms) 

 

Once peaks were detected (#1 in Figure 3), peaks with a corresponding FSR reading 

less than the mean of the previous FSR readings within V ms (“definitely off”) or greater 

than the mean of the next FSR readings within V ms (“definitely on”) were discarded (#2 
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in Figure 3). Using the remaining peaks, the mean and standard deviation of the 

corresponding FSR readings were calculated and any peaks with corresponding FSR 

magnitudes greater than the mean plus W*standard deviation or less than the mean 

minus X*standard deviation were discarded (#3 in Figure 3, where the thresholds based 

on the mean and standard deviation are represented by dashed green lines). For any 

remaining peaks, if there were peaks within Y ms of each other, the peak with the lower 

corresponding FSR magnitude was discarded (#4 in Figure 3). All remaining peaks 

were “contact” events. To detect “off” events, for each detected “contact” event, the 

location within Z ms of the FSR reading closest in magnitude to the FSR reading at 

“contact” was the location of “off” (#5 in Figure 3).  

To enable the detection of four gait events and subdivision of the gait cycle into four 

phases for level-ground walking only, the algorithm was applied to the heel and toe 

FSRs independently. For stair strides, the heel and toe FSR signals were summed, 

allowing two phases to be detected (stance + swing). The signals from the stair strides 

were summed because, upon visual inspection of the real-world stair strides, it was 

apparent that some people walk up/down stairs in either a toe-heel or flat-foot fashion, 

whereas, for steady-state level-ground walking for individuals with nonpathological gait, 

the sequence of the different regions of the foot striking the ground is always heel 

followed by toe. Summing the FSR signals for the stair strides helped improve the 

uniformity of the signal shape and characteristics across stride types, enabling the 

development of one algorithm to work for level-ground walking, stair ascent, and stair 

descent. Visual depictions for the two different approaches to stair walking are provided 

in Figure 14 in Appendix A. 

3.2.3 Performance Metrics 

For each FSR-force plate synced stride, the time (seconds) difference between a foot-

contact or foot-off event detected by the force plate and the same event detected by the 

FSRs was calculated. The force on the force plate (Newtons) at the time of an event 

detected by the algorithm was also determined, to compare the 50N threshold (Farah 
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2017) for the same event detected using a force plate. For each subject, the time 

differences and forces were averaged across all FSR-force plate-synced strides 

detected by the algorithm, to give one mean time difference and force for each subject. 

These were then used to calculate 95% confidence intervals for time difference and 

force. For level-ground walking, although the algorithm was applied to the heel and toe 

FSR signals independently, when evaluating the algorithm’s performance relative to the 

force plate, only the detection of foot-contact (i.e. heel FSR “contact”) and foot-off (i.e. 

toe FSR “off”) were considered. 

To further evaluate the algorithm’s performance and enable a comparison of the 

algorithm’s performance to previously published studies, the mean stance duration was 

compared between algorithm-detected real-world strides, algorithm-detected in-lab 

strides, and gold standard force plate-detected in-lab strides. Tests for significant 

differences between these mean stance durations were tested using a Šidák correction, 

where only p-values less than 0.002 were considered significant.  

To evaluate the robustness of the algorithm and its ability to detect foot-contact and 

foot-off events, the percentage of detected available strides was calculated for each 

subject. To get the number of available strides, a researcher manually counted the 

number of steady state strides used in the algorithm’s development. Visually, it was 

straightforward to identify and count the number of strides because, although the FSR 

magnitude was inconsistent between and within strides, it was generally high when 

force was applied to it (i.e. when a person was in stance phase and their weight was 

applied to the FSR) and low when the force was relieved. For each subject and stride 

type (level-ground walking, stair ascent, stair descent), the number of strides detected 

by the algorithm was divided by the total number of available strides for the subject to 

give a percentage of detected available strides. 

3.2.4 Comparison to Threshold-Based Techniques 

For level-ground walking only, the algorithm’s performance was compared to two 

independent threshold-based approaches for one subject only. The subject was chosen 
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based on its percentage of available strides detected by the algorithm and that the 

percentage was low relative to other subjects. Based on this, we wanted to investigate 

whether a threshold-based approach would be better suited for a subject where the 

algorithm had worse than average performance. 

For the first approach, the 50N threshold for the force plate was used to identify the 

corresponding FSR signal magnitude for both the heel and toe. This 50N-equivalent 

signal magnitude was used as the threshold for the first threshold comparison. For the 

second threshold comparison, the FSR-force plate-synced strides for level-ground 

walking were visually inspected to determine an arbitrary yet robust threshold that did 

not necessarily have any physical explanation from the force plate (i.e. the FSR 

threshold was not required to be equivalent to a certain force on the force plate). To 

better understand the reported thresholds, it is worth noting that unit of measurement for 

the FSRs was bits ranging in magnitude from approximately -200 – 1100, where lower 

magnitudes corresponded to a lower applied force. 

To evaluate each of these approaches, the percentage of physiologically-realistic 

strides detected was calculated and compared to the percentage calculated using the 

algorithm-detected strides. A physiologically-realistic stride was defined a stride where 

the sequence of the FSRs turning on is heel-on, toe-on, heel-off, toe-off. Any strides 

that violated this sequence were not considered to be physiologically-realistic and did 

not contribute to this percentage. 

3.3 Results 

95% confidence intervals for the timing differences between foot-contact and foot-off 

events measured by the force plate and detected by the algorithm indicate that, for 

level-ground walking, foot-contact was detected later by the algorithm compared to the 

force plate and foot-off was detected at the same time as the force plate (Table 2). For 

stair ascent and stair descent, foot-contact was detected later by the algorithm 

compared to the force plate and foot-off was detected earlier.  
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Table 2: 95% confidence intervals (CIs) for the time and force differences (algorithm minus force 
plate) for gait events detected by the algorithm and by the force plate for the FSR-force plate-
synced strides. 

Stride type Foot-contact or 
Foot-off? 

Time difference 95% 
CI (s) 

Force 95% CI (N) 

Level-ground 
walking 

Foot-contact (0.016, 0.023) (132.0, 170.8) 

Foot-off (-0.020, 0.005) (65.9, 126.2) 

Stair ascent 

Foot-contact (0.023, 0.078) (168.2, 251.2) 

Foot-off (-0.263, -0.183) (531.8, 651.9) 

Stair descent 

Foot-contact (0.037, 0.080) (368.2, 481.4) 

Foot-off (-0.160, -0.101) (346.5, 462.7) 

 

The variability in the time difference of detected events was low (e.g. the standard error 

for the time difference in detected foot-contact in level-ground walking strides using all 

walking strides from all subjects was approximately 0.004s). This motivated the final 

procedure in the algorithm (#6 in Figure 3), which was to adjust all detected events by 

the mean time difference for each respective stride type. For example, if the algorithm 

initially detected a foot-contact event during level-ground walking at a time of 1.0s, the 

final foot-contact detected by the algorithm would be at time 0.98s rather than 1.0s. 

Similarly, if the algorithm initially detected a foot-off event during stair ascent at a time of 

2.0s, the final foot-off detected by the algorithm would be at time 2.223s. Although zero 

was within the confidence interval for the time difference for foot-off in level-ground 

walking, suggesting that this final adjustment rule addition to the algorithm should not 

have been applied to this particular event, this confidence interval was centered about a 
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negative mean, meaning that, on average, foot-off was detected earlier by the algorithm 

than the force plate. Furthermore, if a confidence interval of a lower confidence were 

used (e.g. 90%), we would be led to the conclusion that foot-off was detected earlier by 

the algorithm than by the force plate for level-ground walking. Based on this, this final 

adjustment rule added to the algorithm applied to foot-contact and foot-off events in the 

three stride types used in this study. All subsequent results and discussion reflect this 

additional rule to the algorithm (Figure 3). 

95% confidence intervals for the corresponding force plate force at the newly adjusted 

FSR-detected foot-contact and foot-off suggest that foot-contact was detected at 

instances in time that corresponded to the rising edge of the force plate signal and foot-

off was detected at instances in time that corresponded to the falling edge of the force 

plate signal (Figure 4, Table 5 in Appendix A). 

 

 

Figure 4: 95% confidence intervals (CIs) for the time of detected foot-contact and foot-off events 
superimposed on a representative force plate stride for level-ground walking (left), stair ascent 

(middle), and stair descent (right). 

From the real-world walking trials, the average number of available level-ground walking 

strides to detect was 103.9 +/- 16.0. for each subject. For stair ascent and descent, the 

average number of available strides were 9.37 +/- 0.627 and 9.21 +/- 1.47 respectively. 

Considering all three stride types and all subjects, an average of 113.7 +/- 22.4 or 

92.6% +/- 9.79% of available steps were detected. 

Comparing the mean stance durations for level-ground walking, the mean stance 

durations were the same across the real-world strides detected by the algorithm, the 
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FSR-force plate-synced strides detected by the algorithm, and the FSR-force plate-

synced strides measured by the force plate (all p > 0.106) (Figure 5). For stair ascent, 

the mean stance duration for the FSR-force-plate synced strides detected by the 

algorithm and the same strides measured by the force plate were the same (p = 0.793), 

and both of these mean stance durations were different from the mean stance duration 

of the real-world strides detected by the algorithm (p < 0.0001). The same was 

observed for stair descent: there was no significant difference between the mean stance 

duration for the FSR-force plate-synced strides detected by the algorithm and the same 

strides detected by the force plate (p= 0.764) and both of these mean stance durations 

were different from the mean stance duration of the real-world strides detected by the 

algorithm (p < 0.0001).  

 

Figure 5: Average +/- standard error for force plate-measured and algorithm-detected stance 
durations for all subjects. Significant differences between groups are depicted with * (all p < 

0.0001). 

3.3.1 Comparison to Threshold-Based Techniques 

For the first threshold technique tested, using the five FSR-force plate-synced strides for 

level-ground walking for one subject where the algorithm had below average 

performance, the average FSR measurement that corresponded to 50N on the force 
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plate was 71.0% of the max FSR reading for the heel FSR and 73.5% of the max FSR 

reading for the toe FSR. Visual depictions of the average FSR measurements that 

correspond to 50N on the force plate are provided in Figure 15 in Appendix A  (using 

rising edge 50N for foot-contact and falling edge 50N for foot-off). For the second 

threshold-based technique, the arbitrary thresholds chosen based on visual inspection 

of the FSR-force plate synced strides were 600 (66.4% of the max FSR reading) for the 

heel FSR and 800 (78.5% of the max FSR reading) for the toe FSR. For both of these 

methods, the percentage of physiologically-meaningful strides detected was much lower 

compared to the percentage of physiologically-feasible strides detected using the 

proposed algorithm (Table 3). 

Table 3: Percentage of physiologically-feasible strides detected for one subject using the two 
threshold-based approaches and proposed algorithm. Number of available strides= 113. 

Stride detection method Percentage of physiologically-feasible strides 
detected for one subject where the algorithm had 
below average performance (%) 

50N-equivalent threshold 0.8 

Arbitrary threshold 25.7 

Proposed algorithm 74.3 

 

3.4 Discussion 

The goal of this study was to develop and evaluate an algorithm to detect foot-contact 

and foot-off during real-world walking, stair ascent, and stair descent using FSRs 

embedded in a shoe insole. When tested on 53 healthy participants, the proposed 

algorithm detected over 92% of available strides measured in a real-world environment. 

Additionally, for the smaller set of strides measured in-lab using both a gold standard 

force plate and the algorithm, the time differences between foot-contact and foot-off 
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events measured by the force plate and detected by the algorithm were low. For these 

same strides measured in-lab, there was no significant difference between the mean 

stance durations for strides measured by the force plate and the algorithm-detected 

strides. 

In the literature, there has been success in using portable force sensors and thresholds 

for gait event detection, but usually the data being evaluated are only level-ground 

walking strides measured in a controlled lab-based environment from few subjects 

performing few strides (Crea 2014, Preece 2011, Mills 2007). For example, in the study 

conducted by Crea et al. (2014), two participants performed 30 level-ground walking 

strides across a force plate in a lab environment while wearing an insole embedded with 

64 sensing nodes. Using a threshold-based approach, the insoles measured stance 

duration within 0.03s relative to the stance duration measured by the force plate used in 

the study, which is greater than the error in the level-ground walking stance duration 

measured in the lab-based environment for the present study where 53 subjects were 

evaluated and only two sensors were used (error = 0.004s). Also, Mills et al. (2007) 

used a threshold-based approach with an insole with FSRs at the heel and toe to detect 

foot-contact within 9.85ms and foot-off within 5.25ms relative to a force plate for level-

ground walking using data from five subjects. Using these studies as examples, despite 

the differences in experimental protocol, the proposed algorithm and its ability to detect 

foot-contact and foot-off events as well as measure stance duration in real-world 

walking strides is comparable to what has been previously published and achieved 

using controlled, lab-based data. 

As well as being used to detect gait events, another measure of success for gait event 

detection algorithms using force sensors is their ability to detect, or count, available 

strides. Truong et al. (2016) used a threshold-based approach using the force data from 

an insole embedded with eight force sensors and one accelerometer to detect stance 

and swing phase in level-ground walking as well as count the number of distinct strides. 

Using data from seven subjects performing straight-line level-ground walking for either 

16m or 89m, the developed thresholds detected 100% of available strides (Truong 
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2016). Using an approach more similar to the present study, Lin et al. (2016) used the 

first derivative of force signals from 48 force sensors embedded in a shoe insole to 

count over 99% of available strides for 10 subjects in a real-world environment that 

included walking, running, stair ascent, and stair descent activities. In the present study, 

a smaller percentage (92.6%) of available strides were detected, but, relative to the 

aforementioned studies, this was accomplished using fewer sensors and data from a 

larger (n= 53) group of people. Also in these aforementioned studies, no quantitative 

comparison was made between the force sensors and a force plate or other gold 

standard, meaning that the strides observed in these studies may be different from what 

would be observed if a force plate were used.  

Perhaps due to the availability of other smaller sensors, including accelerometers, more 

recent studies have used non-force-based sensors combined with supervised machine 

learning techniques for gait event and/or gait phase detection (Su 2020, Manchola, 

2019). In these studies, thresholds used with FSR signals were used as the reference, 

or ground truth, for detected gait events. For example, Su et al. (2020) used a 

convolutional neural network to detect five gait phases in level-ground walking using 

data from IMUs secured to the legs. Four FSRs taped to the bottom of participants’ feet 

and a threshold-based approach were used to label the data and identify when contact 

events occurred. Similarly, Manchola et al. (2019) used a hidden Markov model to 

detect four phases in level-ground walking using data from a foot-mounted IMU. Four 

FSRs embedded in a shoe-insole and a threshold-based approach were used to identify 

when foot contact events occurred. In these and other similar studies (Seo 2019, 

Martinez-Hernandez 2018, Ding 2018), there were no comparisons between events 

detected by the FSRs and events detected by a force plate. Instead, in these studies, 

the FSRs were considered to be the gold standard. Using FSRs as the gold standard 

could be problematic because, unlike a force plate where the time of foot-contact is 

when a force greater than 5-50N is applied to the force plate, there is no near-

universally accepted arrangement of FSRs or FSR threshold that determines when a 

FSR is on or off. This means that, for any given study, the chosen threshold for the 
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sensor turning “on” could, in reality, be in the middle of a stride if it were compared to a 

force plate, for example. This could result in a delay or entirely different events being 

detected by the machine learning algorithm compared to what is occurring in reality. 

This could then result in researchers setting their FSR on/off thresholds to achieve 

better event detection on paper while not actually detecting the events they think they 

are detecting. Based on this, to help ensure repeatable results in these studies, any 

threshold or other approach used to label FSR-detected gait events for use in machine 

learning models should have a physical meaning that relates back to a force plate or 

other gold standard in some way. For example, in the present study, the detected foot-

contact and foot-off events were compared to 50N measured on a force plate. A 

challenge in doing this is that an arbitrary on/off threshold or other event detection 

approach that works for strides measured in a lab setting may not work for strides 

measured in a real-world setting. For example, in the present study, for the one subject 

where an arbitrary threshold was tested, there could have been a better threshold to 

use for the real-world walking strides that would have resulted in all available strides 

being detected, but this threshold may have incorrectly detected strides (e.g. entirely 

miss the stride or detect additional strides) for the in-lab force plate strides. This 

challenge may be more of a question of people walking differently in a lab setting versus 

in the real-world (Hutchinson 2019, Friesen 2020), but, since the gold standard 

approach to gait event detection is through the use of a lab-based force plate, any FSR 

threshold or other approach to event detection should be compared to that. 

In the present study, the first derivative of the FSR signal was used to detect foot-

contact and foot-off gait events. The idea of using the first derivative of a signal to detect 

gait events in level-ground walking is not novel; O’Connor et al. (2007) developed an 

algorithm to detect foot-contact and foot-off using the first derivative of trajectories of 

motion capture markers at the heel and foot and detected foot-contact an average of 

16ms later and foot-off 9ms later than a force plate. Lin et al. (2016) also used the first 

derivative of heel and toe FSR signals to detect strides to enable step counting and the 

measurement of stride durations, however, they did not compare their algorithm’s 
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performance to a force plate or other gold standard approach. As observed by Lin et al. 

(2016), a benefit of using the first derivative of the force signal is that it is robust to noise 

and differences in signal offsets between subjects. The first derivative also has good 

step-to-step repeatability. For instance, two subjects will have different minimum heel 

FSR measurements due to differences such as weight or how tight-fitting their shoes 

are. For these two subjects, the first derivative of their FSR signals will be more similar 

to each other compared to their FSR signals, making an algorithm developed using the 

first derivative more robust and generalizable across subjects and experiments of 

durations longer than a few strides. Similar to what was observed by O’Connor et al. 

(2007), in the present study it was also observed that differentiating the FSR signals 

introduced noise, which worsened with each differentiation. Based on this, features in 

the second and third derivatives were experimented with to see if they would be helpful 

in identifying foot-contact and foot-off events, but no features from the second and third 

derivatives of the FSR signals were used in the final algorithm. Instead, the proposed 

algorithm uses a combination of characteristics in the first derivative, local magnitudes 

of the FSR signal, and temporal gait assumptions. 

The proposed algorithm was developed and the subject-specific parameters were tuned 

using steady state real-world walking strides, meaning that, each subject presumably 

walked at a consistent pace throughout their real-world data collection session. Based 

on this, a possible explanation for the difference in mean stance duration between the 

real-world algorithm-detected strides and lab-based algorithm-detected strides for both 

stair ascent and stair descent is that the stair strides collected in the real-world data 

collection session may have been more steady-state-like compared to the stair strides 

collected in the lab. In each subject’s real-world data, up to 10 of each stair ascent and 

stair descent strides could be detected, whereas the lab-based staircase had one 

detectable step (i.e. the middle step in the three-step staircase used). Therefore, the 

real-world stair ascent/descent strides were more likely to be steady state strides 

whereas the lab-based stair ascent/descent strides were likely gait initiation strides and, 

because steady state and initiation gait are biomechanically different (Nissan 1990), this 
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could explain the difference in mean stance durations between the real-world stair 

ascent/descent strides and the lab-based stair ascent/descent strides. 

3.4.1 Limitations 

Although the proposed algorithm and its detected events can be related to what would 

be measured by a force plate, developing the algorithm in this way may have come at 

the cost of missing the detection of some available strides; a limitation of the proposed 

algorithm is that it did not detect all available strides for all subjects. If the sole objective 

of the algorithm were to count strides, there would arguably be no need for the detection 

of specific gait events, including foot-contact and foot-off. Instead, only the detection of 

a certain signal characteristic that occurred once every stride, such as a specific peak in 

the first derivative, would be required. However, since the algorithm detected specific 

gait events related to what would be measured using a gold standard, the algorithm was 

arguably more complex than what it would be if it just counted strides or if detected 

events were not related to a gold standard. So, although the approaches used by 

Truong et al. (2016) and Lin et al. (2016) detected a greater proportion of available 

strides, they did so using more sensors than what was used in the present study and 

they evaluated their algorithms on fewer subjects. More specifically, Truong et al. (2016) 

used data from eight pressure sensors and an accelerometer in their algorithm that they 

evaluated on ten people and Lin et al. (2016) used data from 48 pressure sensors and 

evaluated their algorithm on ten people. Based on this and the fact that the proposed 

algorithm outperformed two threshold-based approaches in the present study, it is 

unlikely that the algorithms proposed by Truong et al. (2016) and Lin et al. (2016) would 

detect the same 100% of physiologically-realistic strides for the strides measured in the 

present study. 

Another aspect of the algorithm that may have had an impact on the proportion of 

detected available strides is that each level-ground walking stride had to be detected by 

both the heel and toe FSRs separately since these signals were not summed prior to 

being used in the algorithm and there was only one FSR at each the heel and toe. 
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Although this was not the aim of the present study, to enable the objective detection of 

sub-phases within stance phase, on/off events for the heel and toe FSRs were detected 

independently. This means that, for any strides where the person stepped in such a way 

that little pressure was applied to one of the two FSRs, the stride was likely not detected 

regardless of the magnitude or shape of the other FSR signal. To overcome this, 

multiple FSRs can be embedded at the heel and toe and all FSR signals in the region of 

interest (heel or toe) can be summed and used in the algorithm, similar to the approach 

used by Lin et al. (2016).  

Additional limitations of the proposed algorithm are that it cannot run in real-time and it 

has subject-specific parameters that must be manually tuned. The algorithm cannot run 

in real-time due to some parts of the algorithm using future FSR magnitudes to 

determine if a specific index is indeed a “contact” event. Also, foot-off indices were 

detected by searching forward in time from detected foot-contact events. Since the 

motivation for creating the algorithm was to identify gait events to label training data to 

be used in machine learning models, ensuring that the algorithm could run in real-time 

was not prioritized. As well as the algorithm not being able to run in real-time, the five 

subject-specific parameters used in the algorithm (Table 1) must be manually tuned to 

the person using the algorithm, which can be time-consuming since manual tuning 

requires familiarity with the signals to understand whether a parameter’s magnitude 

should be increased or decreased to maximize the number of available strides detected. 

Furthermore, a limitation of using the fixed-magnitude temporal parameters in particular, 

including parameters V, Y, and Z, is that they may not be robust to changes in gait 

speed, so the algorithm could fail to detect gait events if the user suddenly started 

walking faster or slower than their original self-selected pace from which the algorithm 

was developed. For use of the algorithm in controlled environments where gait speed 

can be fixed, such as in some gait research studies, the temporal parameter 

magnitudes could possibly be the same for all subjects at the cost of requiring all 

subjects to walk at the same speed. Alternatively, an opportunity for future work is to 

develop adaptable parameters that automatically adjust based on the user’s gait speed. 
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Other future work should include the development of force sensor signal derivative-

based algorithms for real-time gait event detection, rather than strictly offline gait event 

detection. 

3.5 Conclusion 

The goal of this study was to develop and evaluate an algorithm to detect foot-contact 

and foot-off during walking, stair ascent, and stair descent using FSRs embedded in a 

shoe insole with the motivation being to identify gait events to label data to train 

machine learning models. When tested on 53 healthy participants, foot-strike and foot-

off events were detected at nearly the same time as what would be detected using a 

gold standard approach, with the timing differences in detected events being smallest 

for level-ground walking (foot-contact max time difference = 3.5ms, foot-off max time 

difference= 12.5ms), followed by stair descent (foot-contact max time difference = 

21.5ms, foot-off max time difference= 29ms), followed by stair ascent (foot-contact max 

time difference = 33.5ms, foot-off max time difference= 39.5ms). Upon comparison of 

the algorithm’s performance to that of two independent threshold-based approaches, 

the algorithm was superior in that it detected a greater percentage of available strides. 

Limitations of the proposed model include it having subject-specific parameters that 

must be tuned. The algorithm also cannot run in real-time and it detected a smaller 

proportion of available strides (92.6%) compared to previous similar studies that used 

threshold-based approaches (99-100%). Despite these limitations, recognizing that the 

motivation for this work was to identify gait events to label data for training machine 

learning models, the algorithm’s ability to detect events at nearly the same time as what 

would be detected using a gold standard approach and its ability to detect the majority 

of available strides makes it a viable tool for robustly identifying gait events in level-

ground walking, stair ascent, and stair descent strides measured in a real-world 

environment.  
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4 Chapter 4: Gait Phase Detection in Walking, Stair Ascent, 
and Stair Descent using Machine Learning 

4.1 Introduction 

Simultaneous activity and gait phase recognition systems are used in activity and health 

monitoring (Simon 2004), as well as in the control of powered motion assistive devices 

(Cherelle 2017, Kang 2020), including exoskeletons and powered prosthetics. These 

systems collect movement data from the user, such as sensor measurements from 

body-worn sensors (Dutta 2018), and use these data as input to an algorithm that 

returns both the activity (e.g. walking, stair ascent) and gait phase (e.g. stance, swing) 

that the user is performing at any given time. Knowing which activity and gait phase the 

user is in, the device can behave accordingly, since people’s motion strategies vary 

when in the same gait phase for different activities. For example, stance and swing gait 

phases are physically apparent in both level-ground walking and stair ascent activities, 

but, in stair ascent, stance time as a percentage of total stride time is greater compared 

to level-ground walking (McFadyen 1988) and support moments in stair ascent are 

greater than those in walking, to counter gravity when ascending (McFadyen, 1988). 

Recognizing there are differences in activity demands for the same gait phase for 

different motions, it is arguably necessary for a powered motion assistive device to 

recognize both activity and gait phase, rather than just gait phase or just activity, so it 

can adjust its behavior accordingly and better serve the user. 

Another design consideration for motion assistive devices with activity and gait phase 

recognition is integrating the necessary sensors and other physical components local to 

other physical components of the device. For example, for a powered knee brace with 

straps on the thigh and shank to secure the brace to the leg, it would presumably be 

most convenient to the user if all necessary physical components for an activity and gait 

phase recognition system were integrated with the other brace components at the thigh 

and shank, rather than at the feet or chest. However, sensor placement on body 

segments distal to the device may be necessary for acceptable detection accuracy, as 
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observed in a study that used IMUs at the feet, shanks, thighs, waist, and arms to 

detect five gait phases in walking and determined that and IMU at the waist achieved 

higher accuracy compared to IMUs at the feet (Kreuzer 2021). If this algorithm were to 

be used in a motion assistive device, an IMU at the waist may be necessary for 

acceptable classification performance, regardless of where other physical components 

of the device are located on the body. 

In terms of the actual development of activity and gait phase recognition algorithms, 

both rule-based and machine learning approaches have been used successfully. For 

example, the lower limb exoskeleton developed by Martinez et al. (2017) required the 

detection of stance and swing phases and a rule-based finite state machine was 

developed to detect these two gait phases in level-ground walking. In another study, 

Mannini et al. (2012) used a hidden Markov model to first classify strides as either 

walking or jogging and then, within each stride, detected four gait phases with a recall of 

94.9%. Also, Martinez-Hernandez et al. (2018) developed a probabilistic model to detect 

eight gait phases within level-ground walking, ramp ascent, and ramp descent with an 

accuracy of >99.0%. An observed benefit of using machine learning models instead of 

rule-based approaches for activity and gait phase recognition is that machine learning 

models tend to better generalize to unseen data, or new subjects (Khera 2020). The use 

of deep learning models in particular, including long short-term memory (LSTM) 

networks, also do not require specialized biomechanics knowledge or familiarity with 

sensor signals measured by a motion assistive device, since they can learn features 

from the raw data by applying nonlinear transformations (Ramasamy 2018). Machine 

learning models used in activity and gait phase recognition systems are multi-class 

classification models that use sensor signals or aggregate data from sensor signals as 

input and return an activity and gait phase as the output (Ramasamy 2018). For 

example, Evans et al. (2014) used raw IMU signals from seven IMUs placed on various 

body segments as the input features to a hybrid feedforward neural network-hidden 

Markov model where the output was one of five gait phases in level-ground walking. 

Also Farah et al. (2019) used aggregate data, including mean and total number of 
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peaks, calculated over discrete windows of angular velocity, linear acceleration, and 

knee angle as the input features to different decision tree models where the outputs 

were one of four gait phases in level-ground walking. Although stair ascent and stair 

descent in addition to level-ground walking are arguably some of the most common 

motions performed on a day-to-day basis and are considered instrumental activities of 

daily living (Lawton 1969), development of models that detect these three activities and 

their gait phases is limited. Also, although individual gait phase recognition models can 

be made for each activity (e.g. one model for recognizing gait phases in walking and a 

separate model for recognizing gait phases in stair ascent), it is more convenient and 

arguably more powerful to have a single model that simultaneously detects the activity 

and gait phase for various activities and gait phases, such as those developed by 

Mannini et al. (2012) and Martinez-Hernandez et al. (2018).  

It is also worth noting that machine learning-based gait phase recognitions algorithms 

are not limited to using signals measured from IMUs, gyroscopes, and/or 

accelerometers, however, these sensors are favourable because they do not require 

specific placement on the users’ muscle, like an electromyography unit does (De Luca 

1997), and they are more mechanically robust compared to low-cost force-based 

sensors that undergo repetitive impact forces from the foot (Vu 2020).  

A challenge in developing a machine learning model for activity and gait phase 

recognition is having sufficient representative training data, meaning that there are 

enough distinct strides from enough people collected in an environment representative 

of the real-world for a model to learn from and be able to generalize well to unseen 

strides and people. The difficulty in obtaining training data is that it requires data 

collection from human subjects, which requires ethics approval, lab resources, and 

volunteers willing to donate their time and information. Based on this, it is not 

uncommon for a gait phase recognition study to have thirty or less participants, each 

walking for a prescribed amount of time or number of strides in a lab-based 

environment. For example, in the previously mentioned study by Mannini et al. (2012) 

where four gait phases within walking and jogging were detected with a recall 94.9%, 
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the study was based off of results from six subjects walking and jogging on a treadmill. 

Considering these algorithms are intended to be used in motion assistive devices by 

many different people, better results may be seen if a model is trained using little data 

from many different people rather than using little or lots of data from few people, to 

ensure the model can generalize well to inter- and intra-user variability. Furthermore, 

since these algorithms are intended to be used in motion assistive devices, training data 

should be from real-world rather than lab-based environments to better match the test-

case environments of where these devices are used. The training data should also 

ideally match that of the population of the intended end-users of the motion assistive 

device, since gait patterns are different and there is greater variability in gait patterns 

among individuals with movement disorders relative to individuals with nonpathological 

gait (Martindale 2017). 

Final considerations in using machine learning models in activity and gait phase 

recognition systems are that the model should be able to run in near-real-time and a 

model that uses fewer resources (e.g. features, computations, sensors) is superior to an 

alternative model that requires more resources to achieve the same performance. Since 

motion assistive devices provide support to the user while being worn, it is nonsensical 

to develop activity and gait phase recognition models that cannot run in real-time. Also, 

since these models are used in wearable devices that are presumably battery-powered, 

a model that requires less resources may operate for longer periods of time between 

battery charges compared to a model that uses more resources.  

Using the design considerations outlined here as well as the limitations of previously 

developed activity and gait phase recognition algorithms as motivation, the purpose of 

the present study was to develop, train, and test a multi-class classification machine 

learning model that detects stance and swing phase in real-world walking, stair ascent, 

and stair descent using gyroscope and accelerometer data from the thigh and shank. 

This single model that detects stance and swing in three motions was intended to be 

integrated into a wearable motion assistive device local to the knee, such as a knee 



 

 

43 

 

brace. As such, the minimum required resources, including the number of sensors, 

sensor types, amount of training data, and features, was also evaluated. 

4.2 Methods 

4.2.1 Data Acquisition & Processing 

The data acquisition device used in this study was the same as that used in Chapter 3. 

Each participant wore IMUs on the lateral thigh and shank (Figure 6), 6cm from the 

knee joint center whose location was found by palpating the knee to find the lateral 

epicondyle. Each participant also wore a force sensitive resistor (FSR)-embedded 

insole in their right shoe with one FSR at the heel and one FSR at the toe. The sampling 

rates of the FSRs and IMUs were 500Hz and 250Hz respectively. 

 

Figure 6: Inertial measurement unit (IMU) placement on the thigh and shank used for data 
acquisition. Positive x-axis points proximally, positive y-axis points anteriorly, positive z-axis 

points laterally. 

80 healthy adults (38M, 42F, 19-52 years, 23.8 mean BMI) performed approximately 

three minutes of walking in an indoor, real-world environment while wearing the device. 

The environment, instructions given to the participants, and other details regarding this 
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real-world data collection are the same as those described in Chapter 3, including each 

participant walking throughout a university campus building for approximately three 

minutes, which included ascending and descending a 10-stair staircase. In each 

participant’s trial, a researcher walked alongside the participant and applied pressure to 

a third handheld FSR whenever the participant transitioned from one activity to another. 

This was done to create a landmark in the signal to identify the start and end time of 

each activity, to be used in the offline processing of the data. Also, 53 of the 80 subjects 

were the same as those used in Chapter 3 and all data processing (Figure 7) and 

subsequent model training and evaluation were conducted offline in Python (version 

3.7). The FSR signals were filtered using a 2nd-order, 6Hz cut-off Butterworth filter (Hora 

2017) whereas the IMU signals were filtered using a 2nd order, 15Hz cut-off Butterworth 

filter (Manchola 2019). 

Prior to training the machine learning models, individual strides were extracted using the 

rule-based algorithm developed and described in Chapter 3.  Since the stride-detection 

algorithm did not achieve 100% recall and there were uncertainties in the timing of 

detected foot-contact and foot-off events relative to events detected using a gold 

standard force plate, outlier strides were subsequently detected and removed to 

achieve a clean dataset, according to the workflow illustrated in Figure 7. Additional 

details regarding outlier removal are provided in Appendix C-1; after outlier removal, 

6465, 448, and 426 strides were retained from walking, stair ascent, and stair descent 

activities, respectively. 
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Figure 7: Flowchart describing outlier detection approach. Numbers in parentheses indicate the 
number of remaining strides after completing the given process block with bold numbers 

representing the final number of strides remaining. 

4.2.2 Feature Extraction & Selection, Model Development  

For all strides that remained after the outlier detection, using the indices of foot-contact 

and foot-off, all timestamps were assigned one of six labels with the labels being walk-

stance, walk-swing, ascent-stance, ascent-swing, descent-stance, descent-swing. For 

all timestamps, each of the thigh and shank IMUs had eight channels of measurements 

consisting of angular velocity and linear acceleration for the x, y, z, and resultant axes. 

Using these channels, a total of 352 candidate features (Table 6 in Appendix C) were 

computed over a 0.04s sliding window with 0.02s overlap between consecutive 

windows. The 0.04s window size was chosen based on trial and error, where window 

sizes between 0.004s (Ding, 2018) and 0.1s (Farah 2019, Sun 2018) were tested. A 

50% overlap between consecutive windows was selected because overlapping windows 

can reduce confusion at activity or phase transitions (Daud 2013) and also increase the 

frequency of predictions, but too much overlap can increase confusion at transitions 

(Farah 2019). For any given window, the designated class was the label of the majority 

of timestamps in the window.  
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Seven models were independently developed to detect stance and swing phase in 

walking, stair ascent, and stair descent: a decision tree (DT), a decision tree with 

transition sequence verification and correction (DT-TSVC) (Farah 2019) and five long 

short-term memory (LSTM) networks. Each LSTM had unique restrictions (e.g. “LSTM 

trained and tested using only shank-based features”) to evaluate the minimum sensor or 

data requirements for this six-phase classification task. A detailed description of each 

model tested is provided in Table 7 in Appendix C. The DT-TSVC model is a makeshift 

time-series DT model that stores the seven immediately previous predictions made 

using a DT and changes its next prediction if the prediction is nonsensical given the 

sequential nature of human gait and how the data were collected. For example, if seven 

consecutive predictions were all ascent-stance and the eighth prediction was descent-

stance, the eighth prediction would be considered nonsensical since, given how the 

data were collected, the transition from ascent-stance to descent-stance never 

occurred. This eighth prediction would then be changed to what was predicted for the 

seventh window. The goal of inducing this time-series nature in a DT model is to 

improve classification results compared to a vanilla DT, given that human gait is 

sequential. 

For the DT, DT-TSVC, and four of the five LSTM models, a common approach to 

feature extraction and selection as well as hyperparameter tuning was applied 

independently. To reduce the feature set from 352 features, consensus features 

(Parvandeh 2020) were used. Using only the data from eight randomly selected 

subjects (3M, 5F, 19-24 years, 22.1 mean BMI), a random forest consisting of 128 trees 

was trained and tested using the leave-one-subject-out (LOSO) approach five times, to 

give an average feature importance for all features for each subject. Then, for each 

subject, the features were ordered from most important to least important and the top 60 

most important features were identified. The features that were common among the 60 

features across all eight subjects, known as “consensus features” (Parvandeh 2020), 

were retained. Using these consensus features, for each of the models tested and using 

a LOSO approach with the data from the same eight subjects used to determine the 
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consensus features, a coarse grid search was used to determine optimal 

hyperparameter settings. For the LSTM models, settings that were tested were the 

number of hidden layers (options tested: 1,2,3), number of LSTM units per hidden layer 

(options tested: 3, 5, 8, 16, 32), training batch size (options tested: 32, 64, 256, 1024, 

2048), and the number of training epochs (options tested: 25, 50, 75, 100, 150, 200). 

For the learning rate and optimizer, all LSTM models used a learning rate of 0.01 and 

the Adam optimizer. Dropout regularization was not used and the loss function of each 

LSTM model was sparse categorical cross entropy. For the decision tree models, 

settings that were tested were maximum tree depth (options tested: 2, 3, 4, 5, 7, 10, 15, 

infinite) and the minimum number of instances required to split an internal node (options 

tested: 2, 50, 100, 500, 1000, 1500, 2000). The feature set and number of features 

retained for model training varied depending on what constraints were instituted (Table 

7 in Appendix C), but, across all models, the number of features ranged from 16 to 53. 

For all models, the final hyperparameter settings were the combination that yielded the 

greatest validation accuracy in the LOSO cross validation for the eight subjects. The two 

DT models were developed using the scikit-learn implementation and all LSTM models 

were developed using Keras with Tensorflow backend. 

For the final LSTM model, recognizing that a benefit of using a deep learning model is 

that it can extract its own abstract features and therefore may not require any feature 

extraction over windowed sensor readings to achieve acceptable results (Goodfellow 

2016), the filtered IMU signals were used as the feature set and each labelled 

timestamp, rather than windows of consecutive timestamps, was considered one 

instance with 16 features (16 = 2 IMUs x 8 channels).  

After the hyperparameter settings were selected, 18-fold cross-validation using the 

remaining 72 subjects was used to evaluate the models, where each fold consisted of 

all data from four unique subjects. Subjects were assigned to folds at random, 

regardless of their sex, weight, and height. There was also no effort made to stratify the 

folds such that the instances of each class were balanced across all folds. However, 

recognizing that there were far fewer stair strides compared to level-ground walking 
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strides and to ensure all models adequately learned all phases, all training instances 

belonging to the non-majority classes were weighted as follows: 

𝑤𝑖 =
𝑛𝑚

𝑛𝑖
 (1) 

where 𝑤𝑖 was the weight for each instance in phase 𝑖, 𝑛𝑚 was the number of instances 

in the majority class 𝑚, and 𝑛𝑖 was the number of instances in phase 𝑖. In each iteration 

of the 18-fold cross validation the weightings were calculated according to instances in 

the 17 folds comprising the training set, so the class weightings varied slightly between 

iterations of the 18-fold CV. Also for each model, feature values were normalized such 

that all feature values were between 0 and 1 (fit on training data). 

4.2.3 Additional Analyses & Models Tested 

Based on the results of the models described above, additional analyses were 

conducted using only the best-performing model and feature set of the seven initially 

tested. More specifically, the following additional models were developed and evaluated 

independently: 1) model trained using a hybrid approach, 2) activity-specific models, 3) 

hybrid activity-specific models, 4) original model with a moving median filter applied to 

the predictions, and 5) activity-specific models with a moving median filter applied to the 

predictions. For the hybrid model inspired by Kang et al. (2020) and Ferrari et al. (2020), 

three walking strides and one of each stair stride for each subject in the test set were 

moved from the test set to the training set. Kang et al. (2020) described this as a 

transfer learning approach that aims to maximize the accuracy for those subjects in test 

set while leveraging data from other subjects, by providing additional information to the 

model to learn subject-specific intricacies in training. All models evaluated prior to these 

additional analyses were trained such that they were subject-independent. 

For each of the activity-specific models, three independent binary classification models 

that were developed and tested using only data from one of the three stride types were 

evaluated. For all activity-specific models, there was one model for level-ground walking 
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that detected stance and swing in level-ground walking only and there were two other 

independent models that were the same but for stair ascent and stair descent. 

For the models where a moving median filter was applied to the predictions, the activity 

(i.e. level-ground walking, stair ascent, stair descent) predicted by the model was taken 

to be the median of the previous X activity predictions and the phase (i.e. stance, swing) 

predicted by the model was the median of the previous Y activity predictions. Different 

sized windows were applied to the activity and phase because activity transitions were 

much less frequent than phase transitions, so a longer window was suitable for activity 

predictions compared to phase predictions. For the activity-specific models, no filter was 

applied to the activity predictions and the median of the previous three predictions was 

set to be the phase prediction. For models where both activity and phase were detected 

within the same model, the median of the previous 25 predictions was used to 

determine the current activity prediction and the median of the previous five predictions 

was used to determine the current phase prediction. The use of a median filter applied 

to predictions was inspired by Yang et al. (2019) who observed that incorrect 

predictions tend to be infrequent and appear as vibrations between two phases and that 

a filter could eliminate these vibrations. 

4.2.4 Performance Metrics 

Models were evaluated and compared based on two metrics: accuracy and proportion 

of perfectly classified strides (PPCS). To our knowledge, PPCS is a novel metric 

proposed in the present work and it aims to quantify “if this model were implemented in 

an assistive motion device, for what percentage of strides would there be a 

misclassification, potentially resulting in unexpected device behavior that could 

potentially result in the user losing their balance?” Similar to accuracy, the best value 

this metric can have is 1 and the worst value is 0, where a value of 1 indicates perfect 

classification with there being no strides with any misclassifications. To compare the 

first seven models to decide which model was superior, similar to how models were 

compared in (Dehzangi 2017), paired-t tests for significant differences in mean 
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accuracies as well as in mean PPCS were conducted using a Šidák correction, where 

only p-values less than 0.0024 were considered significant. To quantify and evaluate 

whether classification was better for some phases and worse for others, a confusion 

matrix for the best performing model as well as the mean and standard deviation recall 

was visualized for all models. The additional models developed that were based on the 

best-performing model and feature set were also compared among themselves using 

paired-t tests for significant differences in accuracy and in PPCS using a Šidák 

correction, where only p-values less than 0.0034 were considered significant. 

All results are reported using a tolerance of 0.08s at transitions from one phase to 

another, where any predictions made within this tolerance are disregarded and not 

included in the calculations for accuracy or PPCS. Since the data were labelled using 

the approach in Chapter 3, there were known uncertainties in the detected foot-contact 

and foot-off events for the strides used to create the training and test data in the present 

study. More specifically, the timing difference between the gait event detection algorithm 

used in Chapter 3 and a gold standard force plate was greatest for foot-off events in 

stair ascent. The confidence interval for this particular event was (-0.038, 0.041), 

suggesting that transitions between swing phase in stair ascent and any subsequent 

phase could be detected and labelled as much as 0.038s earlier or 0.041s later than 

what would be labelled if a gold standard approach were used. Knowing this, results 

with an enforced tolerance at transitions that is equivalent to this known uncertainty are 

presumably the same results that would be observed if a gold standard approach to 

labelling were used; worse results would be observed if this tolerance was not enforced 

(Table 9 in Appendix C). 

4.3 Results 

From feature selection for each model, gyroscope-based features were more 

informative than accelerometer-based features and shank-based features were more 

informative than thigh-based features, as indicated by a mean of 66.5% of features 

being gyroscope-based and, for models where both thigh and shank features were 
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used, 70.4% of features being shank-based. These observations do not apply to the 

LSTM that used the filtered IMU signals as features, since feature selection was not 

conducted for this model and it used all eight channels from both the thigh and shank 

IMU. The number of features and hyperparameter settings for the seven models are 

provided in Table 8 in Appendix C.  

For each model, the mean PPCS was notably lower than mean accuracy (Figure 8).  

 

Figure 8: Mean +/- standard deviation of proportion of perfectly classified strides (PPCS) and 
accuracy for all models across all folds. Bars with no outline are long short-term memory-based 

models. 

From the pairwise accuracy comparisons between models, the LSTM model that used 

IMU signals as features and the LSTM model with no restrictions had the same 

accuracy (p= 0.934) and PPCS (p= 0.050). For all other pairwise comparisons between 

the LSTM model with no restrictions and the other models aside from the LSTM model 

that used IMU signals as features, the LSTM model with no restrictions had either 

significantly greater accuracy (all p < 0.0001) or PPCS (all p < 0.001), indicating that the 

best-performing models were the LSTM model that used IMU signals as features and 

the LSTM model with no restrictions. Although the LSTM model that used IMU signals 

as features had the same PPCS as all of the other models tested (all p > 0.049), since it 

used less features and did not require the computation of feature values using IMU 
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signals stored over windows as well as the fact that all models had poor PPCS, the 

LSTM model that used IMU signals as features was considered superior. The LSTM 

that used IMU signals as features was used as the basis for all subsequent results. 

The confusion matrix for the LSTM model that used IMU signals as features indicates 

that stair descent stance and swing phases were the phases most wrongly classified, 

followed by stair ascent stance and swing phases (Table 4). Pooling detected stance 

phases and detected swing phases across activities, stance and swing recalls were 

97.4% and 97.6% respectively and overall accuracy was 97.4%. For these recalls and 

accuracy, walk-stance, ascent-stance, and descent-stance were all considered stance 

phase and walk-swing, ascent-swing, and descent-swing were all considered swing 

phase. Visual depictions of the ground truth and predicted phases illustrate the lower 

recalls in stair ascent and stair descent relative to walking (Figure 9). The worse recall 

for stair ascent and stair descent compared to level-ground walking was apparent in all 

seven models tested (Figure 16 in Appendix C); no model had balanced recall across all 

phases. Also for all models, nearly all perfectly classified strides were level-ground 

walking strides. 

Table 4: Confusion matrix for the long short-term memory model that used IMU signals as 
features. 

 ACTUAL PHASE 

PREDICTED 
PHASE 

Walk-
stance 

Walk-
swing 

Ascent-
stance 

Ascent-
swing 

Descent-
stance 

Descent-
swing 

Walk-stance 834,607 
(90.0%) 

6064 2508 82 2706 106 

Walk-swing 10,571 427,730 
(91.3%) 

467 1208 373 1190 
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Ascent-
stance 

21,108 854 71,191 
(88.1%) 

1302 2629 433 

Ascent-
swing 

647 10,370 1705 21,098 
(85.4%) 

422 621 

Descent-
stance 

51,011 1688 3640 331 42,972 
(83.2%) 

1472 

Descent-
swing 

9811 21,796 1335 673 2552 18,302 
(82.7%) 

 

Figure 9: Ground truth and predictions for exemplar strides for level-ground walking (left), stair 
ascent (centre), and stair descent (right) for the long short-term memory model that used inertial 

measurement unit signals as features. 

For the additional models developed using the filtered IMU signals as features, the 

accuracy and proportion of perfectly classified strides were larger for the activity-specific 

models compared to the models where all activities and phases were predicted within 

one model (accuracy: all p < 0.0001, PPCS: all p < 0.0001) (Figure 10).  
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Figure 10: Mean +/- standard deviation of proportion of perfectly classified strides and accuracy 
for additional tested long short-term memory models using inertial measurement unit (IMU) 

signals as features. Light blue bars are activity-specific models. 

From the pairwise comparisons, there was no difference in the accuracy (p= 0.0316) nor 

PPCS (p= 0.210) between the original IMU signals as features model and its hybrid. For 

the original IMU signals as features model and the median filtered IMU signals as 

features model, the model with the median filter had significantly greater accuracy (p= 

0.0003) and PPCS (p < 0.0001). Comparing the activity-specific and the median filtered 

activity-specific models, there was no significant difference in their accuracies (p= 

0.273) and the activity-specific model had significantly greater PPCS (p < 0.0001).  

The best-performing model was the activity-specific model that had a mean accuracy of 

98.0% and PPCS of 0.557. The confusion matrix for this model also indicates less of a 

disparity between the recall for detected phases in level-ground walking and detected 

phases in stair ascent and descent, with descent-swing having the lowest recall of 

91.6% (Table 10 in Appendix C). 

4.4 Discussion 

The goals of this study were to develop and evaluate a machine learning model to 

detect both the activity and gait phase within the activity for walking, stair ascent, and 

stair descent activities and stance and swing gait phases as well as evaluate the 

minimum sensor requirements for this task. Five LSTM models with different feature 
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sets and two DT models were first tested, followed by five additional LSTM models that 

used IMU signals as features that were only tested as additional models in light of the 

unacceptable results observed in the first seven models. The best-performing model 

was the activity-specific model, with a mean accuracy of 98.0% and mean PPCS of 

0.557 across the 18-fold cross validation. 

Intuitively, on the basis of PPCS, none of the evaluated models perform well enough to 

be integrated in a consumer product powered motion assistive device to detect activities 

and gait phases to inform the device’s behaviour. Considering the mean proportion of 

perfectly classified strides for the activity-specific model, there are misclassifications for 

44.0% of strides, which could result in unexpected behaviour from the device that could 

potentially destabilize the user and cause injury. Even when considering the recall of 

91.6% for stair descent-swing for this model, an error rate of 8.4% would likely be 

unacceptable to a manufacturer integrating such an algorithm into a motion assistive 

device. 

Although none of the models had high enough PPCS to be integrated in a motion 

assistive device, it is worth acknowledging that the accuracy of the original model that 

used IMU signals as features was 97.4% when the model was treated as a binary 

classifier that detected stance and swing phases in all three activities. This accuracy 

was better than the 95.1% accuracy achieved in a similar study that detected stance 

and swing in walking and suggested that 95.1% stance/swing detection accuracy was 

sufficient for use in exoskeleton control (Zhen 2019). Based on this, the LSTM that used 

IMU signals as features may be suitable for any motion assistive device that needs to 

detect only stance or swing phase and not necessarily the activity in which these 

phases are occurring. 

Arguably most previously published machine learning-based gait phase recognition 

research aims to classify gait phases in walking only, using strides measured in a lab-

based environment, and using data from more than two IMUs (Evans 2014, Kreuzer 

2021, Zhen 2019). In the present study, stance and swing gait phases were detected in 
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real-world walking, stair ascent, and stair descent with an accuracy of 89.9% when a 

six-class classification model was used and 98.0% when activity-specific models were 

used. The present study also only used sensors local to the knee, with the motivation 

being that these sensors could be easily physically integrated in a knee brace or other 

motion assistive device local to the knee. The use of strides collected in a real-world 

environment and use of sensors only local to the knee is unique from other studies. For 

example, in Evans et al. (2014) used data from seven IMUs attached to the trunk and 

each foot, shank, and thigh in a feed-forward neural network-hidden Markov model to 

detect four gait phases during walking with an average balanced accuracy of 91.81%, 

where the strides were collected in a clinical gait lab. Similar to the sensor configuration 

used by Evans et al. (2014), Kreuzer et al. (2021) used IMUs on the arms, waist, thighs, 

shanks, and feet to detect five phases in walking with an accuracy of 92%, where the 

walking strides were collected using a treadmill. Results from these two studies are 

slightly better than those in the present study, where a mean accuracy of 89.8% was 

achieved for the subject-independent LSTM model with no restrictions that classified six 

phases using real-world data using fewer sensors local to the knee. More recently, in 

Zhen et al. (2019), a LSTM network achieved an F1-score of 95.1% in detecting stance 

and swing during walking, where the model was developed and tested using 

accelerometer signals from the foot, shank, and thigh and the walking strides used were 

collected on a zero-incline treadmill at three different speeds. Comparing this result to 

those of the level-ground walking activity-specific model in the present study, the 

present study had a comparable mean F1-score of 94.6% and did not use the additional 

IMU at the foot as what was done by Zhen et al. (2019).  

More similar to the present study, Farah et al. (2019) expressed a similar motivation in 

wanting to develop a gait phase recognition model that used only data local to the knee. 

The best-performing model developed by Farah et al. (2019) achieved an accuracy of 

98.61% in a four-phase gait phase classification model for walking, where the data were 

collected using a split-belt treadmill at varying inclines. This performance was much 

better than what was achieved in the six-phase classification (accuracy= 89.9% for the 
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LSTM model with no restrictions) and comparable to the accuracy of the activity-specific 

model (accuracy= 98.0%), perhaps due to thigh and shank kinematics lab-based data 

being used or only gait phases in walking being detected in the study conducted by 

Farah et al. (2019). Therefore, although both the present study and the study by Farah 

et al. used only data local to the knee in model development, other differences in 

experimental set-up can result in the population that the data are collected from and 

final results being different between seemingly very similar studies.  

Although fewer in number, there are studies in the classification of gait phases in more 

activities than just walking. Yang et al. (2019) developed a random forest model to 

detect single-support, double-support, and swing phase during walking, running, stair 

ascent, stair descent, and squatting with an average overall accuracy of 99.1%. 

However, this model detected only the three gait phases and not both the activity and 

gait phase, so the model developed by Yang et al. (2019) could only be used in 

applications where only gait phase and not both activity and gait phase need to be 

recognized. Similarly, Panahandeh et al. (2013) also developed an activity and gait 

phase classification model for multiple activities, including quiet standing, walking, 

running, stair ascent, and stair descent, and achieved an overall activity classification of 

95.0%. This study did not report the activity and gait phase recognition classification, 

only the activity classification accuracy (i.e. the model’s ability to classify walking versus 

running versus stair ascent etc.). It is also worth noting that the model used in this study 

was a hidden Markov model (HMM), which cannot run in real-time as-is (Ardo, 2007) 

without modifications like those used by Mannini et al. (2014). Since the models in the 

present study use computationally simple features extracted over small windows and 

the models themselves are able to run in real-time, results apply to real-time motion 

assistive device control (Farah, 2019) with an update rate of 250Hz for the LSTM 

models that use IMU signals as features and do not use a median filter applied to the 

model predictions. Disregarding the fact that a vanilla HMM cannot run in real-time, the 

>95.0% accuracies observed by Panahandeh et al. (2013) as well as by Yang et al. 

(2019) suggest that either might be suitable for use in a motion assistive device. 
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However, it is worth recognizing that neither of these studies report a performance 

metric that reflects the specific application of these models, unlike the present study that 

uses proportion of perfectly classified strides.  

The activity-specific models developed in the present study had a mean accuracy of 

98.0%, which may be acceptable for use in a motion assistive device, considering the 

accuracy of 95.0% observed by Panahandeh et al. (2013) was suggested to be 

acceptable. However, when considering the average recall of the individual phases as 

well as the proportion of perfectly classified strides and that over 40% of strides would 

have misclassifications that could cause the user to be destabilized, we believe that this 

model is far from being acceptable for use in a motion assistive device. Not having a 

metric that reflects the end application of these machine learning models in some way is 

a limitation apparent in almost all studies mentioned thus far (Farah 2019, Panahandeh 

2013, Yang 2019, Evans 2014). However, the PPCS metric introduced in the present 

study might be overly conservative for some applications of activity and gait phase 

recognition algorithms because only one misclassification within a stride consisting of 

hundreds of correctly classified observations causes the stride to not be perfectly 

classified. For some applications, depending on the duration of consecutive 

misclassifications and frequency of misclassifications, some misclassifications within a 

stride and not having 100% PPCS might be acceptable. Overall, having an application-

specific metric, such as PPCS or number of unstable regions/cases in which 

classification results oscillated between classes used by Jung et al. (2015), is arguably 

necessary in order to fully contextualize the results. 

In addition to the use of a newly introduced performance metric, another unique aspect 

of the experimental design of the present study was that the dataset consisted of many 

strides from a large sample of 80 people. Since machine learning-based gait phase 

recognition algorithms are intended to work for the population that the training data 

comes from (e.g. healthy adults with nonpathological gait, for the present study), if the 

training set is small or does not include data from many different people, model results 

may be optimistic due to the model not having learned sufficient variability. Recognizing 



 

 

59 

 

this as well as hypothesizing that sufficient intra-subject variability can be captured 

within few strides and sufficient inter-subject variability must be captured using as many 

people as possible, the duration of the data collection protocol was designed to be short 

and we aimed to recruit as many people as possible. Since data from so many subjects 

were available, it allowed for the testing of one LSTM model that used data from half the 

available subjects (“half subjects”) and another LSTM model that used only one of each 

stair stride and ten walking strides from each subject (“small dataset”). The half subjects 

model was tested to determine if the same results observed when data from 80 subjects 

were used could be achieved when data from only 40 subjects were used, which could 

provide guidance on experimental protocol for future similar studies. This same 

motivation was why the small dataset model was also tested. Both of these models had 

worse performance than the LSTM model with no restrictions, so it can be argued that 

all data used in this model’s development is necessary. Along these lines, Jung et al. 

(2015) developed a model using data from ten subjects and commented that adding 

noise to a model’s training set would be more informative and result in better 

classification accuracy compared to adding more walking patterns. While Jung et al. 

(2015) did not test this, this is an interesting idea nonetheless, so it may be worthwhile 

to re-add some of the outlier strides removed in the data processing and/or create noisy 

instances through some synthetic data generation method and see how results change, 

if at all, before putting more effort into subject recruitment and data collection. 

In addition to the conclusion that the large dataset consisting of strides from many 

people is necessary for the given classification task, from the results of the present 

study, gyroscope-based features are more informative than accelerometer-based 

features and shank-based features are more informative than thigh-based features. A 

possible explanation for the observation on gyroscope versus accelerometer-based 

features is given by Taborri et al. (2016) who concluded that gyroscope signals are 

periodic and less noisy compared to accelerometer signals when worn on the lower 

extremities for machine learning-based gait phase recognition tasks, whereas 

accelerometer signals require additional processing in order to achieve acceptable 
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results. In agreement with the present study, where the LSTM models with no 

restrictions outperformed all other models with restrictions, Taborri et al. (2016) 

observed that using both gyroscope and accelerometer-based features results in better 

accuracy compared to using either of these sensor types on their own. However, this 

might be up for debate and dependent on which body segments these sensors are 

affixed to, since Manchola et al. (2019) achieved an accuracy of 81.44% in detecting 

four gait phases in walking using a single shank-mounted gyroscope and Mannini et al 

(2014) detected foot-strike, flat-foot, and heel-off events within 0.1s using a foot-

mounted gyroscope. In addition to these observations, Panebianco et al. (2018) 

observed that IMUs affixed to the foot and shank are more informative than IMUs 

affixed to the trunk for gait event detection and Ray et al. (2018) observed that an 

accelerometer affixed at the ankle is more informative than an accelerometer affixed at 

the wrist for activity detection. Furthermore, Taborri et al. (2014) observed that a foot-

mounted IMU provides the most discriminative information regarding which gait phase 

the user is in compared to sensor placement on the lateral side of the mid-thigh or mid-

shank and, for one of the models they tested, the thigh IMU contributed to a gait phase 

prediction only when the foot IMU was made unavailable. From these observations and 

what was observed in the present study where shank-based features were more 

informative than thigh-based features as well as recognizing that gold standard gait 

events are measured based on what is happening at the foot rather than at the shank or 

some other body segment, gait phase information coming from segments more proximal 

to the foot are less informative or, at the very least, appear delayed compared to what 

would be measured and detected using foot-based data. However, as shown in the 

present study where the LSTM model with no restrictions outperformed the LSTM 

model that used shank-based features only, using arguably less informative data from 

the thigh in a model’s feature set can result in better performance compared to using 

just data from the shank on its own. 

As well as the different feature sets tested, two different decision tree models were 

evaluated in the present study, where one decision tree was modified following the 



 

 

61 

 

same procedure outlined by Farah et al. (2019) so that it accounted for the sequential 

nature of the data. Whereas LSTM models are opaque deep learning models, decision 

trees are simple, human-interpretable models that have also been used in past gait 

phase classification studies (Farah 2019, Su 2020). In the present study, the data were 

collected such that some transitions never occurred (e.g. descent-swing to ascent-

stance, among others), which may not be representative of real-world motion where one 

can quickly change from ascending to descending stairs, for example. This may have 

resulted in the DT-TSVC results in the present study being more optimistic than what 

would be observed if this algorithm were integrated in a motion assistive device where 

all transitions between activities and phases could be permitted, since identification of 

nonsensical predictions would be more challenging. Despite this, in the present study, 

the time-series DT-TSVC model performed worse than the vanilla DT model, likely due 

to the additional activities and phases being detected. In the study where the DT-TSVC 

was first used, the classification task was to recognize four gait phases in walking 

(Farah 2019). This meant that, for any instance, the ground truth of the immediately 

next instance was either the same as the ground truth of the present instance or the 

class that immediately followed the ground truth of the present instance. For example, if 

the ordered class labels for a 4-phase classification task were 0, 1, 2, 3 and the ground 

truth of the present instance was 0, the ground truth of the next instance was either 0 or 

1. For the present study, because multiple activities were classified, there was more 

opportunity for compounding error. For example, if the ground truth of the present 

instance was walk-swing, the ground truth of the immediately next instance could have 

been one of walk-swing, walk-stance, ascent-stance, or descent-stance. At any given 

instance, if the wrong prediction was made, the model could be stuck predicting classes 

belonging to a certain activity due to the time-series nature of the model, whereas, in a 

vanilla DT model, an instance could have been wrongly predicted and the next instance 

be correctly predicted due to the model assuming independence between instances. 

Based on this, future work integrating the TSVC with a shallow model should consider 

integrating a probabilistic component, to help ensure that sequences of more-likely 
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classes (e.g. swing-walk to stance-walk) are predicted over rarer classes (e.g. swing-

walk to ascent-stance). 

When considering the precision and recall of each phase as well as the proportion of 

perfectly classified strides for each individual stride type, regardless of the model, 

results for level-ground walking were notably better than those for stair ascent and stair 

descent. Relative to level-ground walking, stair walking is known to have greater 

variability in knee and hip moment patterns due to motion strategies varying from 

person to person (McFadyen 1988). Supporting this increased variation in stair walking 

relative to level-ground walking is the fact that, in Chapter 3, it was observed that some 

individuals step in a toe-heel and others in a flat-foot fashion when ascending or 

descending stairs, whereas all individuals used in Chapter 3 stepped in a heel-toe 

fashion when walking on level-ground. Based on this, subject-dependent models may 

be necessary for gait phase detection in stair walking, to ensure the model learns 

subject-specific intricacies and variability present in stair walking. In the present study, a 

hybrid LSTM model was tested, with the intent of the model learning subject-specific 

intricacies. Use of a hybrid model was also motivated by a previous study that had 

significantly better classification accuracies in detecting gait phases during walking 

using a hybrid model compared to when a subject-independent model was used (Kang 

2020). For the hybrid model used in the present study, only three walking strides and 

one of each stair stride from each subject in the test set was removed from the test set 

and used in the training set. Such few strides were used because it was assumed they 

could quickly be measured during a device fitting, whereas the end user would need to 

dedicate more time to data collection during the device fitting if more strides were used 

in the hybrid training. However, given that there was no difference in mean accuracy 

and mean PPCS between the subject-independent and hybrid six-phase classification 

models, future work should consider using more strides in the training set from those 

subjects in the test set. 

As well as testing hybrid models, a median filter applied to model predictions was also 

tested in the present study with the goal of improving model accuracy and proportion of 
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perfectly classified strides. Visual inspection of the plots showing the LSTM model’s 

predictions that used the IMU signals as features (Figure 9) indicated that the 

predictions should look like step functions, since this was what the ground truth looked 

like, and any misclassifications that resulted in deviations from this could be considered 

noise. Based on this, the median filter was applied to smooth this noise and correct any 

misclassifications, but presumably the size of the filter was too small for the frequency 

of noise present, since the PPCS for the median-filtered six-phase classification model 

was 22.9%. For the median-filtered models, there is a time delay for each prediction 

equal to the size of the period that the median is calculated over. Since separate filters 

of different lengths were applied to the activity predictions and the phase predictions, 

the time delay is equal to the longer duration filter period of the two filters. For example, 

the median filtered six-phase classification model used in the present study used the 25 

previous predictions (0.1s) for the activity median filter and only the previous five 

predictions (0.02s) for the phase median filter. Based on this, the time delay of this 

model is 0.1s, since this is the longer filter period of the two filters applied. 0.1s was 

chosen as the upper limit for the filter size on the basis of the discussion in (Farah, 

2017) and that weight acceptance in stance phase is approximately 12% of the gait 

cycle (Perry 1992), which corresponds to 0.14s for a natural cadence of 105.3 

steps/minute in level-ground walking (Winter 1991). From this discussion, Farah et al. 

(2017) concluded that a motion assistive device’s reaction time and it switching from 

swing control mode to stance control mode should be 0.1s. Therefore, the maximum 

median filter size and resulting time delay used in the present study was chosen to be 

0.1s. A 0.02s period was selected for the filter used on the gait phase predictions based 

on trial and error; filter sizes smaller than this or greater than this up to 0.1s resulted in 

worse performance relative to when 0.02s was used. However, since activity durations 

in the present study were much longer than 0.1s, median filters of 0.124s (31 

predictions) and 0.348s (87 predictions) for the activity filter were tested on an ad-hoc 

basis on the LSTM model that used IMU signals as features. The 0.124s and 0.348s 

filter sizes were adopted from the delays used by Zhao et al. (2019) and Evans et al. 

(2014) respectively, but, unlike Farah et al. (2017), no physical explanation was 
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provided for these choices of acceptable time delays. Anecdotally, these filter sizes did 

yield an improvement, with the 0.124s filter achieving an accuracy of 92.7% and PPCS 

of 26.0% and the 0.348s achieving an accuracy of 92.7% and PPCS of 34.6%. Based 

on PPCS, neither of these filters yield sufficient performance for use in a motion 

assistive device, but, since filtering predictions increases PPCS, future work should 

consider further investigation of filter types to apply to model predictions. 

Another suggestion to improve stair walking classification results that was tested in the 

present study was the use of independent models for each of the three activities. The 

reason for developing activity-specific models was for each model to optimize its 

accuracy by learning only gait patterns specific to the activity, rather than learning 

multiple different gait patterns for multiple activities. Integrating activity-specific models 

in the control system of a motion assistive device comes with the challenge of 

integrating additional components, such as a switch controlled by the user or depth 

sensors to measure spatial information to specify which of the activity-specific models to 

use at any given time. Therefore, although less convenient to the end user and/or 

device designers due to required additional device components, activity-specific models 

may be necessary to achieve acceptable classification results for use in a motion 

assistive device for activities with high intra- and inter-subject variability activities, such 

as stair walking. 

In the present study, on the basis of proportion of perfectly classified strides, the 

activity-specific models did not have acceptable performance to be integrated in a 

motion assistive device. However, the results of the activity-specific models can give an 

indication of how well the six-phase classification models performed, since the results of 

the activity-specific models represent the best possible results that can be achieved for 

each activity given the dataset and how the data were collected. The 6-phase LSTM 

model that used IMU signals as features had an overall classification accuracy of 

89.9%, with the recalls for stance and swing phase in stair ascent being 88.1% and 

85.4% respectively. For the stair ascent activity-specific model, the recalls for stance 

and swing were 97.9% and 92.8% respectively (Table 10 in Appendix C), meaning that, 
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for the given dataset, these are the best recalls that can be achieved by a multi-class 

classification model detecting these phases within this activity. An error rate of 7.2% for 

detecting swing phase in stair ascent is not acceptable for use in a motion assistive 

device, so these activity-specific results alone are a good indicator that a six-phase 

classifier detecting multiple phases within multiple activities will also have unacceptable 

performance. 

Although there is opportunity to improve the detection of gait phases within stair strides, 

it is worth noting that perfect classification of all phases may only be necessary for part 

of each phase rather than for the entire phase. Farah et al. (2019) observed that 

instances close to transitions from one phase to another are particularly difficult to 

classify because there is not always a great difference in signal shape or magnitude 

between one window classified as stance-walk and the next immediate window 

classified as stance-swing, for example. This confusion at transitions is arguably 

amplified when a silver standard approach to labelling that has known discrepancies 

between it and a gold standard approach is used, which is the case for the present 

study where increased variability can be seen at transitions (i.e. close to 0% and 100% 

of the gait cycle) in the z-axis walking stride plots in Figure 17 and Figure 18 in 

Appendix C. Also for the present study, comparing model accuracies when 0.08s and 

0.00s tolerances were used at transitions further supports that observations close to 

transitions were difficult to classify; excluding observations within 0.08s of transitions 

improved all results reported for the first seven models compared to if these 

observations were included (Table 9 in Appendix C). Recognizing that there is generally 

increased confusion at transitions, if a model has good classification accuracy during 

non-transitory periods, the device’s control system could be configured to store 

predictions and, when a certain number of predictions belonging to a certain class have 

occurred, the device could assume a transition will soon occur and act accordingly 

rather than continue to make predictions during transitory periods. Having the control 

system configured in this way could allow for errors at transitions without compromising 

the usability of the models in a motion assistive device. For the level-ground walking 
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activity-specific model in the present study, a tolerance of 0.32s at transitions was 

required to achieve a mean proportion of PPCS of 95.7%. This tolerance corresponded 

to, on average, 79.5% of walk-swing phases being transitory, meaning 79.5% of each 

walk-swing phase would be ignored and not be used to inform the device’s behavior, 

which is likely a barrier to use. 

4.4.1 Limitations 

Aside from the suggestions for future work outlined above, limitations of the present 

study include a non-gold standard approach being used for data labelling and there 

being no sensor alignment testing or adjustment for the IMUs affixed to the participant. 

Given the available equipment and that real-world data were used, it was not feasible to 

use a gold standard approach, such as through use of a force plate, to label the data. 

Instead, FSR signals were used in a gait event detection algorithm with known 

variability to label the data. Since the present study used additional participants to those 

used to develop and quantify the variability of the step detection algorithm developed in 

Chapter 3, there was a possibility for the error in the detected gait events to be different 

or larger in the present study than what was observed in Chapter 3. To help mitigate the 

variability in detected gait events across subjects and individual strides, a gold standard 

approach should be used for labelling, at the potential cost of using lab-based data 

instead of real-world data for model development and evaluation. Alternatively, a 

labelling method where the variability of all subjects used in model development and 

evaluation is known and results can be adjusted or interpreted in light of this known 

variability should be used instead. For example, in the present study, since the 

variability of detected gait events based on 53 of the 80 subjects was known, results 

were reported using a 0.08s tolerance at transitions, where all predictions made within 

this tolerance were disregarded. Instead, a labelling method with known error based on 

data from all 80 subjects should be used, in order to choose a tolerance that is 

knowingly appropriate for all 80 subjects. It may also be necessary to develop an 

entirely new gait event detection and labelling approach to help reduce the gait event 
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detection and labelling variability to be more similar to what would be observed by a 

force plate. 

In addition to the labelling method used, another limitation related to data quality is that 

IMU placement on the thigh and shank was assumed to be perfect and that no 

anatomical sensor alignment correction was performed in the IMU signal processing. 

For any subject, if an IMU’s axes were misaligned when it was affixed to the leg, each 

axis’ measurements would correspond to a slightly different anatomical orientation than 

what was expected. Any feature values calculated using data from a misaligned sensor 

may be very different from those calculated using properly aligned sensors, which could 

have contributed to the confusion of the models in the present study if the sensors were 

indeed misaligned. Furthermore, since the data used in this study were from a large 

sample of people, there were more opportunities for poor IMU placement, since the 

IMUs were affixed to each individual subject. The large sample and the fact that the 

same person used the same technique to affix the sensors to each participant also gave 

more opportunities for proper IMU placement, hopefully outnumbering the number of 

subjects with poor IMU placement. Previous studies have also expressed this concern 

of sensor misalignment and have limited themselves to using only features calculated 

using the resultant channel, rather than the x, y, and z channels, in their models to 

mitigate this concern, at the cost of reducing the number of extracted features (Mannini 

2014, Zhao 2019). 

An additional limitation of this study is that the data were from a sample of young, 

healthy individuals with nonpathological gait. This sample and their gait patterns are 

likely not representative of individuals that would be using these gait phase recognition 

models within a motion assistive device in practice. Therefore, future work should 

consider the development of activity and gait phase recognition models using data from 

subjects that have more similar gait patterns to the population of those using motion 

assistive devices. 
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4.5 Conclusion 

This study aimed to develop a machine learning model to detect stance and swing gait 

phases in level-ground walking, stair ascent, and stair descent using only accelerometer 

and gyroscope data from the thigh and shank with the intent of using such a model in a 

motion assistive device, such as a knee brace, to inform the device’s behavior. Using 

real-world level-ground walking and stair strides from 80 participants, seven six-phase 

classification models with different data and feature set restrictions were initially 

developed and tested. The results of these models indicated that, in order to maximize 

accuracy and proportion of perfectly classified strides, models for this specific 

classification task should be trained using as many strides from as many different 

participants as possible and that features from both the thigh and shank should be used 

rather than from just the shank. The results from the first seven models also suggest 

that filtered IMU signals themselves can be used as input features, and so the five 

additional models tested used the IMU signals as features. Of the additional models 

tested, including hybrid models, activity-specific models, and models that had a median 

filter applied to the predictions, the activity-specific models had the best performance 

overall (mean accuracy: 98.0%, mean proportion of perfectly classified strides: 0.557). 

However, on the basis of proportion of perfectly classified strides, this performance was 

unacceptable for use in a motion assistive device. Future work to improve an activity 

and gait phase recognition model’s proportion of perfectly classified strides should 

consider further exploring the use of hybrid models and adding synthetic strides to the 

training data.  
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5 Chapter 5: Conclusions & Recommendations 

The accomplishments of this thesis include a novel algorithm to detect foot-contact and 

foot-off gait events in walking, stair ascent, and stair descent as well as a machine 

learning model to detect both activity and gait phase for walking, stair ascent, and stair 

descent activities and stance and swing gait phases. Although there are several 

applications of activity and gait phase recognition algorithms, the motivation for the gait 

event detection algorithm was to label data to train and evaluate a machine learning 

model for activity and gait phase recognition and the motivation for the machine learning 

model was for use in a motion assistive device. The gait event detection algorithm used 

FSR signals from the heel and toe from 53 subjects measured in a real-world 

environment and detected gait events within 0.040s relative to a gold standard force 

plate. This algorithm also detected 92.6% of available real-world strides and, for level-

ground walking, the algorithm-detected stance durations were the same as those 

measured by the force plate. Using this algorithm, real-world walking, stair ascent, and 

stair descent IMU data for 80 subjects were labelled and used to evaluate seven 

machine learning models for simultaneous activity and gait phase detection, where the 

following classes were detected: walk-stance, walk-swing, ascent-stance, ascent-swing, 

descent-stance, and descent-swing. Proportion of perfectly classified strides was a 

novel performance metric introduced in this thesis and, using this metric and overall 

classification accuracy, the superior model of the seven initially tested was the LSTM 

that used IMU signals as features. When evaluated using 18-fold cross validation, this 

six-phase classification model had insufficient performance for use in a motion assistive 

device, but had comparable performance to previously published studies when 

considered as a binary classifier detecting stance and swing phase across all three 

activities (present work accuracy = 97.4%, accuracy reported by Zhen et al. (2019) = 

95.1%). To further evaluate the feasibility of a simultaneous activity and gait phase 

recognition model, an additional five models were tested and the superior six-phase 

classification model was the LSTM that used IMU signals as features and a median filter 

applied to its predictions (accuracy = 91.2%, PPCS = 0.229). Activity-specific models 
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outperformed this six-phase classification model (accuracy = 98.0%, PPCS = 0.557), 

but still had insufficient PPCS to be integrated in a motion assistive device. The 

remainder of this chapter describes challenges encountered in this thesis, a brief 

investigation on why poor results were achieved in Chapter 4, and recommendations to 

advance future activity and gait phase recognition research. 

In light of designing the studies in Chapter 3 and Chapter 4 and comparing their results 

to those in literature, challenges in the field of activity and gait phase recognition include 

differences in experimental set-up, the use of small datasets, and the limitations of 

performance metrics commonly reported in machine learning-based studies. Particularly 

for machine learning-based activity and gait phase recognition studies, even slight 

differences in experimental set-up, including body segments that sensors are affixed to 

and whether data are collected in a lab or real-world environment, can cause huge 

differences in results, making it a challenge to compare across studies and gauge 

whether a study’s results are acceptable. However, recognizing that this area of 

research is relatively new due to the recent availability of wearable sensors and 

computing resources, experimental protocols may become more standardized and this 

may be less of an issue over time. For example, results in Chapter 4 indicate that 

shank-based features are more informative than thigh-based features and Taborri et al. 

(2016) observed a similar sentiment when comparing foot-based features and shank-

based features. These and other similar observations can inform future study designs, 

which can help in narrowing the breadth of experimental protocols and allow for better 

direct comparisons between studies. 

Within experimental protocol considerations in activity and gait phase recognition is the 

choice of the number of participants to recruit for subject-independent models. For the 

present work, as many subjects as possible were recruited, with the motivation being 

that the algorithms developed should be able to work for as many people as possible 

within the population of healthy adults with unimpaired gait. Based on this, data from 53 

and 80 people were used in Chapter 3 and Chapter 4 respectively. In other similar 

studies previously referred to, a maximum of 31 participants were recruited. It is also 
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worth recognizing that, to the author’s knowledge, there are no studies quantifying the 

effect of the number of participants and whether there is a specific number of 

participants such that the addition of more subjects does not yield an improvement in 

model performance. In light of this, the “half subjects” model was tested, where only 

data from 40 subjects were used in cross validation to train and evaluate a model. If this 

model yielded comparable or better results than the same model that used data from all 

subjects, this would be an indication that data from 80 different people is unnecessary 

and further exploration of model training and evaluation using data from fewer than 40 

subjects would be warranted. However, since the half subjects model had significantly 

worse accuracy and PPCS than the same model that used 80 subjects, a 

recommendation for future work is to train an activity and gait phase recognition model 

using as many strides from as many people as possible, just as what was done in the 

present work. Future work should also quantify how many subjects are needed before a 

model’s performance stops improving; knowing this could further help inform 

experimental design and required data collection for activity and gait phase recognition. 

As well as there being a wide variety of experimental designs in machine learning-

based activity and gait phase recognition studies, there is also a gap in how models are 

evaluated. Reading the literature in this field, it is not uncommon for studies to report 

only classification accuracy, F1 score, precision, and/or recall. While these metrics are 

informative and necessary to report, they arguably do not give full context as to what 

they mean when implemented in a test case scenario. This is especially true for activity 

and gait phase recognition algorithms where each stride is split into multiple 

observations and predictions are made on all observations rather than on individual 

strides as wholes. For example, considering a dataset consisting of 10 strides 

subdivided into 1000 observations and a model that achieves 90% classification 

accuracy on these 1000 observations, it is difficult for an end user to interpret what this 

accuracy means in terms of motion assistive device performance. To acknowledge the 

end use of the activity and gait phase recognition models developed in Chapter 4, 

PPCS was a novel metric introduced. This metric combined with accuracy and other 
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typical metrics reported in application of machine learning studies fully contextualizes 

the results and can help in explaining what the end user can expect in terms of device 

performance. However, as previously discussed in Chapter 4, PPCS is conservative, so 

there is opportunity for the development of other performance metrics that are less 

conservative but also recognize the real-world application of these models.  

To better understand why the results in Chapter 4 were observed and that none of the 

models had acceptable performance for use in a motion assistive device, it is first worth 

noting that the original model that used IMU signals as features detected stance and 

swing with recalls of 97.4% and 97.6% respectively, when recalls for stance and swing 

from all activities were pooled together (e.g. walk-stance, ascent-stance, and descent 

stance were all considered as stance phase). Similarly, pooling stance and swing 

phases within each activity, this same model detected level-ground walking, stair 

ascent, and stair descent with recalls of 91.6%, 90.3%, and 88.5% respectively, 

suggesting that stair descent was most difficult to detect. Comparing these recalls to 

those for the binary phase detection, phase detection was clearly easier than activity 

detection. To better understand why this is and why none of the LSTM models that used 

IMU signals as features had practically-acceptable performance, violin plots for the most 

informative and least informative features used in this model were visually inspected 

(Figure 11).  

 

Figure 11: Violin plots illustrating each phase's distribution for the shank gyroscope z-axis feature 
values (left) and thigh accelerometer z-axis (right) feature values. 
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For the feature represented on the left, the distributions of the feature values for the 

three stance phases were arguably more similar to each other than they were to any of 

the swing phases. Also for this feature, there was clearly overlap across the 

distributions for each of the six phases, suggesting that there was insufficient 

separability between all six classes for the model to learn sufficient differences between 

all phases and achieving acceptable accuracy using this feature alone. Recognizing that 

the activity-specific models also had unacceptable performance, there was also likely 

insufficient separability between just the two phases (i.e. stance, swing) within an 

activity. For other features, including the feature represented on the right in Figure 11, 

this lack of separability was arguably even worse, with the feature value distributions 

being nearly the same for all six phases. Perfect separability between all phases for all 

features is not necessary for a nonlinear machine learning model’s success, but having 

more separability can reduce a model’s confusion between classes. Based on the violin 

plots for all sixteen features used in the models that used IMU signals as features (not 

shown), presumably there was not enough separability between all six phases nor 

between the two phases within a specific activity to achieve acceptable classification 

accuracy. Therefore, a suggestion to improve model results is to include additional 

features, including joint angle-based features and/or features from a foot-mounted IMU 

at the cost of any necessary design changes to the motion assistive device, since 

similar studies saw improvement when joint angle-based features were used in addition 

to accelerometer- and gyroscope-based features (Farah 2019) and foot-based features 

are arguably more informative than shank- or thigh-based features for gait classification 

tasks, as previously discussed in Chapter 4. 

Recognizing that the best possible results observed from the activity-specific models 

are unacceptable for use in a motion assistive device, it may be worthwhile to develop 

the six-phase classification and activity-specific models using lab-based rather than 

real-world data. Collecting the same IMU data in a lab environment would allow for the 

use of a gold standard force plate to label the data instead of using FSRs, which could 

help reduce misclassifications that occurred due to incorrect labelling. However, in our 
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lab and others, a lab-based staircase is limited in that it can include only 1-2 stairs, 

since anything greater than this can result in participants hitting the ceiling during stair 

ascent. Strides measured over such few stairs may not be representative of strides 

taken during stair ascent/descent between floors of a building and so, even though a 

force plate could be used to label stair strides in a lab environment, the corresponding 

IMU data may be different than what would be observed in a real-world environment. 

Based on this, conducting the same study using lab-based rather than real-world data 

enables the use of a gold standard for data labelling, but it may be impossible to collect 

representative stair strides. However, if the same study conducted in Chapter 4 was 

conducted using lab-based data and comparable results were achieved, then one could 

be confident that the unacceptable results were due to factors other than the FSR-

based approach to labelling, such as the choice of sensor placement and selected 

features. To summarize, conducting the same study using lab-based data and a gold 

standard approach to labelling could help identify the root cause of the unacceptable 

model performance observed in Chapter 4. 

Overall, highlights of this thesis include the use of real-world rather than lab-based data 

from many participants, the novel performance metric to evaluate activity and gait phase 

recognition algorithms, and the development of a machine learning model to detect 

stance and swing phases for three activities with similar accuracy to a previously 

published study that detected stance and swing in walking only. Limitations in activity 

and gait phase recognition research include the variety in data collection protocols, 

including there not being a universally accepted minimum number of required subjects 

for subject-independent model development, and typically used performance metrics 

not reflecting the end application of the algorithm developed. From Chapter 4 results, 

activity is more difficult to detect compared to gait phase, so features from sensors 

additional to those at the thigh and shank may introduce more separability between 

activities and improve classification results. One might also consider re-doing the study 

in Chapter 4 using lab-based data instead of real-world data, to understand how a six-
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phase classification model performs when a gold standard approach to labelling is used, 

at the cost of using non-representative stair strides in model development. 
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Appendix A: Detection of Foot-contact and Foot-off Gait 
Events using Force-Sensitive Resistors supplementary 
material 

 

Figure 12: Three-stair staircase used to collect the lab-based stair ascent and stair descent 
strides. Staircase included a removable step (A), AMTI force plate (B), and safety railings (C). 
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Figure 13: Map of real-world route (not to scale, entire route was approximately 150m). 
Participants walked out-and-back starting in the room specified by the green circle on the 2nd 

floor. Staircase for stair descent/ascent is depicted by the green rectangle. 

 

Figure 14: Example illustrating the difference in magnitude of heel and toe force-sensitive resistor 
(FSR) signals for flat-foot stair-walking (left) and toe-heel stair-walking (right). 
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Table 5: 95% confidence intervals (CIs) for the time and force differences (algorithm minus force 
plate) for gait events detected by the algorithm and by the force plate after the adjustment of 
algorithm-detected events. 

Stride type Foot-contact or 
Foot-off? 

Time difference 95% 
CI (s) 

Force 95% CI (N) 

Level-ground 
walking 

Foot-contact (-0.004, 0.003) (55.9, 79.0) 

Foot-off (-0.012, 0.013) (53.4, 110.6) 

Stair ascent 

Foot-contact (-0.021, 0.046) (68.4, 127.2) 

Foot-off (-0.038, 0.041) (163.7, 299.0) 

Stair descent 

Foot-contact (-0.023, 0.020) (98.8, 171.0) 

Foot-off (-0.027, 0.031) (96.0, 210.9) 
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Figure 15: Visual depictions of the average force-sensitive resistor (FSR) readings corresponding 
to 50N on the force plate for one subject for the heel (left) and toe (right) FSRs. 
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Appendix B: Research Ethics Boards Approval 
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Appendix C: Gait Phase Detection in Walking, Stair 
Ascent, and Stair Descent using Machine Learning 
Techniques supplementary material 

Appendix C-1 : Details on Data Filtering, Stride Detection, and 
Outlier Removal 

Details on the filtering of the FSR and IMU signals, detection of strides, and removal of 

outlier strides are as follows: first, the FSR and IMU signals were filtered with a 2nd-

order Butterworth filter. A cut-off of 6Hz was used for the FSR signals (Hora, 2017) and 

a cut-off of 15Hz was used for the IMU signals (Manchola 2019). Then, for level-ground 

walking, periods where the participant was in steady state walking were identified. 

Identical to the procedure used to identify steady state level-ground walking in Chapter 

3, periods of walking, stair ascent, and stair descent were identified based on the signal 

landmark from the third FSR. Then, for level-ground walking only, strides that were 

visible outliers and strides that were close to the transition from one activity to another 

were discarded so that only steady state walking strides remained. For stair strides, 

strides that were close to activity transitions were discarded. For all strides within these 

periods of steady state walking, stair ascent, and stair descent, foot-contact and foot-off 

events were detected using the gait even detection algorithm described in Chapter 3.  

Recognizing that the step detection algorithm was not a gold standard approach to step 

detection and to help ensure that the developed machine learning models would be 

learning from legitimate strides, illegitimate and outlier strides were identified and 

removed. For level-ground walking, illegitimate strides were those that were half-

detected or were nonsensical. Half-detected strides were those where a stride was 

detected for one of the heel or toe FSRs but not for both. Nonsensical strides were 

those where the turning on/off of the FSRs was nonsensical given that each subject had 

nonpathological gait and walked in a heel-toe fashion. For example, for a given stride, if 

the toe FSR was detected as being on before the heel FSR, this stride was considered 

to be nonsensical and was discarded. After the removal of the half-detected and 
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nonsensical strides, a total of 8401 complete level-ground walking strides remained 

(mean of 105.0 +/- 17.8 per subject). 

Following this, for level-ground walking strides only, any strides that had a stance 

duration less than 0.3s or greater than 1.0s and/or a swing duration less than 0.2s or 

greater than 0.8s were considered outliers and were discarded from further use, 

resulting in 7610 remaining strides. If the average stride duration for nonpathological 

gait is 1.14s (Winter, 1991) and approximately 60% (0.684s) of a stride corresponds to 

stance phase and 40% (0.456s) is swing phase (Taborri, 2016), these stance duration 

thresholds of 0.3s and 1.0s and swing duration thresholds of 0.2s and 0.8s were used 

as realism constraints and were chosen conservatively to allow for strides with stance 

and/or swing durations smaller or larger than published averages to be retained. 

For the remaining level-ground walking strides, it was first assumed that the underlying 

distribution of stance and swing durations in level-ground walking are non-skewed (i.e. 

distribution skew = 0). Then, on a per-subject basis, the skew of the distribution of 

stance duration was determined and cut-offs between 0.69% - 31.8% (mean: 7.33%) of 

the mode stance duration were selected so that, any strides with a stance duration 

greater than the mode plus the cut-off and any strides with a stance duration less than 

the mode minus the cut-off were discarded. The same was conducted for the swing 

duration, using cut-offs between 4.19% - 58.6% of the mode swing duration, and was 

conducted independently from any strides that were discarded from detected strides 

with outlier stance durations. Cut-offs were selected using trial and error and were 

chosen such that they minimized the skew of the stance duration of the detected strides 

without discarding many strides. A skew between -0.5 and +0.5, where negative skew 

indicates left-skewedness, was considered acceptable, since this range of values for 

skew indicates little or no skew (Doane, 2011). The intersect of the strides that 

remained from this stance and swing outlier removal were the level-ground walking 

strides used in all subsequent analysis and consisted of a total of 6465 strides. The 

mean stance : swing ratio of these remaining strides was 0.64 (+/ - 0.04) : 0.36 (+/- 

0.04).  
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For stair ascent and stair descent, the outlier detection and removal process was similar 

to that for level-ground walking. Using the assumption that stance and swing durations 

in stair walking are from non-skewed distributions, cut-offs between 2.2% - 23.8% 

(mean: 9.0%) of the median stance duration were selected for stair ascent. For stair 

descent, the range of cut-offs were 2.0% - 38.4% (mean: 14.6%) of the median stance 

duration. Strides that were less than the median stance duration minus the cut-off or 

were greater than the median stance duration plus the cut-off were discarded, to 

minimize stance duration skew. Conducted independently, any strides with a swing 

duration less than 0.2s or greater than 1.0s were discarded. Then, cut-offs ranging from 

19.9% - 82.6% (mean: 26.3%) of the median swing duration for stair ascent and 2.4% - 

83.8% (mean: 30.3%) for stair descent were used to identify and discard outlier strides 

based on swing duration. The intersect of the stair ascent and stair descent strides that 

remained from this stance and swing outlier removal were the stair walking strides used 

in all subsequent analysis and consisted of a total of 448 and 426 strides for stair ascent 

and stair descent respectively. 
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Table 6: Formulas for each of the extracted features computed over 10-sample windows. All 
features were calculated for both the gyroscope and accelerometer signals for both the thigh and 
shank inertial measurement units. 

Feature Formula Sensor channels 
feature was 
calculated for 

Mean (Farah, 
2019) 

1

10
∑ 𝑎𝑖

10

𝑖=1

 
X, Y, Z, resultant 

Standard 
deviation (Farah, 
2017) 

√
∑(𝑎𝑖 − window mean)2

10
 

X, Y, Z, resultant 

Maximum 
(Hassan, Huda 
and Uddin 2018) 

max{𝑎1, 𝑎2, … 𝑎10} X, Y, Z, resultant 

Minimum (Farah, 
2019) 

min{𝑎1, 𝑎2, … 𝑎10} X, Y, Z, resultant 

Maximum 
difference (Farah, 
2019) 

max{𝑎2 − 𝑎1, 𝑎3 − 𝑎2 … 𝑎10 − 𝑎9} X, Y, Z, resultant 

Sum (Farah, 
2017) ∑ 𝑎𝑖

10

𝑖=1

 
X, Y, Z, resultant 

Energy (Farah, 
2017) ∑ 𝑎𝑖

2

10

𝑖=1

 
X, Y, Z, resultant 
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Feature Formula Sensor channels 
feature was 
calculated for 

Kurtosis (Dutta, 
et al. 2018) 

1

10 × (window standard deviation)4

× ∑(𝑎𝑖

10

𝑖=1

− window mean)4 

X, Y, Z, resultant 

Skew (Farah, 
2017) 

10

(10 − 1) × (10 − 2)

× ∑ (
𝑎𝑖 − window mean

window standard deviation
)

310

𝑖=1

 

X, Y, Z, resultant 

Mean absolute 
difference 
(Hassan, Huda 
and Uddin 2018) 

1

10
× ∑ |𝑎𝑖 − window mean

10

𝑖=1

| 
X, Y, Z, resultant 

Interquartile 
range (Hassan, 
Huda and Uddin 
2018) 

75𝑡ℎ  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 − 25𝑡ℎ  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 X, Y, Z, resultant 

Median (Hassan, 
Huda and Uddin 
2018) 

50𝑡ℎ  𝑝𝑒𝑟𝑐𝑒𝑛𝑡𝑖𝑙𝑒 X, Y, Z, resultant 

Root mean 
square (Daud, et 
al. 2013) 

√
1

10
× ∑ 𝑎𝑖

2

10

𝑖=1

 

X, Y, Z, resultant 
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Feature Formula Sensor channels 
feature was 
calculated for 

Sign-sum (Farah, 
2019) +1 if ∑ 𝑎𝑖

10

𝑖=1

> 0 

−1 if ∑ 𝑎𝑖

10

𝑖=1

< 0 

X, Y, Z, resultant 

Variance (Farah, 
2019) 

∑(𝑎𝑖 − window mean)2

10
 

X, Y, Z, resultant 

Range (Farah, 
2017) 

max{𝑎1, 𝑎2, … 𝑎10} − min{𝑎1, 𝑎2, … 𝑎10} X, Y, Z, resultant 

Power (Farah, 
2017) 

1

10
× ∑ 𝑎𝑖

2

10

𝑖=1

 
X, Y, Z, resultant 

Integral (Farah, 
2017) 

1

10
∑ 𝑎𝑖

10

𝑖=−10

 
X, Y, Z, resultant 

First value (Kang, 
Kunapuli and 
Young 2020) 

𝑎1 X, Y, Z, resultant 

Bfourn (Farah, 
2017) ∑ 𝑥𝑖 × 𝑦𝑖

10

𝑖=1

+ 𝑦𝑖 × 𝑧𝑖 + 𝑥𝑖 × 𝑧𝑖 
N/A – single value 
that uses X, Y, and Z 
channels 
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Feature Formula Sensor channels 
feature was 
calculated for 

Gyroscope 
correlation 
coefficient 
(Farah, 2019) 

See Numerical Python (NumPy) 
documentation (Numpy and Scipy 
Documentation 2021) 

Correlation between 
X-Y, X-Z, and Y-Z 
channels calculated 

Accelerometer 
correlation 
coefficient 
(Farah, 2019) 

See Numerical Python (NumPy) 
documentation (Numpy and Scipy 
Documentation 2021) 

Correlation between 
X-Y, X-Z, and Y-Z 
channels calculated 

Number of peaks 
(Farah, 2019) 

See Scientific Python (SciPy) 
documentation (Numpy and Scipy 
Documentation 2021) 

X, Y, Z, resultant 

Principal 
frequency (Farah, 
2019) 

See SciPy documentation (Numpy and 
Scipy Documentation 2021) 

X, Y, Z, resultant 

𝑎 is the values in the window  
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Table 7: Description of the initial long short-term memory (LSTM) networks and decision tree (DT) 
models. 

Name in figures Description 

No restrictions LSTM, no restrictions on feature set 

Small dataset LSTM, only ten walking strides and one of each stair stride 
used as the dataset. No restrictions on feature set 

Half subjects LSTM, only data from only half of the available subjects 
used as the dataset. No restrictions on feature set 

Shank features only LSTM, only shank inertial measurement unit (IMU)-based 
features used 

IMU signals as features LSTM, filtered IMU signals used as the features set 

Decision tree DT, no restrictions on feature set 

Time-series decision 
tree 

DT- transition sequence verification and correction, no 
restrictions on feature set 
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Table 8: Size of feature set and hyperparameters for each of the first seven models initially tested. 

Model Number of 
features 

Hyperparameter settings 

No restrictions 53 1 hidden layer, 32 units per hidden layer, 
256 batch size, 75 epochs 

Small dataset 50 1 hidden layer, 5 units per hidden layer, 
256 batch size, 75 epochs 

Half subjects 42 1 hidden layer, 5 units per hidden layer, 
256 batch size, 75 epochs 

Shank features 
only 

50 1 hidden layer, 16 units per hidden layer, 
256 batch size, 75 epochs 

IMU signals as 
features 

16 2 hidden layers, 16 units per hidden layer, 
256 batch size, 25 epochs 

Decision tree 53 10 max depth, 100 instances for a split at 
an internal node 

Time-series 
decision tree 

53 10 max depth, 100 instances for a split at 
an internal node 
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Table 9: Steady state, transition, and overall accuracies for the original seven models tested, 
where steady state accuracy was calculated using a 0.08s tolerance at transitions, transition 
accuracy was calculated using the observations within the 0.08s tolerance at transitions, and 
overall accuracy was calculated using all observations. 

Model Steady state 
accuracy (%) 

Transition 
accuracy (%) 

Overall 
accuracy (%) 

LSTM, IMU signals 
as features 

89.9 60.4 85.7 

LSTM, no 
restrictions 

89.8 58.3 87.5 

LSTM, half subjects 84.7 46.7 82.0 

Decision tree 84.6 82.3 82.2 

LSTM, shank-
based features only 

83.6 53.2 81.4 

LSTM, small 
dataset 

81.3 41.7 78.4 

Time-series 
decision tree 

72.7 45.6 70.7 
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Figure 16: Mean +/- standard deviation recall for all models across all folds using a 0.08s tolerance 
at transitions. Black-outlined bars indicate decision tree models. 
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Table 10: Confusion matrix for the activity-specific long short-term memory model. 

 ACTUAL PHASE 

PREDICTED 
PHASE 

Walk-
stance 

Walk-
swing 

Ascent-
stance 

Ascent-
swing 

Descent-
stance 

Descent-
swing 

Walk-stance 911,409 
(98.2%) 

7320 0 0 0 0 

Walk-swing 16,346 461,183 
(98.4%) 

0 0 0 0 

Ascent-
stance 

0 0 79,733 
(97.9%) 

1781 0 0 

Ascent-
swing 

0 0 1713 22,913 
(92.8%) 

0 0 

Descent-
stance 

0 0 0 0 49,229 
(95.3%) 

1865 

Descent-
swing 

0 0 0 0 2425 20,259 
(91.6%) 
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Figure 17: Mean (solid red) +/- standard deviation (dashed black) gyroscope signals calculated 
using one walking stride from all subjects. 
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Figure 18: Mean (solid red) +/- standard deviation (dashed black) accelerometer signals calculated 
using one walking stride from all subjects. 


