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Chapter 1

General introduction

Approximately two thousand people undergo a major lower-limb amputation in the
Netherlands per year. Reasons for amputation vary, but in high income countries
vascular diseases are the main cause for amputation [1–5], followed by trauma [1, 6].
A lower-limb amputation can drastically change a person’s functional abilities, which
leads to a lower quality of life [1, 7]. Individuals with an amputation regain some of
those functional abilities by learning to use a prosthesis [8]. Most of the prosthetic
components are passive and are adequate for most walking scenarios in daily life.
However, these devices are not capable of generating power to provide support during
standing up and stair walking for instance [8–10]. This means that the residual leg
and the non-amputated side need to compensate for the lost body part. For instance
when standing up, the joint torque in the knee of the non-amputated side could be
up to twice as high compared to able-bodied individuals [9, 11]. This compensation
behavior stresses the non-amputated side of an individual with an amputation,
resulting in an increased risk of knee pain and osteoarthritis [9, 12]. Next to that, the
metabolic cost is higher for individuals with a lower-limb amputation [9, 10], their
walking speed is reduced [9, 10, 13] and individuals with a lower-limb amputation
experience more stumbles and falls compared to able-bodied individuals [9, 10, 14].

Some of the limitations that individuals with a lower-limb amputation have to
face, can be elevated by using an actuated mechanical prosthesis [9]. An actuated
microprocessor controlled knee (A-MPK) or ankle (A-MPA) is able to provide support
during activities of daily living, by providing net power, for instance during stair
climbing tasks [9, 15]. Next to that, A-MPKs or A-MPAs use information from sensors
to autonomously adapt their behavior to optimally assist the user in their daily tasks
and aim to restore voluntary control over the joint [9, 15]. In this way, some lost
functionality can be restored.

The control system is one of the most important parts of the prosthesis, as it
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Chapter 1. General introduction

has to react to the motion intent of the user, while maintaining safe and robust
operation [15]. Therefore, actuated prostheses require a complex control strategy [8].
Most actuated prostheses follow a generalized control structure [15, 16], see figure 1.1.
The control architecture of a prosthesis can be divided in three levels: high, mid and
low level [16]. At high-level, the control system is responsible for recognizing the
intent of the user and translating this to input for a mid-level controller. Based on the
high-level input, the mid-level control provides the low-level control with parameters
which corresponds to the state the prosthesis is in and where the prosthesis needs
to be. Depending on the used architecture, mid-level control could switch control
modes, as in a state-machine based approach, check for safety conditions and adjust
controls accordingly. Low-level control executes the control to reach the desired
state and is responsible for driving of actuators or changing of stiffness or damping.

Figure 1.1: Generalized control architecture adapted from Tucker et al. [16]. The intent recognition
system is located within the high-level layer. Hereafter the mid-level translates the motor intent into a
mapping to states or to a torque profile. The low-level layer executes the commands by the mid-level
control by driving the actuators.

As stated before, high-level is responsible for recognizing intent. Motor intent
is the determination of a user to move or to change the state the user is in. This
intent is given either consciously or unconsciously. For instance, when we approach
a staircase, we almost unconsciously adapt our steps so that our feet are positioned
perfectly to ascent the steps. When an individual with an amputation is approaching
stairs, the prosthesis needs to sense that the user wants to ascent the stairs in a
timely manner and translate this intent into a state change of the prosthesis, as an
able-bodied individual would have done with their leg. The recognition of intent

2

forms an important part in design of more advanced prostheses [17]. High-level
control needs to recognize what the user wants to do, but also react to changes in the
environment and adjust controls accordingly. Seamless transitions between control
states become possible if intent would be recognized properly [9]. To realize this
intent recognition, it is important to understand how intent is usually translated into
movement in able-bodied humans [16].

In current lower-limb prostheses the most common intent recognition method is
based on simple heuristic rules [15]. Decisions of a controller are based on thresholds
of information from sensors. One example is the passive microprocessor controlled
Rheo Knee by Össur. If the axial force on the prosthesis exceeds a certain threshold
and the knee flexion angle is below another threshold, the high-level controller knows
that the prosthesis is in stance phase [15]. Intent recognition based on heuristic
rules is implemented in most commercial devices that have an adapting control
architecture [15], such as in the only commercially available A-MPK, the Power Knee
by Össur [15]. The reason that commercial products contain simple intent recognition
methods as opposed to more complex methods, is that probably safety requires
robust and easy to understand control mechanisms [15, 16]. The downside of this
approach is that the user needs to be trained to perform movements to trigger
switching of modes. These movements can feel unnatural and increase the cognitive
load of the user [15, 18]. The prosthesis acts like an autonomous machine, without
direct input from the user [19]. This lack of control makes dynamic balance difficult
and makes a prosthesis limited in intuitiveness [10, 19].

Instead of manually determining switching rules beforehand, such as in most
heuristic rule based approaches, the prosthesis can be controlled by data-driven
intent recognition. If the amount of sensor information increases, it becomes almost
impossible to design these switching rules by hand. However, these additional
sensors could provide more insight into transitions. Using data-driven approaches
this information from these sensors can be incorporated and ultimately the transitions
could become smoother [18], as transitions can be recognized earlier in a robust
manner. Machine learning for prosthetic control is an upcoming area of interest in
the research community. Looking at the overview of A-MPKs that are in the research
phase, as summarized by Fluit et al. [15] it can be seen that almost all knees employ
a machine learning based intent recognition system. Data-driven algorithms could
directly relate information from sensors to the state the prosthesis needs to be in [18].
Various algorithms have been applied in intent recognition for the lower limb [18].

3
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For instance traditional machine learning algorithms such as linear discriminant
analysis, support vector machines and dynamic Bayesian networks. These algorithms
are usually trained on signal characteristics in the data, so-called features, and are
using an error-based optimization to find the relation between input and output.
Lately other machine learning techniques are used as well, which are deep learning
techniques, such as artificial neural networks. In these algorithms the algorithm
itself learns features of the data and barely no additional pre-processing is required.
Downsides of these data-driven approaches are robustness and performance in day-
to-day settings. Data-driven approaches are well suited to predict on data they have
been trained on [20]. If the training data contains limited variance, the model does
not generalize well and performs poorly on data that is slightly different from the
training data. Large amounts of training data are therefore necessary to capture the
variation which one could encounter in daily use to develop algorithms that are robust
to changes in input data. To reach adequate classification performance, the model
needs to be trained preferably with data from the user, posing a critical obstacle in
implementation [16], as a lot of data have to be collected and labelled for algorithms to
be trained. Next to that, sensor noise could have a large effect onmodel accuracy [18].
Very few studies investigated long-term use of machine learning approaches and
the day-to-day performance of black box models for intent recognition remains
unclear [18]. Data-driven approaches are prone to over-fitting [18], which is the
models’ inability to generalize on unseen data [20] and this results in false recognized
intent. Day-to-day evaluation could aid in developing robust algorithms that are able
to generalize to unseen data and increasing the performance in multi-day settings.

Sensor modalities
Various sensor modalities could be used for intent recognition. Intent could be
recognized by measuring mechanical activity, muscle activity or cortical activity [16,
21]. Mechanical modalities such as joint angle, position, velocity, acceleration, torque
and pressure are commonly seen in actuated prostheses [9, 15, 17]. The advantage of
these signals is that they are robust, easy to interpret and the variation between users
is limited. For instance orientation can be estimated by the use of accelerometers
or gyroscopes, which can be used as input for a high-level control. The downside
however, is that mechanical information is not a representation of what a user wants
to do, but actually a result of what a user is doing. This means that using only
mechanical sensors would always impose a delay and it is difficult to realize direct

4

control over a prosthetic joint [19].
Another modality that can be used for intent recognition is muscle activity. Mus-

cle activity can be measured in two ways, using electromyography (EMG) or
mechanomyography (MMG). Mechanomyography measures changes in muscle vol-
ume or measuring vibrations at the skin using accelerometers or sound acquisition
devices. The advantage of this approach is that it is not prone to effects of fatigue,
but the sensitivity to confounding factors such as movement are severe [16]. Next to
that, as it is a mechanical signal, there is a delay between the electrical activity and
the eventual mechanical response. Therefore, MMG has not been used in lower-limb
prosthetic control. Electromyography is an interesting signal to use in a control
strategy, as it is minimal invasive and provides a direct link with the actual motor
commands of the user [16, 19]. The motor command given by the motor cortex is
amplified through the muscles and can ultimately be measured at the surface of the
skin [16]. This means that EMG enables a system to measure user intent to move
before actual movement onset, up to 138 ms in the lower limb [22]. This property is
one of the reasons why research prostheses probably focus on EMG next to mechan-
ical sensor input [15]. However, due to its complex and stochastic nature, EMG also
forms a difficult signal to analyze. Electrode shift, fatigue, amount of fatty tissue and
skin conditions all form confounding factors of EMG [16, 19, 23, 24].

As most motor intent stem from the brain, it makes sense to measure intent at
its source. Brain-computer interfaces are an upcoming area of research for intent
recognition for the lower limb. Measuring activity at this level might enable volun-
tary control over prostheses, but the biggest challenge is to decipher this activity.
Functional near-infrared spectroscopy (fNIRS) or electroencephalography (EEG) are
measurement techniques that are used for measuring brain activity [16]. Although
the principle behind the techniques differs, both require sensors to be worn on
the head which can be considered a major drawback of the techniques. Next to
that, both techniques are susceptible to motion artifacts and non-related brain activ-
ity [16]. Some studies showed that by adding EEG in lower-limb prosthetic control
performance of motor intent recognition could be improved [25, 26], but due to the
drawbacks the application of cortical activity for prostheses is limited [27]. This is
probably due to the downsides of the technique. The gap between lab-studies and
commercialization in the field of BCI is still large [28, 29].

5
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Chapter 1. General introduction

EMG-based intent recognition
Although electromyography has its challenges, it also forms an opportunity to realize
direct control of prostheses through intent recognition. Compared with mechanical
sensors it can provide actual information on what a user wants to do, instead of
what the user is doing. Instead of creating autonomous machines to which a user
needs to adapt to, EMG would enable a direct link with the intent of the user [19].
Decoding EMG signals is a topic of interest in the research community on motion
intent recognition for the last decades and slowly making its way to the lower limb
as well [8, 18, 19]. In general, EMG-based intent recognition can be divided into two
groups: pattern recognition approaches and direct control approaches.

In an EMG-based pattern recognition system, EMG signals are used to auto-
matically recognize the user intent and switch control accordingly [19]. A pattern
recognition approach usually consists of three stages: signal pre-processing, feature
extraction and classification [30]. Signal pre-processing usually consists of filtering of
EMG and depending on the application, the signal can be rectified and smoothed to
obtain EMG signal envelopes. Hereafter, features can be extracted from the signal.
Feature extraction is one of the most critical steps in this process. Features are
interesting properties of a signal and by using features unwanted patterns such as
noise can be discarded, while emphasizing the most relevant data [30]. Choosing
the right features is therefore important. Although many studies into upper limb
feature selection exist, myoelectric control in the lower limb still heavily relies on
the same feature sets. Usually these feature sets consist of time domain features
(mean absolute value, slope sign changes, zero crossings, waveform length) in com-
bination with autoregressive coefficients [19]. Although many studies managed to
reach high accuracy using these features [31–33], the rationale behind these features
is lacking. Possibly other feature sets exist which may lead to higher classification
accuracy, which is seen in studies in the upper limb [34–38]. For instance data-driven
approaches could automatically select most promising features and possibly reach-
ing higher accuracy. Next to using engineered features, one could also use feature
learning [24]. Feature learning is what happens in deep learning. The deep learning
algorithm learns what the most interesting points within the data are and use these
to classify where layers within the deep learning model are able to learn specific
features of the input signal and deeper layers are hereafter able to classify the input
accordingly. Although deep learning is commonly seen in speech recognition or
image classification, it is an upcoming area in the field of myoelectric control [24].

6

However, the large downside of this approach is the requirement of large amounts of
data, which is lacking in the lower-limb EMG research community. Therefore, pattern
recognition using feature engineering still seems the most promising approach for
now.

Next to pattern recognition, another myoelectric control approach is direct vol-
untary control. Instead of using EMG for mode switching, one could provide a more
direct link with the prosthesis. The most simple approach is to proportionally relate
EMG amplitude to a joint parameter, for instance torque around a joint [19, 39, 40].
Another more sophisticated approach is to use neuromuscular modeling [19, 41].
In this approach the muscle dynamics are modeled using a virtual musculoskeletal
model and the activity of the muscle can be related to the force a muscle would
generate. This muscle model can be applied for each muscle and in this way the
forces on the joint can be estimated [42]. Although this has been used before in
exoskeletons, it is not commonly seen in studies into lower-limb prostheses [19].
Next to that, data-driven approaches could map EMG to a joint parameter as well. As
the relation between EMG and the resulting joint torque is highly non-linear, data-
driven machine learning algorithms are able to model this non-linear relationship
accordingly [43]. The amount of research into data-driven approaches for lower-limb
joint parameter estimation are still quite limited. Next to that, as mentioned before,
the downside of data-driven approaches is the amount of data that is required to
reach efficient models.

The current state of EMG-based intent recognition for the lower limb is still mainly
focused around simple, straight forward approaches. EMG research revolves around
relatively small data sets and big data techniques are not commonly used in EMG-
based intent recognition [18, 44]. However, if more EMG data can be generated
quickly, the opportunities for data-driven approaches would increase. To optimally
use EMG for intent recognition, it is important to capture the variability that exists
between users, but also the variability over longer periods of time of use [24]. Doing
so would enable more complex and more sophisticated analyses of EMG signals
and possibly lead to better intent recognition, and ultimately this would lead to
better prosthesis control. Luckily, collection of EMG has become easier, with the
introduction of wearable EMG sensors [24]. Themajor advantage is that these sensors
can also be applied outside laboratory settings. When measuring outside laboratory
settings or in free ambulation modes, the data contains more variability that closely
resembles real-life. In this way, data-driven approaches can learn this variability and

7
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Chapter 1. General introduction

recognition systems can be improved.

Aim
The general aim of the research described in this thesis was to investigate data-driven
intent recognition strategies in the lower-limb using electromyography. Based on
this general aim the following research questions are addressed:

• How could large scale data collection using different ambulant measurement
systems for EMG and kinematics be facilitated?

• To what extent could data-driven feature selection improve hand-crafted fea-
ture sets for intent recognition?

• How do EMG-based intent recognition systems behave over multiple days?
And to follow-up on this, how could intent recognition systems be adjusted to
function properly over multiple days?

• What data-driven techniques are suited for direct voluntary control?

Thesis layout
The data collection, pattern recognition and direct control approaches are described
in this thesis. Chapter 2 describes a custom synchronization that had to be developed
and validated for large scale data collection. Chapter 3 describes the data sets
that were collected for this thesis, the MyPredict database. This database contains
data from 55 subjects collected over 85 measurement moments, using traditional
bipolar EMG, as well as multi-array EMG in combination with kinematics. Chapter 4
describes a feature selection strategy based on ameta-heuristic, the genetic algorithm.
Here we show the possibilities for objective feature selection which lead to higher
performing pattern recognition compared to state of the art. Chapter 5 describes
various adaptation strategies for myoelectric control, to cope with input changes
when a pattern recognition system is used over multiple days. Chapter 6 describes
the comparison of three torque estimation models based on EMG to be used for
direct control. We showed that a data-driven approach is also suited to be used over
multiple days. And at last, the general discussion can be found in chapter 7.
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Chapter 2

Synchronization of wearable motion
capture and electromyography

Abstract
Synchronization of motion capture systems with other modalities in out-of-the-lab
settings is not trivial. Various synchronization methods exist, such as using servers
or transistor-transistor-logic pulses. However, not all measurement setups allow
for such synchronization methods. Therefore, we have developed and validated
an acceleration based post-measurement method to synchronize an IMU based
motion capture system and an EMG measurement device. On top of the thigh
IMU an additional accelerometer was placed which was connected to the analog
input of the EMG device. By applying cross-correlation continuously, the similarities
in the measured acceleration by the two measurement systems can be used for
synchronization. We performed a validation measurement on seven able-bodied
subjects and tested various correlation window sizes in hour long measurements in
an out of the lab setting. It can be concluded that the developed method works for
different activities when a suitable window length is chosen for cross-correlation. If
no other options are available for synchronization, this correlation based method
using an additional accelerometer is a viable option.

Published as: R.V. Schulte, E.C. Prinsen, L. Schaake and J.H. Buurke. Synchronization of wearable motion capture and

electromyography (2022). IEEE Proceedings of the 17th International Conference on Rehabilitation Robotics.
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Chapter 2. Synchronization of wearables and EMG

Introduction
Motion analysis using optical markers is considered to be the gold standard in move-
ment science. It enables research into the nature of musculoskeletal and neurological
disorders by analyzing movement patterns. Combining motion capture with other
modalities, such as electromyography (EMG), gives more insight in typical and patho-
logical movement. These multi-modal setups are often used within gait laboratories.
One difficulty of measuring with multiple modalities is that every system runs at
different sample frequencies, which makes it difficult to synchronize data streams.
Sample frequencies can range from 50 Hz for camera, to 1000Hz for EMG up to 40
kHz for audio [45]. If two devices are not synchronized, it becomes impossible to
relate data of one device to the other.

One way of synchronizing two modalities is recording on one device in one
software. For example Qualysis [46] and Vicon [47] offer integration of their motion
capture systems with other modalities such as EMG and force plates. In this way,
data were acquired by the same device, thus the same trigger clock, which gives
the correct timestamps to the samples even if the samples are collected at different
sample frequencies. However, it is not always possible to use all modalities recording
on the same device. When using multiple devices with their own internal clocks,
synchronization becomes more difficult, as the offset between two clocks will always
drift over time, the so-called clock drift [48]. This can be solved using a server,
for instance Lab Streaming Layer [49]. In this scenario, the data is pushed to the
server (i.e. the device where the software is running on), which handles the time
coding, different sampling frequencies in real-time and ensures synchronization of the
different modalities [45, 50–52]. This method requires the access to the application
programming interface (API) of themeasurement systems. This is not always possible,
especially in clinical settings [45].

Based on the aforementioned limitations, another way of synchronization could
be preferred. Pulses recorded simultaneously on the different measurement devices
are commonly used for synchronization purposes. Transistor-Transistor-Logic (TTL)
ports enable recording of such pulses and are used in multi-modal setups [45, 53, 54].
If a measurement device does not allow recording of such pulses other solutions
exist. Artoni et al. [45] proposed a fall-back method for clinical settings to synchronize
EMG and EEG. As no APIs or TTL ports were available on the used EMG device, no
’standard’ approaches for synchronization could be used. Therefore, the authors
connected a pulse generator to one of the EMG channels and to the EEG device. In
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Introduction

this way they were able to synchronize both devices in a ten-minute measurement.
They also showed that the drift between the two devices behaves linearly and when
not accounted for could lead to 10 ms misalignment within 60-80s. The downside of
this method is that an EMG channel needs to be sacrificed to synchronize the two
modalities.

The above described scenarios are all placed within the laboratory setting. A
disadvantage of a lab setting is that subjects might not behave in a similar way as
they would in a daily environment. Therefore, one might prefer to measure subjects
in a real-life environment, such as at home. However, using multi-modal setups
outside laboratory settings is not trivial. One might use wireless communication
with a wearable computer to record all the data or use multiple wearable computers
and use Lab-Streaming-Layer for example. However, this might not be feasible if
APIs are not present or the weight and placement of the wearable computers or
devices on a subject is an issue. Also wireless communication could induce delays
into the system. TTL is an option if devices are able to use it. For instance the inertial
measurement unit (IMU) based motion capture system of Technaid [55] allows third
party synchronization using a wireless trigger system which could utilize TTL. Another
commercial available full-body IMU based motion capture system is produced by
Xsens [56]. They provide a synchronization station as well, which could utilize TTL.
However, there is a drawback as this device cannot be used during on-body recordings
outside the lab. The reason behind this is that the synchronization device is too bulky
and their software is not able to use it in on-body recording-mode. Therefore, other
modalities, such as EMG, cannot be synchronized during on-body recordings when
no additional computer is present to record synchronization pulses. And again, if no
TTL ports are available, this method cannot be used. This is a major limitation of the
setup.

Therefore, a solution has to be found for synchronization of wearable setups that
are used outside the lab. Bannach et al. [57] proposed an event based synchronization
method with IMUs using event spotting. Their algorithm consists of two parts, event
spotting and using the events to synchronize audio, IMU and force sensor data
streams in their network. In this way they were able to validate their method and
synchronize multiple sensor streams up to five hours. This approach requires the
user to perform events that can be recognized in all sensor streams, such as hand
clapping. The downside of event spotting is that events need to be performed and
identified. This identification could be automated, but might become difficult in
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long-lasting measurements as other similar events might come up, which leads to
inaccurate synchronization. Next to that, it could happen that events are not recorded
properly and systems cannot be synchronized. Another example of a synchronized
multi-modal measurement system outside a laboratory setting is described by Hasler
et al. [58]. They used multiple cameras for motion capture to investigate markerless
tracking outdoors. The cameras were synchronized by measuring sound on both
devices [52, 58]. Using cross-correlation between themeasured sound of the cameras,
they were able to time synchronize themultiple devices continuously. The principle of
measuring a common signal throughout the multi-modal measurement setup could
also be used in synchronization of IMU based motion capture and other modalities.
In case of IMUs and other devices this common measured signal can be acceleration.
As accelerometers are relatively cheap and small, they could easily be placed on top
of an IMU to measure similar acceleration. However, the question arises where these
two signals would be similar enough for on-body multi-modal long-lasting recordings.
In conclusion, limitations of current methods of synchronization for wearable, out of
the lab setups are the absence of TTL, no access to APIs or the use of servers.

To address the listed limitations, we aim to develop a new continuous synchroniza-
tion procedure that can easily be implemented, without the need for event spotting.
To achieve this aim, this article describes the development and validation of an accel-
eration based synchronization of an IMU based motion capture system and a EMG
measurement system which allowed recording of auxiliary analog signals.

Methods
Experimental setup
Seven able-bodied subjects (three male, four female) participated in this study. Sub-
jects were 23 ± 2 years, 177 ± 13 cm tall and weighed 71 ± 11 kg. All subjects
declared to be free of any gait impairments at the time of the measurements.

Two devices needed to be synchronized: the MVN Link suit (Xsens, Enschede, The
Netherlands), and the Sessantaquattro (Bioelettronica, Turin, Italy), which were used
to measure kinematics and EMG of the upper leg respectively.

The MVN Link suit consisted of eight inertial measurement units (IMUs) which
were placed on the sternum, pelvis, both thighs, shanks and feet. 3D acceleration,
velocity, position as well as 3D angular velocity and position were recorded per
segment at a sample frequency of 240 Hz (sample time of 4.17 ms). IMU placement
and calibration was performed according to Xsens guidelines [59]. The system was
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set to on-body recording mode, thus external synchronization was not possible.
The Sessantaquattro did not have integrated accelerometers and thus an addi-

tional accelerometer had to be used. The accelerometer ADXL337 (Analog Devices,
Norwood, MA, USA) was placed on top of the Xsens IMU on the right thigh of the
subject to measure similar acceleration. The accelerometer was connected to the
auxiliary port of the Sessantaquattro, measuring 2D accelerations at 2000 Hz.

Signals were recorded using MVN studio v2018.2 and OT Biolab+ v1.3. Processing
was done offline using Python 3.7 [60].

Proposed method
The proposed method consisted of cross-correlating measured acceleration by the
Sessantaquatro continuously with the acceleration measured by the Xsens IMU.
This meant that acceleration of the IMU and the acceleration from the additional
accelerometer, measured by the Sessantaquattro were continuously compared using
cross-correlation, to synchronize both systems. Cross-correlation is a measure of
similarity between two functions expressed as the shift in time of one function
relative to the other [61]. The maximum in the cross-correlation denotes where the
two signals are most positively correlated. The location of the maximum indicates
the time difference or lag τ between the two signals and is defined as:

τ = argmaxt(f ∗ g)(t) (2.1)

Where f and g indicate the two different signals. This property makes the cross-
correlation function commonly used in pattern recognition, as it becomes possible
to find similarities between a sample (or pattern) and another signal.

In this case continuous synchronization consisted of extracting windows of certain
length from the acceleration measured by the Sessantaquatro and cross-correlate
those with the acceleration measured by the Xsens IMU. If the signals are similar
enough, clear maxima will be visible in the cross-correlation signal and the delay
between the two devices can be reliably determined. Especially when measuring for
longer periods of time this method is suited to estimate clock drift and enables the
detection of data-loss.

Because outliers can have a large influence on the estimated clock drift, it is
important to detect outliers in the delay estimation. Outliers were detected based on
the median and the interquartile ranges (IQRs) as described by Vinutha et al. [62]. A
data point was considered an outlier, if it lied outside the 1.5×IQR bounds. These
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long-lasting measurements as other similar events might come up, which leads to
inaccurate synchronization. Next to that, it could happen that events are not recorded
properly and systems cannot be synchronized. Another example of a synchronized
multi-modal measurement system outside a laboratory setting is described by Hasler
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In conclusion, limitations of current methods of synchronization for wearable, out of
the lab setups are the absence of TTL, no access to APIs or the use of servers.

To address the listed limitations, we aim to develop a new continuous synchroniza-
tion procedure that can easily be implemented, without the need for event spotting.
To achieve this aim, this article describes the development and validation of an accel-
eration based synchronization of an IMU based motion capture system and a EMG
measurement system which allowed recording of auxiliary analog signals.
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segment at a sample frequency of 240 Hz (sample time of 4.17 ms). IMU placement
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outliers were removed and from the remaining data points the delay and thus the
clock drift could reliably be estimated, see also Figure 2.3.

The gravity component needed to be removed from the accelerationmeasured by
the Sessantaquattro, as Xsens only provides acceleration without gravity component.
The gravity component was removed using a second-order zero-lag butterworth
high-pass filter of 0.5 Hz. Prior to synchronization both signals were resampled to
1000Hz.

Validation study
The proposed method was validated with another method of synchronization. This
secondary synchronization was based on event spotting. The subject performed an
event which made sound and involved acceleration, comparable to hand clapping as
used by Bannach et al. [57]. In this study this event was kicking against a cylinder.

Protocol
Subjects kicked the metal cylinder, stood still while the cable to the microphone was
disconnected. Hereafter the subject performed movements which were used by the
proposed method as described in section 2.3.2: the subject sat down in a chair, stood
up, walked approximately five meters and back and stood still again. Hereafter the
cable was reconnected. Kicking and the movements were repeated three times each
to get a reliable average estimate of delay between the two systems.

During the kick, acceleration was measured by foot IMU of Xsens MVN Link and
the sound was recorded via the EMG channels of the Sessantaquattro, using SRS-5
speakers (Sony, Tokyo, Japan). The microphone was placed within ten centimeters
from the cylinder.

Analysis
The moment of impact was defined as the peak acceleration in the direction of the
kick measured by the foot accelerometer and the onset of the peak in sound, which
happen simultaneously in real life. However, as the measurement devices were not
turned on simultaneously, the event was registered at different times by different
devices, with an estimated delay τ , see Figure 2.1.

To estimate the delay by the proposed method, windows of 10 seconds were used
and applied each second during the described movements. The delay estimation
of the proposed method was hereafter compared with the delay estimation of the
event spotting based method.
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Figure 2.1: Delay τ estimation using event based approach. The acceleration (blue) and the sound
(black) of the kick happen simultaneous in real-life, but are shifted in their local time frame. Hence the
need for synchronization.

Clock drift modeling
The second part of the study consisted of a long-lasting measurement. The reason for
this was that two systems can become desynchronized over time although they have
been synchronized before, due to clock drift [48]. Therefore, this protocol had the
goal to give insight in two things. Firstly, the stability of the synchronization method,
i.e. could we use the proposed method continuously for synchronization. Secondly,
if we could use the proposed method to estimate the clock drift between the two
used measurement systems and correct for it.

Protocol
One hour-long measurements were conducted in and around Roessingh Research &
Development, Enschede, The Netherlands. Activities which were recorded included
sitting, standing, walking on even ground, walking in confined spaces walking on
uneven terrains such as grass, stair ascent/descent and ramp ascent/descent. Each
activity was performed multiple times in random order outside the lab over the span
of approximately one hour, while continuous recording data. Subjects first were
asked to stand up from a bench, walk over grass and return. Next, the subjects walked
over a parking lot towards a different building. Here subjects were asked to sit, stand
up, ascent two flights of stairs, and come back down again. Hereafter, the subject
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outliers were removed and from the remaining data points the delay and thus the
clock drift could reliably be estimated, see also Figure 2.3.

The gravity component needed to be removed from the accelerationmeasured by
the Sessantaquattro, as Xsens only provides acceleration without gravity component.
The gravity component was removed using a second-order zero-lag butterworth
high-pass filter of 0.5 Hz. Prior to synchronization both signals were resampled to
1000Hz.

Validation study
The proposed method was validated with another method of synchronization. This
secondary synchronization was based on event spotting. The subject performed an
event which made sound and involved acceleration, comparable to hand clapping as
used by Bannach et al. [57]. In this study this event was kicking against a cylinder.

Protocol
Subjects kicked the metal cylinder, stood still while the cable to the microphone was
disconnected. Hereafter the subject performed movements which were used by the
proposed method as described in section 2.3.2: the subject sat down in a chair, stood
up, walked approximately five meters and back and stood still again. Hereafter the
cable was reconnected. Kicking and the movements were repeated three times each
to get a reliable average estimate of delay between the two systems.

During the kick, acceleration was measured by foot IMU of Xsens MVN Link and
the sound was recorded via the EMG channels of the Sessantaquattro, using SRS-5
speakers (Sony, Tokyo, Japan). The microphone was placed within ten centimeters
from the cylinder.

Analysis
The moment of impact was defined as the peak acceleration in the direction of the
kick measured by the foot accelerometer and the onset of the peak in sound, which
happen simultaneously in real life. However, as the measurement devices were not
turned on simultaneously, the event was registered at different times by different
devices, with an estimated delay τ , see Figure 2.1.

To estimate the delay by the proposed method, windows of 10 seconds were used
and applied each second during the described movements. The delay estimation
of the proposed method was hereafter compared with the delay estimation of the
event spotting based method.
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Figure 2.1: Delay τ estimation using event based approach. The acceleration (blue) and the sound
(black) of the kick happen simultaneous in real-life, but are shifted in their local time frame. Hence the
need for synchronization.

Clock drift modeling
The second part of the study consisted of a long-lasting measurement. The reason for
this was that two systems can become desynchronized over time although they have
been synchronized before, due to clock drift [48]. Therefore, this protocol had the
goal to give insight in two things. Firstly, the stability of the synchronization method,
i.e. could we use the proposed method continuously for synchronization. Secondly,
if we could use the proposed method to estimate the clock drift between the two
used measurement systems and correct for it.

Protocol
One hour-long measurements were conducted in and around Roessingh Research &
Development, Enschede, The Netherlands. Activities which were recorded included
sitting, standing, walking on even ground, walking in confined spaces walking on
uneven terrains such as grass, stair ascent/descent and ramp ascent/descent. Each
activity was performed multiple times in random order outside the lab over the span
of approximately one hour, while continuous recording data. Subjects first were
asked to stand up from a bench, walk over grass and return. Next, the subjects walked
over a parking lot towards a different building. Here subjects were asked to sit, stand
up, ascent two flights of stairs, and come back down again. Hereafter, the subject
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was asked to ascent a different type of stairs and walk down a ramp, turn around,
walk up the ramp and descent the stairs. After completing this activity, the subjects
were asked to walk over different types of uneven terrain. Finally the subject was
asked to walk to a different building, perform an activity to simulate confined spaces.
The subject walked with small steps, forward, diagonally, backwards and sideways.
Each activity was repeated ten times, but the recording was done in one long trial.
This meant that the data consisted of similar activities throughout the measurement
trial.

Analysis
Clock drift needs to be taken into account for long-lasting measurements [48]. This
process is linear [48] and Artoni et al. [45] showed that this would influence synchro-
nization for measurements longer than 10 minutes. Therefore, the delay should be
modelled as follows and is an extension of formula 2.1:

τ(t) = a · t+ τ(0) (2.2)

τ is the delay between the devices at time t, which is estimated using equation 2.1
at various points in time. The slope of the clock drift itself is modelled by a. By
estimating a, one of the systems with sampling frequency fs can be resampled to
the sampling frequency of the other system (fsnew) to synchronize both signals. This
frequency adjustment is shown below:

fsnew =
1

1− a
· fs (2.3)

To see the influence of clock drift, the cross-correlation basedmethod was applied
to a measurement of an hour. The data contained many repetitions of the same activ-
ity, e.g. walking. This meant that small window sizes would result in many similarities
throughout the measurement and a wrong estimation of the delay. Therefore, the
question arose which window length was optimal for a measurement with a longer
duration. Thirteen different window lengths were tested: 10, 20, 30 seconds and 1
to 10 minutes with increments of 1 minute. Each 10 seconds of the measurement a
window in the acceleration signal was extracted from the IMU and cross correlated
with the acceleration measured by the accelerometer, according to equation 2.1. The
clock drift between the two devices was estimated using equation 2.2.

If the proposed method was robust enough, the linear behavior of the estimated
clock drift could be seen. Xsens estimated that the internal clock of the Link system
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runs with a precision of 30 parts per million (ppm) [59]. Bioelettronica uses an
internal clock with a precision of 50 ppm in the Sessantaquatro. In the worst case
scenario, both clocks would deviate with 80 ppm from each other. We considered a
synchronization attempt successful if the estimated slope would be below 1000 ppm.
In this way we can automatically detect whether synchronization was successful or
not.

Next to the clock drift, we monitored the clock stability as well, so-called jitter.
This is defined as the standard deviation of the misalignment after adjusting for clock
drift, as according to Artoni et al. [45]. If the jitter exceeded the sampling time of the
slowest modality the method would not be suited for synchronization. The limit in
this case would be 4.17 ms (240 Hz).

Results
Validation
Results are shown in Figure 2.2. Average delay difference between the event spotting
based method and the cross-correlation based method was 1.3 ± 1.4 ms. The
difference between the two methods falls below the intersample time of the slowest
modality used in this study, namely 4.17 ms.

Figure 2.2: Differences in estimated delay of the event spotting basedmethod and the cross-correlation
based method.
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was asked to ascent a different type of stairs and walk down a ramp, turn around,
walk up the ramp and descent the stairs. After completing this activity, the subjects
were asked to walk over different types of uneven terrain. Finally the subject was
asked to walk to a different building, perform an activity to simulate confined spaces.
The subject walked with small steps, forward, diagonally, backwards and sideways.
Each activity was repeated ten times, but the recording was done in one long trial.
This meant that the data consisted of similar activities throughout the measurement
trial.

Analysis
Clock drift needs to be taken into account for long-lasting measurements [48]. This
process is linear [48] and Artoni et al. [45] showed that this would influence synchro-
nization for measurements longer than 10 minutes. Therefore, the delay should be
modelled as follows and is an extension of formula 2.1:

τ(t) = a · t+ τ(0) (2.2)

τ is the delay between the devices at time t, which is estimated using equation 2.1
at various points in time. The slope of the clock drift itself is modelled by a. By
estimating a, one of the systems with sampling frequency fs can be resampled to
the sampling frequency of the other system (fsnew) to synchronize both signals. This
frequency adjustment is shown below:

fsnew =
1

1− a
· fs (2.3)

To see the influence of clock drift, the cross-correlation basedmethod was applied
to a measurement of an hour. The data contained many repetitions of the same activ-
ity, e.g. walking. This meant that small window sizes would result in many similarities
throughout the measurement and a wrong estimation of the delay. Therefore, the
question arose which window length was optimal for a measurement with a longer
duration. Thirteen different window lengths were tested: 10, 20, 30 seconds and 1
to 10 minutes with increments of 1 minute. Each 10 seconds of the measurement a
window in the acceleration signal was extracted from the IMU and cross correlated
with the acceleration measured by the accelerometer, according to equation 2.1. The
clock drift between the two devices was estimated using equation 2.2.

If the proposed method was robust enough, the linear behavior of the estimated
clock drift could be seen. Xsens estimated that the internal clock of the Link system
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internal clock with a precision of 50 ppm in the Sessantaquatro. In the worst case
scenario, both clocks would deviate with 80 ppm from each other. We considered a
synchronization attempt successful if the estimated slope would be below 1000 ppm.
In this way we can automatically detect whether synchronization was successful or
not.

Next to the clock drift, we monitored the clock stability as well, so-called jitter.
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drift, as according to Artoni et al. [45]. If the jitter exceeded the sampling time of the
slowest modality the method would not be suited for synchronization. The limit in
this case would be 4.17 ms (240 Hz).

Results
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Results are shown in Figure 2.2. Average delay difference between the event spotting
based method and the cross-correlation based method was 1.3 ± 1.4 ms. The
difference between the two methods falls below the intersample time of the slowest
modality used in this study, namely 4.17 ms.

Figure 2.2: Differences in estimated delay of the event spotting basedmethod and the cross-correlation
based method.
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Clock drift
The delay estimations using the cross-correlation based method for the different
window lengths during the hour-long measurements are shown in Table 2.1. It can
be seen that the clock drift is around 24.4 ppm for each window and the jitter is
between 1.2-1.7 ms. For short time windows, i.e. below 1 minute, the method failed.
Between 1 and 3 minutes the method was able to synchronize the devices for most
subjects and for windows longer than 3 minutes the method succeeded for each
subject. The histogram of the jitter after compensating for the clock drift shows a
normal distribution with a standard deviation of around 1.6 ms, see Figure 2.2. In
Figure 2.3 it can be seen that the clock shift behaved linearly as expected.

Table 2.1: Results of synchronization using various window sizes for cross-correlation. It shows the
success rate of the method, the estimated clock drift in parts per million (ppm) and the estimated jitter.

Window Success Clock drift (ppm) Jitter (ms)

10 s 0/7 - -
20 s 0/7 - -
30 s 0/7 - -
1 min 5/7 24.4 1.6
2 min 6/7 24.4 1.4
3 min 6/7 24.3 1.2
4 min 7/7 24.5 1.3
5 min 7/7 24.5 1.3
6 min 7/7 24.5 1.4
7 min 7/7 24.4 1.5
8 min 7/7 24.4 1.5
9 min 7/7 24.4 1.6
10 min 7/7 24.4 1.7

Discussion
The goal of this study was to develop a synchronization method that could be used for
wearable modalities when other synchronization methods are not feasible, e.g. when
measuring outside laboratory settings. The described method uses cross-correlation
to determine the delay and clock drift between two modalities and can be used
continuously.

Delay estimation difference between the event spotting based method and the
cross-correlation based method fall within the sample interval time of the modality
with the lowest sample frequency. The sample interval time of the Xsens IMU was
4.17 ms, whereas the estimated delay was within 4 ms between the two methods.
Results of the hour-long measurement show that the jitter is also below this sample
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Discussion

Figure 2.3: Delay over time (blue) using 1-minute windows, estimated each 10 seconds by using
cross-correlation. The slope (black) was estimated after outlier detection and this represents the clock
drift. Around 2400 seconds a gap could be seen where outliers were removed. In this section a subject
walked from one location to another, thus the extracted windows looked very similar to other walking
activities and the correlation method failed.

interval time, which shows the stability of the proposed method. Thus the resolution
of the cross-correlation based method is adequate to be used for synchronization of
the two measurement systems.

The cross-correlation based method was applied to different activities. During
the validation study these were walking and sitting and the delay could reliably be
estimated between the two devices. The hour-longmeasurements containedmultiple
activities, from walking to stair climbing to sitting. These different activities did not
influence the delay estimation and thus the proposed method can be expected to
be reliable in different types of activities. However, two things are important to
note: First, to perform synchronization, acceleration needs to be measured. If no
acceleration is measured, no accurate delay can be estimated using cross-correlation.
When placing this setup on other body parts acceleration needs to be measured by
both accelerometers to accurately estimate delay. Second, the activity performed
has to be unique. This means that if many repetitions of the same movement are
conducted, short time windows would result in wrongly estimated delays. If the
previous step is very similar to the next step, there is not much variability in the
signal. This means that an extracted window will also look very similar to other
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Clock drift
The delay estimations using the cross-correlation based method for the different
window lengths during the hour-long measurements are shown in Table 2.1. It can
be seen that the clock drift is around 24.4 ppm for each window and the jitter is
between 1.2-1.7 ms. For short time windows, i.e. below 1 minute, the method failed.
Between 1 and 3 minutes the method was able to synchronize the devices for most
subjects and for windows longer than 3 minutes the method succeeded for each
subject. The histogram of the jitter after compensating for the clock drift shows a
normal distribution with a standard deviation of around 1.6 ms, see Figure 2.2. In
Figure 2.3 it can be seen that the clock shift behaved linearly as expected.

Table 2.1: Results of synchronization using various window sizes for cross-correlation. It shows the
success rate of the method, the estimated clock drift in parts per million (ppm) and the estimated jitter.

Window Success Clock drift (ppm) Jitter (ms)

10 s 0/7 - -
20 s 0/7 - -
30 s 0/7 - -
1 min 5/7 24.4 1.6
2 min 6/7 24.4 1.4
3 min 6/7 24.3 1.2
4 min 7/7 24.5 1.3
5 min 7/7 24.5 1.3
6 min 7/7 24.5 1.4
7 min 7/7 24.4 1.5
8 min 7/7 24.4 1.5
9 min 7/7 24.4 1.6
10 min 7/7 24.4 1.7

Discussion
The goal of this study was to develop a synchronization method that could be used for
wearable modalities when other synchronization methods are not feasible, e.g. when
measuring outside laboratory settings. The described method uses cross-correlation
to determine the delay and clock drift between two modalities and can be used
continuously.

Delay estimation difference between the event spotting based method and the
cross-correlation based method fall within the sample interval time of the modality
with the lowest sample frequency. The sample interval time of the Xsens IMU was
4.17 ms, whereas the estimated delay was within 4 ms between the two methods.
Results of the hour-long measurement show that the jitter is also below this sample
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Figure 2.3: Delay over time (blue) using 1-minute windows, estimated each 10 seconds by using
cross-correlation. The slope (black) was estimated after outlier detection and this represents the clock
drift. Around 2400 seconds a gap could be seen where outliers were removed. In this section a subject
walked from one location to another, thus the extracted windows looked very similar to other walking
activities and the correlation method failed.

interval time, which shows the stability of the proposed method. Thus the resolution
of the cross-correlation based method is adequate to be used for synchronization of
the two measurement systems.

The cross-correlation based method was applied to different activities. During
the validation study these were walking and sitting and the delay could reliably be
estimated between the two devices. The hour-longmeasurements containedmultiple
activities, from walking to stair climbing to sitting. These different activities did not
influence the delay estimation and thus the proposed method can be expected to
be reliable in different types of activities. However, two things are important to
note: First, to perform synchronization, acceleration needs to be measured. If no
acceleration is measured, no accurate delay can be estimated using cross-correlation.
When placing this setup on other body parts acceleration needs to be measured by
both accelerometers to accurately estimate delay. Second, the activity performed
has to be unique. This means that if many repetitions of the same movement are
conducted, short time windows would result in wrongly estimated delays. If the
previous step is very similar to the next step, there is not much variability in the
signal. This means that an extracted window will also look very similar to other
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windows and thus is not unique. These non-unique windows result in maxima in the
cross-correlation at various locations which will result in wrong estimation of delay.
This can be seen in the window lengths below 1 minute in Table 2.1, which resulted
in all fails when trying to estimate the shift in delay. Using 1-3 minute windows
resulted in a success most of the time, although some still failed. Synchronization for
all subjects was only achieved using window lengths of 4 minutes or larger in this
measurement setup. Longer time windows make the extracted window more unique
and thus suitable for synchronization. When measuring activities which are not very
similar, such as walking on uneven terrains (i.e. the previous step is different from
the next), one could expect that shorter window lengths would suffice. For treadmill
walking, longer window lengths might be necessary as steps are very similar to each
other, thus resulting in non-unique windows at small window lengths. However,
mostly when performing experiments on a treadmill, this is within a laboratory
setting with other possible ways of synchronization. Another solution would be to
choose situations during the measurement where the movements are more unique,
e.g. during free walking or turning or letting the subject perform an odd movement
and then only using windows during those unique movements to synchronize. This
actually becomes similar to event spotting [57] and one needs to consider which
approach would suit best to their measurement protocol. In this study we did not
investigate this approach as we can afford longer windows for synchronization, as
our measurements were up to an hour and we did not want to perform certain events
and event spotting for synchronization.

In Table 2.1 shows that the clock drift was around 24.4 ppm. This is typical for
the measurement setup that was used. If using a different measurement device,
the internal clock could be slightly different which results in a different clock drift.
Other measurement setups will therefore have other clock drifts. It is important to
compensate for this drift or else relations between two measured entities will no
longer be valid. For instance, when synchronizing EMG and kinematics, one would
need a synchronization resolution below 100 ms at all times. Wentink et al. [22]
showed that the onset of EMG can be measured 138 ms in advance of movement.
After an hour of measurement, this relation would no longer be valid, as the delay
between two systems has shifted. In this measurement setup the clock drift at 24.4
ppm would result in a delay of approximate 88 ms after one hour of measurement.
These time delays are also critical in other situations, for instance when relating EEG
and EMG data, as shown by Artoni et al. [45]. Klein showed that poor synchronization
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can influence classification results negatively as well and stresses the importance of
synchronization [48]. It is therefore important to detect this clock drift and correct
for it, as we showed in this paper.

Placement of the accelerometer on other body segments was not investigated in
this research, however, it can be expected that the method will perform equally well.
This is because the acceleration measured during movements is similar enough to be
used for synchronization if two sensors are placed on top of each other. One could
assume that this method works in a patient population as well. As long as movement
occurs and thus acceleration can be measured by two different devices, this method
should be applicable, although one might need to use a different sensor location
than used in this setup if certain movements cannot be made. Another assumption
that was made was that the measured sound is instantaneous. This is not completely
true, as sound travels with around 3 ms per meter. Therefore, the microphone had
to be placed close to the metal cylinder. As the distance from the microphone to
the cylinder was around ten centimeters, the average delay induced by the speed
of sound was 0.3 ms, thus negligible. Outlier detection was put in place to ensure
outliers would not influence the clock drift estimation. Without this detection the
method would be less reliable. This is because the data that needs to be synchronized
contains many repetitions, thus wrongly estimated delays can occur. The subject
population is small, however, looking at the distribution of jitter in Figure 2.3 for a
window size of 1 minute, the standard deviation is still below 4.17 ms. This is also
seen during the validation study with maximal differences of 4ms in Figure 2.2. Thus
it can be assumed that this method works equally well for a larger subject population.

The synchronization method described in this article is applicable in situations
where there is no other possibility of synchronization or other methods are less
reliable. In cases where Lab-Streaming-Layer [49] or measuring with the same device
could be utilized, that method has preference. When falling back to other methods
such as using TTL pulses the proposed method could be superior. The reason for this
is that using a TTL pulse only at the start of the measurement might be insufficient
for longer during measurements as the shift in delay between the two systems could
be up to 80 ppm or 288 ms per hour as described before, or even larger depending
on the setup used. As mentioned before, it is important to compensate for this clock
drift. Therefore, continuous synchronization, or at least a re-synchronization would
be required and the proposed cross-correlation based method could be applied.
However, using additional TTL pulses [45, 54], this problem can also be circumvented.
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synchronization [48]. It is therefore important to detect this clock drift and correct
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This is because the acceleration measured during movements is similar enough to be
used for synchronization if two sensors are placed on top of each other. One could
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There is another scenario where continuous synchronization is preferred over
the use of TTL pulses. In case of using wireless systems data loss could occur. If the
data loss is not compensated or unknown, data between two TTL pulses becomes
impossible to synchronize. However, using continuous synchronization, one is able
to locate the exact moment where data loss has occurred, one could determine the
duration of the data loss and is able to compensate for it. Thus in the case of using
a system where data loss could occur continuous synchronization is superior over
using TTL pulses.

The advantage of the proposed method over the synchronization method pro-
posed by Artoni et al. [45] is that no additional pulse generator is required, as the
proposed method in this study uses the nature of the measured signal. The only
downside is that an additional accelerometer is required, although the cost of the
used accelerometer (ADXL337) is under ten US dollar. If no auxiliary ports are avail-
able in the measurement system, the accelerometer could be recorded in a EEG/EMG
channel, which was proposed by Artoni et al. [45].

Conclusions
The goal of the study was to develop and validate a method which can be used for
synchronizing wearable modalities outside a laboratory setting using acceleration
cross-correlation. The cross-correlation based method showed similar delay estima-
tions as an event spotting based synchronization method. The proposed method was
applied to hour long measurements and from the results can be concluded that the
proposed method is stable with jitter below the 4.17ms sample time. Next to that,
we are able to estimate the clock drift and correct for it. These results show that the
described method is suitable to synchronize IMU based motion capture systems and
other modalities, such as EMG measurement systems.
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to locate the exact moment where data loss has occurred, one could determine the
duration of the data loss and is able to compensate for it. Thus in the case of using
a system where data loss could occur continuous synchronization is superior over
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posed by Artoni et al. [45] is that no additional pulse generator is required, as the
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Chapter 3

Database of lower limb kinematics and
electromyography

Abstract
This data descriptor describes the Roessingh Research & Development-MyLeg
database for activity prediction (MyPredict), containing three data sets. These data
sets contain data from 55 able-bodied subjects, mean age 24 ±2 years, measured in 85
measurement sessions. Measurement sessions consisted of trials containing sitting,
standing, overground walking, stair ascent, stair descent, ramp ascent, ramp descent,
walking on uneven terrain and walking in simulated confined spaces. Subjects were
measured using eight inertial measurement units in combination with different types
of EMG. Recorded kinematics consisted of joint angles, sensor accelerations, angular
velocity, orientation and virtual marker positions. EMG was recorded using bipolar
EMG, multi-array EMG or a combination of both. All data showed excellent correlation
with other online available data sets. The data reported in this descriptor forms a
solid basis for research into myoelectric pattern recognition, myoelectric control
development and electromyography to be used in data-driven applications.

R.V. Schulte, E.C. Prinsen, L. Schaake, R.P.G. Paassen, M. Zondag, E.S. van Staveren, M. Poel and J.H. Buurke. Database

of lower limb kinematics and electromyography during gait-related activities in able-bodied subjects - Submitted for
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Introduction
Human motor intent recognition based on electromyography (EMG) could provide a
more intuitive control in applications such as prostheses, exoskeletons or wheelchairs.
EMG is a non-invasive technique and therefore well suited to realize intent recogni-
tion. However, analysis of EMG is complex due to its stochastic nature. Robustness of
a myoelectric system is important, but due to limiting factors in EMG such as muscle
fatigue, electrode shift and inter-subject variability, this is difficult to realize [24].
To capture this variability, large amounts of data are necessary. The sharing and
availability of data is also necessary if the field moves towards more big data applica-
tions, such as deep learning. Deep learning shows the promise of reaching better
performing algorithms compared to more traditional methods developed on small
data sets. The downside of these data-driven approaches is that large amounts of
data are necessary. Therefore, it is important for the myoelectric control research
community to share EMG related data [24].

EMG collection has become easier over time and more and more data sets
containing EMG are made publicly available, especially in the upper extremity. In the
upper extremity EMG control research has been around for decades and myoelectric
control is making its way slowly to the lower limb [31, 63]. The limited amount of
research into lower-limb myoelectric control is one of the reasons why databases
containing EMG and kinematics of the lower limb are limited. Fortunately, in recent
years the amount of research into myoelectric control grows and more data becomes
available [18, 63–68]. For instance Hu et al. [65] presented a benchmark data set
containing EMG and kinematics measured with wearables collected during free
transitioning of various gait-related activities in 10 able-bodied subjects. Camargo
et al. [66] measured 22 able-bodied subjects during gait-related activities such as
walking, stair climbing and ramp walking. Lencioni et al. [68] created a database
containing 50 able-bodied subjects, performing gait-related activities, such as walking,
stair walking and walking on toes and heels. These studies provide valuable data sets
for the research community to use, to gain more insight into human mechanics of
the lower limb and also move the field towards data-driven applications.

Important to note is that in most of these data sets the subjects did not transition
freely from one activity to the next, except for the database by Hu et al. [65]. These
free transitions are required for a more realistic data set, closely matching a daily life
setting. Realistic data is necessary for developing methods that can be used in home
environments and contain variability that can be expected during daily use. Next

28

Methods

to that, no database contained multi-array EMG, although these grids of electrodes
could give more meaningful insight into human motor function and enables more
complex analyses methods [19, 24].

In this work we present the Roessingh Research & Development-MyLeg database
for activity prediction (MyPredict). The general aim of this database is to promote
research in data-driven intent recognition strategies and activity prediction strategies
in the lower-limb using electromyography and to promote research and development
in the area ofmulti-array EMG in the lower limb. The database contains three data sets,
each containing kinematics and EMG from able-bodied subjects. In total 55 subjects
participated over 85 measurement sessions. Each data set contained a different EMG
measuring protocol containing either traditional bipolar EMG or multi-array EMG
or a combination of both. T In these data sets the subjects transitioned freely from
one activity to the next, providing challenging data sets for activity recognition and
providing the possibility to investigate human kinematics and EMG during gait-related
activities. It should be kept in mind that this database consists of young able-bodied
individuals. However, this database might provide a meaningful starting point for
analyses into for instance activity recognition during gait-related activities.

Methods
Materials
In each data set lower body kinematics were collected using an MVN Link suit (Xsens,
Enschede, The Netherlands), which uses eight inertial measurement units (IMUs) to
reconstruct lower body movement at 240Hz. IMUs were placed on the feet, lower
legs, upper legs, pelvis and sternum. Details on the exact anatomical placement of
IMUs are available in the documentation provided by Xsens [69]. Recorded kinemat-
ics were 3D acceleration and angular velocity per sensor, 3D reconstructed lumbar,
pelvic, hip, knee and ankle angle and 3D virtual marker positions. The acceleration
in the data set is so-called sensor-free acceleration, which means that the gravity
component is subtracted. EMG was recorded using three measurement systems
and four different configurations were used, which are outlined below. Bipolar EMG
placement was done according to SENIAM guidelines [70]. An overview of the used
measurement systems per dataset is shown in table 3.1. The sensor locations are in-
dicated in figure 3.2. Kinematics collected by the MVN link suit and the EMG collected
by the measurement systems were time synchronized and resampled to 1000Hz.
Synchronization between various measurement systems was performed using a vali-
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dated synchronization method based on acceleration cross-correlation [71]. Marker
positions were resampled to 100Hz to reduce file size. The used software for Xsens
recordings was MVN Analyze v2019 [69].

MyPredict 1
MyPredict 1 only contained bipolar EMG. Bipolar EMG was collected for MyPredict 1
using Trigno electrodes (Delsys, Boston, US) at a sample frequency of 1000Hz. The
measured muscles were the gluteus maximus (Gmax), rectus femoris (RF), vastus
lateralis (VL), biceps femoris (BF), semitendinosus (ST), tibialis anterior (TA) and
gastrocnemius medialis (GM) and the gluteus medius (Gmed). EMG acquisition
software was a custom MATLAB script using MATLAB 2017a [72].

MyPredict 2
MyPredict 2 only contained multi-array EMG. Multi-array EMG signals for MyPredict 2
were recorded using the Sessantaquattro (Bioelettronica, Turin, Italy) with two EMG
grids (GR10MM0804) in a 4x8 configuration and an inter-electrode distance of 10mm
at a sample frequency of 2000Hz, see figure 3.1A. The software for multi-array EMG
acquisition was OTBiolab+ v1 [73].

A B

Figure 3.1: Multi-array EMG grids used in MyPredict 2 (A) MyPredict 3 (B). The bipolar EMG and Xsens
IMU are also visible in (B). MyPredict 1 did not contain multi-array EMG.
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MyPredict 3
MyPredict 3 contained multi-array EMG and bipolar EMG. Bipolar EMG for MyPredict
3 was acquired using the Wave electrodes (Cometa Systems, Bareggio, Italy) at a
sampling frequency of 2000 Hz. The measured muscles using bipolar EMG were
the Gmax, RF, VL, BF, ST, TA, GM and the adductor magnus (AM). Multi-array EMG
was recorded with the Sessantaquattro (Bioelettronica, Turin, Italy) at a sampling
frequency of 2000Hz and a custom-made grid of 4x16 electrodes with an interelec-
trode distance of approximately 20 mm. The grid covered the upper leg, spanning
from the vastus lateralis to the aductor magnus and ending at the biceps femoris
at the back, see also figure 3.1B. The software for multi-array EMG acquisition was
OTBiolab+ v1 [73] and the software for bipolar EMG acquisition was EMG and Motion
tools v7 [74].

Table 3.1: An overview of MyPredict 1-3. Top: used measurement systems and measurement set-ups,
bottom: subject characteristics.

MyPredict 1 MyPredict 2 MyPredict 3

Kinematics Xsens, 240Hz Xsens, 240Hz Xsens, 240Hz
Bipolar EMG Delsys Trigno, 1000Hz - Cometa Wave, 2000Hz
Bipolar muscles Gmax, RF, VL, BF, - Gmax, RF, VL, BF,

ST, TA, GM, Gmed ST, TA, GM, AM
Multi-array EMG - Sessantaquattro, 2000Hz Sessantaquattro, 2000Hz
Grid - front/back 4x8 ied 10mm 4x16, ied 20mm

Subjects 10 35 10
- No. moments 1 1 4
- Sex (male/female) 7/3 14/21 4/6
- Age (years) 24 ±2 23 ±2 24 ±2
- Weight (kg) 77 ±10 73 ±11 71 ±9
- Height (cm) 183 ±9 179 ±9 174 ±6

Protocols
Ethical Statement
The data collection protocols were reviewed and approved by Medical research
Ethics Committees United (MEC-U) Nieuwegein, the Netherlands, with trial number
NL67247.044.18. The participants provided their written informed consent before
inclusion in the studies.
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dated synchronization method based on acceleration cross-correlation [71]. Marker
positions were resampled to 100Hz to reduce file size. The used software for Xsens
recordings was MVN Analyze v2019 [69].

MyPredict 1
MyPredict 1 only contained bipolar EMG. Bipolar EMG was collected for MyPredict 1
using Trigno electrodes (Delsys, Boston, US) at a sample frequency of 1000Hz. The
measured muscles were the gluteus maximus (Gmax), rectus femoris (RF), vastus
lateralis (VL), biceps femoris (BF), semitendinosus (ST), tibialis anterior (TA) and
gastrocnemius medialis (GM) and the gluteus medius (Gmed). EMG acquisition
software was a custom MATLAB script using MATLAB 2017a [72].

MyPredict 2
MyPredict 2 only contained multi-array EMG. Multi-array EMG signals for MyPredict 2
were recorded using the Sessantaquattro (Bioelettronica, Turin, Italy) with two EMG
grids (GR10MM0804) in a 4x8 configuration and an inter-electrode distance of 10mm
at a sample frequency of 2000Hz, see figure 3.1A. The software for multi-array EMG
acquisition was OTBiolab+ v1 [73].

A B

Figure 3.1: Multi-array EMG grids used in MyPredict 2 (A) MyPredict 3 (B). The bipolar EMG and Xsens
IMU are also visible in (B). MyPredict 1 did not contain multi-array EMG.
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MyPredict 3
MyPredict 3 contained multi-array EMG and bipolar EMG. Bipolar EMG for MyPredict
3 was acquired using the Wave electrodes (Cometa Systems, Bareggio, Italy) at a
sampling frequency of 2000 Hz. The measured muscles using bipolar EMG were
the Gmax, RF, VL, BF, ST, TA, GM and the adductor magnus (AM). Multi-array EMG
was recorded with the Sessantaquattro (Bioelettronica, Turin, Italy) at a sampling
frequency of 2000Hz and a custom-made grid of 4x16 electrodes with an interelec-
trode distance of approximately 20 mm. The grid covered the upper leg, spanning
from the vastus lateralis to the aductor magnus and ending at the biceps femoris
at the back, see also figure 3.1B. The software for multi-array EMG acquisition was
OTBiolab+ v1 [73] and the software for bipolar EMG acquisition was EMG and Motion
tools v7 [74].

Table 3.1: An overview of MyPredict 1-3. Top: used measurement systems and measurement set-ups,
bottom: subject characteristics.

MyPredict 1 MyPredict 2 MyPredict 3

Kinematics Xsens, 240Hz Xsens, 240Hz Xsens, 240Hz
Bipolar EMG Delsys Trigno, 1000Hz - Cometa Wave, 2000Hz
Bipolar muscles Gmax, RF, VL, BF, - Gmax, RF, VL, BF,

ST, TA, GM, Gmed ST, TA, GM, AM
Multi-array EMG - Sessantaquattro, 2000Hz Sessantaquattro, 2000Hz
Grid - front/back 4x8 ied 10mm 4x16, ied 20mm

Subjects 10 35 10
- No. moments 1 1 4
- Sex (male/female) 7/3 14/21 4/6
- Age (years) 24 ±2 23 ±2 24 ±2
- Weight (kg) 77 ±10 73 ±11 71 ±9
- Height (cm) 183 ±9 179 ±9 174 ±6

Protocols
Ethical Statement
The data collection protocols were reviewed and approved by Medical research
Ethics Committees United (MEC-U) Nieuwegein, the Netherlands, with trial number
NL67247.044.18. The participants provided their written informed consent before
inclusion in the studies.
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Figure 3.2: Sensor locations of the different modalities. Xsens IMUs are indicated in orange, the
bipolar EMG (MP1 and MP3) are indicated in blue. Note that for MP3 the bipolar EMG locations differed
slightly on the right leg, as the MP3 EMG multi-array grid (indicated in yellow) was positioned there as
well. The multi-array grids front and back (MP2) are indicated in green.

MyPredict 1
10 able-bodied subjects (sex: 7m, 3f; age: 24±2 years; weight: 77±10 kg; height:
183±9 cm) participated in this part of the study. Measurements were conducted at
theWearable Robotics Lab of the University of Twente, using obstacles constructed for
the Cybathlon by the Department of Biomechanical Engineering. Obstacles used were
the stairs (rise 17 cm, run 28 cm), ramp with two different slopes (15 and 20 degrees)
and uneven terrain consisting of stepping stones on a surface, see also figure 3.3.
Forty trials were conducted per subject. A trial consisted of sitting, standing, walking,
stair ascent, walking, stair descent, walking, ramp ascent, walking, ramp descent,
walking, walking on uneven terrain, walking in confined spaces, walking, standing and
sitting. Confined spaces consisted of the subject taking small steps in all directions,
i.e. forwards, backwards, sidesteps to left or right, diagonally forwards, backwards
to either left or right. Subjects walked at their own preferred speed and after ten
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trials a small break was administered to avoid fatigue and check sensor placement.
Each trial had a duration of around 1.5 minutes. Total measurement time including
subject preparation, sensor placement and calibration was around two hours.

A B

Figure 3.3: Obstacles used in MyPredict 1. (A) Ramps and stairs (image taken from Schulte et al. [75])
and (B) uneven terrain.

MyPredict 2
35 able-bodied subjects (sex: 14m, 21f; age: 23±2 years; weight: 73±11 kg; height:
179±9 cm) participated in this part of the study. To have more life-like data, measure-
ments were conducted partly in a lab, but also outside. All measurements took place
in and around Roessingh Research & Development, Enschede, The Netherlands. Each
subject performed five types of trials in the same order:

• Uneven terrain I A trial consisted of sitting on a bench, standing up, walking
on level ground, walking on grass, standing still and walking back and sitting
down. See also figure 3.4A.

• Stairs Subject sat on a stair, stood up, walked to the stairs, ascended two flights
of stairs, one consisting of eleven steps, the other of nine steps. Hereafter the
subject stood still, turned around and descended the stairs, walked to the chair
and sat down again.

• Ramp The trial started with ascending a staircase with seven steps, reaching a
plateau and descending a ramp (10 degrees) which continued into a steeper
ramp (15 degrees) after three meters. The subject stood still at the end of the
ramp, turned around and ascended the ramp. Hereafter the subject descended
on the stairs and turned around to start the trial again. See also figure 3.4B.
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Figure 3.2: Sensor locations of the different modalities. Xsens IMUs are indicated in orange, the
bipolar EMG (MP1 and MP3) are indicated in blue. Note that for MP3 the bipolar EMG locations differed
slightly on the right leg, as the MP3 EMG multi-array grid (indicated in yellow) was positioned there as
well. The multi-array grids front and back (MP2) are indicated in green.

MyPredict 1
10 able-bodied subjects (sex: 7m, 3f; age: 24±2 years; weight: 77±10 kg; height:
183±9 cm) participated in this part of the study. Measurements were conducted at
theWearable Robotics Lab of the University of Twente, using obstacles constructed for
the Cybathlon by the Department of Biomechanical Engineering. Obstacles used were
the stairs (rise 17 cm, run 28 cm), ramp with two different slopes (15 and 20 degrees)
and uneven terrain consisting of stepping stones on a surface, see also figure 3.3.
Forty trials were conducted per subject. A trial consisted of sitting, standing, walking,
stair ascent, walking, stair descent, walking, ramp ascent, walking, ramp descent,
walking, walking on uneven terrain, walking in confined spaces, walking, standing and
sitting. Confined spaces consisted of the subject taking small steps in all directions,
i.e. forwards, backwards, sidesteps to left or right, diagonally forwards, backwards
to either left or right. Subjects walked at their own preferred speed and after ten
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trials a small break was administered to avoid fatigue and check sensor placement.
Each trial had a duration of around 1.5 minutes. Total measurement time including
subject preparation, sensor placement and calibration was around two hours.
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Figure 3.3: Obstacles used in MyPredict 1. (A) Ramps and stairs (image taken from Schulte et al. [75])
and (B) uneven terrain.

MyPredict 2
35 able-bodied subjects (sex: 14m, 21f; age: 23±2 years; weight: 73±11 kg; height:
179±9 cm) participated in this part of the study. To have more life-like data, measure-
ments were conducted partly in a lab, but also outside. All measurements took place
in and around Roessingh Research & Development, Enschede, The Netherlands. Each
subject performed five types of trials in the same order:

• Uneven terrain I A trial consisted of sitting on a bench, standing up, walking
on level ground, walking on grass, standing still and walking back and sitting
down. See also figure 3.4A.

• Stairs Subject sat on a stair, stood up, walked to the stairs, ascended two flights
of stairs, one consisting of eleven steps, the other of nine steps. Hereafter the
subject stood still, turned around and descended the stairs, walked to the chair
and sat down again.

• Ramp The trial started with ascending a staircase with seven steps, reaching a
plateau and descending a ramp (10 degrees) which continued into a steeper
ramp (15 degrees) after three meters. The subject stood still at the end of the
ramp, turned around and ascended the ramp. Hereafter the subject descended
on the stairs and turned around to start the trial again. See also figure 3.4B.
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• Uneven terrain II This path consisted of uneven terrains found in the street.
First the subject needed to come over a speed bump and hereafter walk on
level ground towards the first type of cobblestones. This terrain consisted of
small square stones which were slightly uneven. The subject crossed these
cobblestones and walked onto the cobblestones consisting of unevenly laid
Belgian blocks. After passing these cobblestones, the subject turned around
and walked back over all types of terrains and repeated the trial. See also
figure 3.4C.

• Confined spaces The subject lay on a bed, stood up and walked towards
confined spaces set-up. The subject took small steps in all directions, i.e.
forwards, backwards, sidesteps to left or right, diagonally forwards, backwards
to either left or right.

A B C

Figure 3.4: Some of the obstacles used in MyPredict 2. (A) Grass of the uneven terrain trial, (B)
stairs/ramp combination and (C) Uneven terrain II. For uneven terrain II the trial started at the speed
bump (top of the image), hereafter two types of cobblestones had to be crossed.

Between the trials the subject walked to each location and this data were recorded as
well. Each trial was conducted ten times, with a total measurement time of around
two hours, including subject preparation, sensor placement and calibration.

MyPredict 3
10 able-bodied subjects (sex: 4m, 6f; age: 24±2 years; weight: 71±9 kg; height:
174±6 cm) participated in this part of the study. Data were collected at Roessingh
Research & Development, Enschede, the Netherlands. Each subject was measured
four times: three measurements were conducted on three subsequent days on day
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1, 2 and 3 and the last measurement was three days later on day 7. The subjects
were measured during the same time slot on each day. Each measurement included
the same activities. Before each measurement the maximal voluntary contraction of
each muscle was measured to be used for EMG normalization.

The subjects were asked to perform a circuit of activities, including level-ground
walking, stair ascent/descent (rise 20 cm, run 20 cm), ramp ascent/descent (10 de-
grees), sit-stand motions and non-weight-bearing activities on a stool. The subject
had to sit on a stool and lift one leg off the ground (knee approximately 90 degrees).
Then, the subject had to fully extend its knee while keeping its foot perpendicular
to its lower leg. After, the subject performed maximal plantar flexion of the ankle,
followed by maximal dorsiflexion. The knee was then brought back to a knee angle
of approximately 90 degrees. Then, only knee extension and flexion needed to be
performed. Lastly, only ankle plantar- and dorsiflexion needed to be performed while
keeping the knee angle at 90 degrees. After, the foot was set down on the ground and
the routine was repeated with the other leg. Hereafter the subject stood up, walked,
ascended the stairs, walked, descended the ramp, walked, turned around, walked
back to the ramp, ascended the ramp, walked, descended the stairs, walked and
sat down again. This circuit performed twenty times. Then, the routine was slightly
changed for another twenty circuits: the subject had to first perform ankle plantar-
and dorsiflexion, then the combination of both knee and ankle, and finish off with
only knee extension and flexion. Remaining activities did not change in order. Total
measurement time including subject preparation, sensor placement and calibration
was around three hours per measurement day.

Maximum Voluntary Contraction for EMG normalization
To normalize EMGwe recorded amaximum voluntary contraction (MVC) as well, which
is based on the recommendations by Rutherford et al. [77]. The main difference is
that we performed the contractions while standing instead of sitting. These MVCs
were recorded for the bipolar EMG of MyPredict 1 and MyPredict 3. No MVCs were
recorded during the MyPredict 2 measurements. During the MVCs the subject was
standing upright, using a wall or pole for balance and was asked to perform the
following exercises, for a duration of five seconds:

• RF-VL: The hip and knee were flexed to approximately 90 degrees. The observer
placed its hands on the anterior side of the lower leg, just above the ankle,
and applied resistance. The subject tried to extend his or her knee, against the
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• Uneven terrain II This path consisted of uneven terrains found in the street.
First the subject needed to come over a speed bump and hereafter walk on
level ground towards the first type of cobblestones. This terrain consisted of
small square stones which were slightly uneven. The subject crossed these
cobblestones and walked onto the cobblestones consisting of unevenly laid
Belgian blocks. After passing these cobblestones, the subject turned around
and walked back over all types of terrains and repeated the trial. See also
figure 3.4C.

• Confined spaces The subject lay on a bed, stood up and walked towards
confined spaces set-up. The subject took small steps in all directions, i.e.
forwards, backwards, sidesteps to left or right, diagonally forwards, backwards
to either left or right.
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Figure 3.4: Some of the obstacles used in MyPredict 2. (A) Grass of the uneven terrain trial, (B)
stairs/ramp combination and (C) Uneven terrain II. For uneven terrain II the trial started at the speed
bump (top of the image), hereafter two types of cobblestones had to be crossed.

Between the trials the subject walked to each location and this data were recorded as
well. Each trial was conducted ten times, with a total measurement time of around
two hours, including subject preparation, sensor placement and calibration.

MyPredict 3
10 able-bodied subjects (sex: 4m, 6f; age: 24±2 years; weight: 71±9 kg; height:
174±6 cm) participated in this part of the study. Data were collected at Roessingh
Research & Development, Enschede, the Netherlands. Each subject was measured
four times: three measurements were conducted on three subsequent days on day
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1, 2 and 3 and the last measurement was three days later on day 7. The subjects
were measured during the same time slot on each day. Each measurement included
the same activities. Before each measurement the maximal voluntary contraction of
each muscle was measured to be used for EMG normalization.

The subjects were asked to perform a circuit of activities, including level-ground
walking, stair ascent/descent (rise 20 cm, run 20 cm), ramp ascent/descent (10 de-
grees), sit-stand motions and non-weight-bearing activities on a stool. The subject
had to sit on a stool and lift one leg off the ground (knee approximately 90 degrees).
Then, the subject had to fully extend its knee while keeping its foot perpendicular
to its lower leg. After, the subject performed maximal plantar flexion of the ankle,
followed by maximal dorsiflexion. The knee was then brought back to a knee angle
of approximately 90 degrees. Then, only knee extension and flexion needed to be
performed. Lastly, only ankle plantar- and dorsiflexion needed to be performed while
keeping the knee angle at 90 degrees. After, the foot was set down on the ground and
the routine was repeated with the other leg. Hereafter the subject stood up, walked,
ascended the stairs, walked, descended the ramp, walked, turned around, walked
back to the ramp, ascended the ramp, walked, descended the stairs, walked and
sat down again. This circuit performed twenty times. Then, the routine was slightly
changed for another twenty circuits: the subject had to first perform ankle plantar-
and dorsiflexion, then the combination of both knee and ankle, and finish off with
only knee extension and flexion. Remaining activities did not change in order. Total
measurement time including subject preparation, sensor placement and calibration
was around three hours per measurement day.

Maximum Voluntary Contraction for EMG normalization
To normalize EMGwe recorded amaximum voluntary contraction (MVC) as well, which
is based on the recommendations by Rutherford et al. [77]. The main difference is
that we performed the contractions while standing instead of sitting. These MVCs
were recorded for the bipolar EMG of MyPredict 1 and MyPredict 3. No MVCs were
recorded during the MyPredict 2 measurements. During the MVCs the subject was
standing upright, using a wall or pole for balance and was asked to perform the
following exercises, for a duration of five seconds:

• RF-VL: The hip and knee were flexed to approximately 90 degrees. The observer
placed its hands on the anterior side of the lower leg, just above the ankle,
and applied resistance. The subject tried to extend his or her knee, against the
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A B C

Figure 3.5: Measurement set-up of MyPredict 3. Trials started with non-weight bearing activities
where the subject was seated on a stool (A) (taken from Schulte et al. [76]), hereafter the subject had to
cross the stair/ramp combination from both sides, shown in (B) without subject and in (C) with subject.

resistance of the observer, keeping the upper leg in the same position.
• BF-ST: The same initial setup as RF-VL. The observer placed a hand on the
posterior side of lower leg, just above the ankle, and applied resistance.

• AM: One foot was lifted off the ground. The knee was fully extended and the
observer placed hands just above the knee, on the medial side of the leg. The
subject tried to pull his or her leg medially to the other leg whilst the observer
exerted lateral resistance.

• Gmed: One foot was lifted off the ground. The knee was fully extended and the
observer placed hands just above the knee, on the lateral side of the leg. The
subject tried to push his or her leg laterally to the other leg whilst the observer
exerted resistance.

• Gmax: One foot was lifted off the ground and the knee was fully extended.
The observer placed his or her hands just below the knee, on the anterior side
of the lower leg. The subject performed hip extension against the resistance.

• TA: The hip and knee were flexed to approximately 90 degrees. The observer
places its hands on top of the toes. The subject performed dorsiflexion.

• GM: Subject flexes its hip and knee to approximately 90 degrees. The observer
places its hands under the toes. The subject performed plantar flexion.

It is important to keep in mind that no standard exist for performing MVCs [78]
and many possible ways of normalizing exist. In hindsight these MVCs could have
been performed differently, preferably while the subject was seated or laying down.
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EMG in this work was normalized using the peak dynamic method, similar to Bovi et al.
[64]. The advantage of this method is that it does not require additional procedures
and could also be used for non able-bodied subjects.

Data Records
Data are stored in the 4TU repository available at doi.org/10.4121/c.6128343.
For each subject a separate HDF5 file [79] was created. These files contain the mea-
surement moment named ‘Day_X’ with X the number of the measurement moment.
Inside these measurement moments there are files called ‘Trial_YY’, with YY the trial
number, containing the different data types and ‘MVC’ containing the EMG maximum
voluntary contractions of each measurement moment. Note that only MyPredict 3
contains multiple measurement moments per subject.

The different data types are acceleration (Acc), angular velocity (Gyr), joint angles
(Ang), Orientation (Ori) and electromyography (EMG). Inside each file there are trials
containing data arrays with the corresponding data. Data arrays are named as follows:
Type_Side_Loc. Type is one of the six data types, Loc is the location of the sensor and
Side is the side of the location, either Left, Right or empty. For example Ang_Right_-
Knee contains the 3D joint angles of the knee, Gyr_Pelvis contains the 3D angular
velocity of the pelvis IMU and EMG_Left_VL contains the EMG data of the left vastus
lateralis. Orientation is the orientation of the pelvis in space, expressed in Euler
angles. Separate data types are ’Labels’, which contains manual placed activity labels
for each timestamp and ’Time’ which indicates the timestamps per file. Marker data
(Mrk) are stored in a separate group, ‘Markers’ with their own ‘Time’ array, as they
have a different sample frequency (100Hz) compared to the other data types (1000Hz).
An overview of all data types and locations is shown in table 3.2.

The metadata of the subjects as shown in table 3.1 is stored in the HDF5 files as
well. These are height, weight and age of the subject during the measurement.

Technical Validation
To validate the quality of our data sets we investigated the gait cycle averages for the
gait-related activities, as shown in figure 3.6 for joint angles and in figure 3.7 for EMG.
Initial contacts were determined using the sagittal angular velocity of the shank, as
described by Maqbool et al. [80]. Hip flexion, knee flexion and ankle dorsiflexion are
defined as a positive value in figure 3.6. EMG was normalized using the peak dynamic
method [81], similar to Bovi et al. [64]. Per measurement session the maximum
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Figure 3.5: Measurement set-up of MyPredict 3. Trials started with non-weight bearing activities
where the subject was seated on a stool (A) (taken from Schulte et al. [76]), hereafter the subject had to
cross the stair/ramp combination from both sides, shown in (B) without subject and in (C) with subject.

resistance of the observer, keeping the upper leg in the same position.
• BF-ST: The same initial setup as RF-VL. The observer placed a hand on the
posterior side of lower leg, just above the ankle, and applied resistance.

• AM: One foot was lifted off the ground. The knee was fully extended and the
observer placed hands just above the knee, on the medial side of the leg. The
subject tried to pull his or her leg medially to the other leg whilst the observer
exerted lateral resistance.

• Gmed: One foot was lifted off the ground. The knee was fully extended and the
observer placed hands just above the knee, on the lateral side of the leg. The
subject tried to push his or her leg laterally to the other leg whilst the observer
exerted resistance.

• Gmax: One foot was lifted off the ground and the knee was fully extended.
The observer placed his or her hands just below the knee, on the anterior side
of the lower leg. The subject performed hip extension against the resistance.

• TA: The hip and knee were flexed to approximately 90 degrees. The observer
places its hands on top of the toes. The subject performed dorsiflexion.

• GM: Subject flexes its hip and knee to approximately 90 degrees. The observer
places its hands under the toes. The subject performed plantar flexion.

It is important to keep in mind that no standard exist for performing MVCs [78]
and many possible ways of normalizing exist. In hindsight these MVCs could have
been performed differently, preferably while the subject was seated or laying down.
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[64]. The advantage of this method is that it does not require additional procedures
and could also be used for non able-bodied subjects.

Data Records
Data are stored in the 4TU repository available at doi.org/10.4121/c.6128343.
For each subject a separate HDF5 file [79] was created. These files contain the mea-
surement moment named ‘Day_X’ with X the number of the measurement moment.
Inside these measurement moments there are files called ‘Trial_YY’, with YY the trial
number, containing the different data types and ‘MVC’ containing the EMG maximum
voluntary contractions of each measurement moment. Note that only MyPredict 3
contains multiple measurement moments per subject.

The different data types are acceleration (Acc), angular velocity (Gyr), joint angles
(Ang), Orientation (Ori) and electromyography (EMG). Inside each file there are trials
containing data arrays with the corresponding data. Data arrays are named as follows:
Type_Side_Loc. Type is one of the six data types, Loc is the location of the sensor and
Side is the side of the location, either Left, Right or empty. For example Ang_Right_-
Knee contains the 3D joint angles of the knee, Gyr_Pelvis contains the 3D angular
velocity of the pelvis IMU and EMG_Left_VL contains the EMG data of the left vastus
lateralis. Orientation is the orientation of the pelvis in space, expressed in Euler
angles. Separate data types are ’Labels’, which contains manual placed activity labels
for each timestamp and ’Time’ which indicates the timestamps per file. Marker data
(Mrk) are stored in a separate group, ‘Markers’ with their own ‘Time’ array, as they
have a different sample frequency (100Hz) compared to the other data types (1000Hz).
An overview of all data types and locations is shown in table 3.2.

The metadata of the subjects as shown in table 3.1 is stored in the HDF5 files as
well. These are height, weight and age of the subject during the measurement.

Technical Validation
To validate the quality of our data sets we investigated the gait cycle averages for the
gait-related activities, as shown in figure 3.6 for joint angles and in figure 3.7 for EMG.
Initial contacts were determined using the sagittal angular velocity of the shank, as
described by Maqbool et al. [80]. Hip flexion, knee flexion and ankle dorsiflexion are
defined as a positive value in figure 3.6. EMG was normalized using the peak dynamic
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Table 3.2: An overview of the various data types and locations of placement. Each saved variable
is named according to the structure Type_Side_Location. Exception are Label, containing the activity
labels and Time, which contains an array of timestamps, to be used for file synchronization.

Type Side Location

Acc, Gyr Left, Right Thigh, Shank, Foot
Acc, Gyr Pelvis, T8
Ang Left, Right Hip, Knee, Ankle
Ang L5S1, Pelvis
EMG Left, Right RF, VL, ST, BF, GMax, TA, GM, Gmed (MP1), AM (MP3)
EMG Right MA (Multi-array grid, 4x16 (MP3))

MA_f (Multi-array grid front RF/VL 4x8 (MP2))
MA_b (Multi-array grid back BF/ST 4x8 (MP2))

Mrk Left, Right ASI, Acromion, FifthMetatarsal, FirstMetatarsal, GreaterTrochanter, HeelFoot
KneeLatEpicondyle, KneeMedEpicondyle, LatMalleolus, MedMalleolus, Toe

Mrk C7SpinalProcess, IJ, Sacrum, T12SpinalProcess, T4SpinalProcess
Label
Time

activation during overground walking was determined and this value was used for
normalization.

Comparison with other data sets
We compared our data with the data set described by Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65]. Kinematics were measured using the MVN Link suit by Xsens
(Enschede, The Netherlands). Xsens have shown to be capable of measuring human
kinematics with excellent correlation compared with optical motion trackers [69, 82].
In figure 3.8 average joint angles are shown for overground walking of the different
data sets. No data was collected by Hu et al. [65] for the hip joint. Correlation
coefficients for the hip flexion/extension angle were 0.99 with Bovi Bovi et al. [64]
and 0.98 with Camargo et al. [66]. For knee flexion/extension angle the correlation
coefficients were 0.99, 0.94, 0.95 compared with Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65] respectively. For ankle plantar/dorsiflexion the correlation
coefficients were 0.96, 0.88 and 0.72 compared with Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65] respectively. Note that there is a offset between the ankle
angle measured by Bovi et al. [64] due to a different definition for the ankle angle.
The joint angles in this work show excellent correlation with joint angles measured
using an optical motion tracking system. Next to that, the hip and knee angle show
excellent correlation compared with wearable motion tracking and strong correlation
for the ankle.
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For EMG the correlation coefficient per muscle can be found in table 3.3. It can
be seen that EMG shows excellent correlation with the online available data sets
as well. These correlations were 0.86-0.95 compared with Bovi et al. [64], 0.72-0.98
compared with Camargo et al. [66] and 0.82-0.96 compared with Hu et al. [65].

Figure 3.6: Average joint angles of the hip, knee and ankle in sagittal plane of all subjects during
walking, stair ascent, stair descent, ramp ascent and ramp descent. Gait cycles are from initial contact
to initial contact.

Table 3.3: Correlation coefficients for EMG in the MyPredict data set compared with the data collected
by Camargo et al. [66], Hu et al. [65] and Bovi et al. [64] during overground walking. Not each online
data set measured the same muscles, so certain comparisons have not been made. *NB: The data set
by Bovi et al. [64] did not contain data of the vastus lateralis, so we compared EMG from the vastus
lateralis from the MyPredict data set with the EMG of the vastus medialis measured by Bovi et al. [64]
as it can be expected that the vastus lateralis and medialis will have similar activity during overground
walking.

Data set Gmax Gmed RF VL BF ST AM TA GM

Camargo et al. [66] 0.72 0.97 0.95 0.89 0.88 0.94 0.98
Hu et al. [65] 0.94 0.93 0.95 0.96 0.82 0.94
Bovi et al. [64] 0.88 0.93 0.95* 0.95 0.86 0.98

39



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 47PDF page: 47PDF page: 47PDF page: 47

Ch
ap

te
r 3

Chapter 3. Database of lower limb kinematics and EMG

Table 3.2: An overview of the various data types and locations of placement. Each saved variable
is named according to the structure Type_Side_Location. Exception are Label, containing the activity
labels and Time, which contains an array of timestamps, to be used for file synchronization.

Type Side Location

Acc, Gyr Left, Right Thigh, Shank, Foot
Acc, Gyr Pelvis, T8
Ang Left, Right Hip, Knee, Ankle
Ang L5S1, Pelvis
EMG Left, Right RF, VL, ST, BF, GMax, TA, GM, Gmed (MP1), AM (MP3)
EMG Right MA (Multi-array grid, 4x16 (MP3))

MA_f (Multi-array grid front RF/VL 4x8 (MP2))
MA_b (Multi-array grid back BF/ST 4x8 (MP2))

Mrk Left, Right ASI, Acromion, FifthMetatarsal, FirstMetatarsal, GreaterTrochanter, HeelFoot
KneeLatEpicondyle, KneeMedEpicondyle, LatMalleolus, MedMalleolus, Toe

Mrk C7SpinalProcess, IJ, Sacrum, T12SpinalProcess, T4SpinalProcess
Label
Time

activation during overground walking was determined and this value was used for
normalization.

Comparison with other data sets
We compared our data with the data set described by Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65]. Kinematics were measured using the MVN Link suit by Xsens
(Enschede, The Netherlands). Xsens have shown to be capable of measuring human
kinematics with excellent correlation compared with optical motion trackers [69, 82].
In figure 3.8 average joint angles are shown for overground walking of the different
data sets. No data was collected by Hu et al. [65] for the hip joint. Correlation
coefficients for the hip flexion/extension angle were 0.99 with Bovi Bovi et al. [64]
and 0.98 with Camargo et al. [66]. For knee flexion/extension angle the correlation
coefficients were 0.99, 0.94, 0.95 compared with Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65] respectively. For ankle plantar/dorsiflexion the correlation
coefficients were 0.96, 0.88 and 0.72 compared with Bovi et al. [64], Camargo et al.
[66] and Hu et al. [65] respectively. Note that there is a offset between the ankle
angle measured by Bovi et al. [64] due to a different definition for the ankle angle.
The joint angles in this work show excellent correlation with joint angles measured
using an optical motion tracking system. Next to that, the hip and knee angle show
excellent correlation compared with wearable motion tracking and strong correlation
for the ankle.

38

Technical Validation

For EMG the correlation coefficient per muscle can be found in table 3.3. It can
be seen that EMG shows excellent correlation with the online available data sets
as well. These correlations were 0.86-0.95 compared with Bovi et al. [64], 0.72-0.98
compared with Camargo et al. [66] and 0.82-0.96 compared with Hu et al. [65].

Figure 3.6: Average joint angles of the hip, knee and ankle in sagittal plane of all subjects during
walking, stair ascent, stair descent, ramp ascent and ramp descent. Gait cycles are from initial contact
to initial contact.

Table 3.3: Correlation coefficients for EMG in the MyPredict data set compared with the data collected
by Camargo et al. [66], Hu et al. [65] and Bovi et al. [64] during overground walking. Not each online
data set measured the same muscles, so certain comparisons have not been made. *NB: The data set
by Bovi et al. [64] did not contain data of the vastus lateralis, so we compared EMG from the vastus
lateralis from the MyPredict data set with the EMG of the vastus medialis measured by Bovi et al. [64]
as it can be expected that the vastus lateralis and medialis will have similar activity during overground
walking.

Data set Gmax Gmed RF VL BF ST AM TA GM

Camargo et al. [66] 0.72 0.97 0.95 0.89 0.88 0.94 0.98
Hu et al. [65] 0.94 0.93 0.95 0.96 0.82 0.94
Bovi et al. [64] 0.88 0.93 0.95* 0.95 0.86 0.98

39



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 48PDF page: 48PDF page: 48PDF page: 48

Chapter 3. Database of lower limb kinematics and EMG

Figure 3.7: Average EMG profiles during overground walking of the bipolar EMG collected in MyPredict
1 and MyPredict 3. EMG is normalized using the peak dynamic method over all strides per subject. Gait
cycles are from initial contact to initial contact. Gmed was only measured in MyPredict 1 and the AM
was only measured in MyPredict 3.

Code availability
The scripts that facilitate re-use of the data can be found in the GitHub reposi-
tory github.com/Rvs94/MyPredict. These scripts were developed and written in
Python 3.9. All required software packages are open-source and available online.
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Code availability

Figure 3.8: Hip, knee and ankle angles in the sagittal plane during overground walking compared with
the data collected by Camargo et al. [66], Hu et al. [65] and Bovi et al. [64]
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Code availability

Figure 3.8: Hip, knee and ankle angles in the sagittal plane during overground walking compared with
the data collected by Camargo et al. [66], Hu et al. [65] and Bovi et al. [64]
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Chapter 4

Genetic algorithm for feature selection in
lower limb pattern recognition

Abstract
Choosing the right features is important to optimize lower-limb pattern recognition,
such as in prosthetic control. EMG signals are noisy in nature, which makes it more
challenging to extract useful information. Many features are used in literature, which
raises the question of which features aremost suited for use in lower-limbmyoelectric
control. Therefore, it is important to find combinations of best performing features.
One way to achieve this is by using a genetic algorithm, a meta-heuristic capable
of searching vast feature spaces. The goal of this research is to demonstrate the
capabilities of a genetic algorithm and come up with a feature set that has a better
performance compared with state of the art. In this study we collected a data set
containing ten able-bodied subjects who performed various gait related activities,
while measuring EMG and kinematics. The genetic algorithm selected features based
on the performance on the training partition of this data set. The selected feature
sets were evaluated on the remaining test set and on the online benchmark data
set ENABL3S, against a state-of-the-art feature set. Results show that a feature set
based on the selected features of a genetic algorithm outperforms state of the art.
The overall error decreased up to 0.54% and the transitional error by 2.44%, which
represents a relative decrease in overall errors up to 11.6% and transitional errors
up to 14.1%, although these results were not significant. This study showed that a
genetic algorithm is capable of searching a large feature space and that systematic
feature selection shows promising results for lower-limb myoelectric control.

Published as: R.V. Schulte, E.C. Prinsen, H.J. Hermens and J.H. Buurke. Genetic Algorithm for Feature Selection in

Lower Limb Pattern Recognition (2021). Frontiers in Robotics and AI, doi: 10.3389/frobt.2021.710806
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Introduction
Motor intent recognition using electromyography (EMG) has the potential to create
intuitive control of prosthetic devices. However, EMG signals are noisy in nature,
which makes it challenging to extract user intent [24]. To solve this challenge feature
extraction can be used to improve information density and reduce noise, which
leads to better intent recognition. Numerous feature extraction methods and feature
combinations have been proposed [24, 34, 83, 84]. The best combination of features
can be found by trying out every combination, but with the increase in possible
features over the years this becomes unfeasible. Therefore, feature selection and
dimension reduction techniques have been used to remove redundant and irrelevant
features.

However, big data sets require more complex methods as classical methods
are not sufficient due to their computational complexity or lacking the ability to
circumvent suboptimal solutions [24]. Therefore, feature selection methods have
been proposed that are capable of searching large dimensional spaces [24]. Meta-
heuristics, such as the Genetic Algorithm (GA) [85–89] were used for feature selection
or optimization in EMG based classification. A genetic algorithm is known for its
efficient search of large, possibly noisy solution spaces [90, 91] and due to its simplicity
and ease of interpretation it is used in many applications [91]. Luo et al. [85] applied
a genetic algorithm for feature selection in movement classification based on EMG.
They used a multi-layer perceptron and 10 initial features per channel. The authors
showed that the genetic algorithm is capable of reducing the number of necessary
features, while reaching a higher classification accuracy and improving state of the
art by increasing the accuracy of hand gesture recognition from 91% to 97.7%. Xi
et al. [87] investigated motor intent recognition using EMG in the lower limb, focusing
on eight different activities of daily living. They compared feature sets selected
with different methods, ranging from plain correlation analysis to genetic algorithm
weighted correlation analysis. Using the genetic algorithm they were able to reduce
the number of features, increase the quality of the feature set and increase the
classification accuracy in combination with a support vector machine. Compared
with correlation analysis they improved the specificity from 69.5-72.5% to 95.9-100%
and sensitivity from 67.2-70.6 to 96.6-100%. Rong et al. [88] investigated muscle
fatigue classification, comparing neural networks, support vector machines and an
optimized support vector machine using a genetic algorithm. They concluded that
a genetic algorithm can optimize support vector machine parameters to increase
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classification accuracy, from 66.1% up to 97.6%. Halim et al. [92] used a genetic
algorithm to reduce the number of sensors necessary to reach similar performance
versus all sensors in the lower limb. They showed that with only a decrease of 0.9%
in accuracy from 94.0% to 93.1% they could reduce the number of sensors necessary
by 54%. Other meta-heuristics were used in EMG feature selection as well [24], such
as Particle Swarm Optimization [89, 93–95] and Ant Colony Optimization [93]. Many
other meta-heuristics exist which are suited for feature selection in general, such as
tabu search and simulated annealing [96]. These studies show that meta-heuristics
and especially genetic algorithms are capable of efficiently improving classification
performance.

The number of features used in each study, at most fifteen, is limited compared
with the hundreds of possible feature extractionmethods that have been described in
literature. [84] identified 58 different feature extractionmethods [38, 84], which range
from time to frequency domain features. In their work they evaluated individual
features to see in which “category" the features belong using a mapping method
and in this way constructed a feature set based on their topology. They showed
that their method outperforms sequential feature selection. The downside of this
method is that information of the observer is necessary to evaluate the groups and
construct a feature set that is based on these groups. A meta heuristic, such as the
genetic algorithm, would make the search more objective and could perform feature
selection on its own. However, the question arises whether an optimal solution
could be found when the number of features is high, as many possible combinations
exist within the solution space. Furthermore, most of the work on feature selection
in myoelectric control is performed on the upper limb. Various studies adapt the
optimized feature sets for upper limb to be used in lower limb, but the question
arises whether the use of upper limb features would suffice for control within the
lower limb.

In this work we implemented a genetic algorithm to search a large feature space to
design a feature set suited for myoelectric control in the lower limb. The expectation
is that the feature set designed by the genetic algorithm outperforms current state-
of-the-art feature sets.
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Materials and Methods
Data
Two data sets were used within this study. First the ENABL3S data set containing
10 able-bodied subjects (7m,3f) which was collected by Hu et al. [65]. This data set
contains EMG, joint angles, acceleration and angular velocity data. EMG was collected
using bipolar electrodes, from seven muscles per leg: rectus femoris, vastus lateralis,
biceps femoris, semitendinosus, tibialis anterior, gastronemius medialis and Soleus.
Joint angles in the sagittal plane were collected using electrogoniometers of the knee
and ankle and 3D acceleration and 3D angular velocity were measured using IMUs
on the lower and upper legs. Data were collected of sitting, standing, walking, stair
ascent/descent and ramp ascent/descent.

Secondly the MyLeg-Roessingh database for activity prediction (MyPredict) con-
taining 10 able-bodied subjects (7m,3f), which was collected for this study. The
protocol was reviewed and approved by Medical research Ethics Committees United
(MEC-U) Nieuwegein, the Netherlands. The participants provided their written in-
formed consent to participate in this study. This data set contains EMG, joint angles,
acceleration and angular velocity data. EMG was collected using bipolar electrodes
(Delsys, Boston, US), from eight muscles per leg: gluteus maximus, gluteus medius,
rectus femoris, vastus lateralis, biceps femoris, semitendinosus, tibialis anterior and
gastronemius medialis. Signals were recorded at 1000Hz. Lower body kinematics
were collected using an MVN Link suit (Xsens, Enschede, The Netherlands), which
uses eight inertial measurement units (IMUs) to reconstruct lower body movement
at 240Hz. IMUs were placed on the feet, lower legs, upper legs, pelvis and sternum.
In this work we used the 3D joint angles from the hip, knee and ankle and the 3D
acceleration and 3D angular velocity of the feet, lower legs and upper legs. All data
were time synchronized and resampled to 1000Hz. EMG was filtered with a zero-lag
second order butterworth high pass filter with a cut-off frequency of 20Hz. Measure-
ments were conducted at the Wearable Robotics Lab of the University of Twente,
using obstacles constructed for the Cybathlon by the Department of Biomechanical
Engineering, see figure 4.1. Before each measurement the maximal voluntary con-
traction of each muscle was measured to normalize EMG. Obstacles used were the
stairs (rise 17 cm, run 28 cm), ramp with two different slopes (15 and 20 degrees) and
uneven terrain consisting of stepping stones on a surface. Forty trials were conducted
per subject. A trial consisted of sitting, standing, walking, stair ascent, walking, stair
descent, walking, ramp ascent, walking, ramp descent, walking, walking on uneven
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terrain, walking in confined spaces, walking, standing and sitting. Subjects walked
at their own preferred speed and after ten trials a small break was administered to
avoid fatigue and check sensor placement. Each trial had a duration of around 1
minute 15 seconds. Total measurement time including subject preparation, sensor
placement and calibration was around two hours.

We used data of gait related activities which were present in both data sets to
have comparable data in both data set. These activities were standing, walking, stair
ascent/descent and ramp ascent/descent.

Figure 4.1: Measurement set-up of the MyPredict data set, with the ramps and stairs.

Genetic Algorithm
Genetic algorithms search the solution space using a nature inspired process based
on genetic evolution. The genetic algorithm uses a population of candidate solutions,
which are evaluated based on their fitness. Solutions with a higher fitness are more
likely to continue in the genetic process, whereas poor solutions are phased out.
These solutions encode the problem at hand and are comparable with chromosomes
containing certain genes. These “chromosomes" undergo crossover and mutation
operations to evolve into a new population of solutions. This process is repeated
until the process has converged to a solution or the maximum number of iterations
is reached.
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gastronemius medialis. Signals were recorded at 1000Hz. Lower body kinematics
were collected using an MVN Link suit (Xsens, Enschede, The Netherlands), which
uses eight inertial measurement units (IMUs) to reconstruct lower body movement
at 240Hz. IMUs were placed on the feet, lower legs, upper legs, pelvis and sternum.
In this work we used the 3D joint angles from the hip, knee and ankle and the 3D
acceleration and 3D angular velocity of the feet, lower legs and upper legs. All data
were time synchronized and resampled to 1000Hz. EMG was filtered with a zero-lag
second order butterworth high pass filter with a cut-off frequency of 20Hz. Measure-
ments were conducted at the Wearable Robotics Lab of the University of Twente,
using obstacles constructed for the Cybathlon by the Department of Biomechanical
Engineering, see figure 4.1. Before each measurement the maximal voluntary con-
traction of each muscle was measured to normalize EMG. Obstacles used were the
stairs (rise 17 cm, run 28 cm), ramp with two different slopes (15 and 20 degrees) and
uneven terrain consisting of stepping stones on a surface. Forty trials were conducted
per subject. A trial consisted of sitting, standing, walking, stair ascent, walking, stair
descent, walking, ramp ascent, walking, ramp descent, walking, walking on uneven
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terrain, walking in confined spaces, walking, standing and sitting. Subjects walked
at their own preferred speed and after ten trials a small break was administered to
avoid fatigue and check sensor placement. Each trial had a duration of around 1
minute 15 seconds. Total measurement time including subject preparation, sensor
placement and calibration was around two hours.

We used data of gait related activities which were present in both data sets to
have comparable data in both data set. These activities were standing, walking, stair
ascent/descent and ramp ascent/descent.

Figure 4.1: Measurement set-up of the MyPredict data set, with the ramps and stairs.

Genetic Algorithm
Genetic algorithms search the solution space using a nature inspired process based
on genetic evolution. The genetic algorithm uses a population of candidate solutions,
which are evaluated based on their fitness. Solutions with a higher fitness are more
likely to continue in the genetic process, whereas poor solutions are phased out.
These solutions encode the problem at hand and are comparable with chromosomes
containing certain genes. These “chromosomes" undergo crossover and mutation
operations to evolve into a new population of solutions. This process is repeated
until the process has converged to a solution or the maximum number of iterations
is reached.
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Chapter 4. Genetic algorithm for feature selection

Problem encoding
An important step in genetic algorithm design is problem encoding. In our case the
solutions were feature sets leading to a certain accuracy. We encoded features into a
binary string. If the solution contained a certain feature, the value for that feature
will be 1. If not, then the value will be 0. In this way we encode every feature for
every datatype. The data sets contained four different data types: joint angles (ang),
acceleration (acc), angular velocity (gyr), and EMG (emg). Therefore, the chromosome
looked as follows:

chromosome =




Fang

Facc

Fgyr

Femg


 =




f1 f2 ... fN

f1 f2 ... fN

f1 f2 ... fN

f1 f2 ... fN


 with fn ∈ {0, 1} (4.1)

Herein is F the feature set for each datatype and f the feature extraction method.

Fitness
Another important part of the genetic algorithm is the fitness function. The fitness
function determines the fitness of the solution, which leads to the probability of the
solution to continue in the evolutionary process. The fitness function used in this
work is specific for this application. For lower-limb myoelectric pattern recognition
three performance metrics are important, which are the overall performance, steady-
state performance and the transitional performance. A fitness function should reflect
these important factors for lower limb pattern recognition. Next to performance, it
is important that a feature set would not be too large as using this feature set would
take up too much time to train and classify. Therefore, we implemented the following
fitness function:

fitness = αov s̄ov + αsss̄ss + αtrs̄tr +
β

nf
(4.2)

In this, s̄ is the average score over all subjects for overall (ov), steady-state (ss) and
transition (tr) performance. The performance was determined using the classifica-
tion accuracy of the mode-specific linear discriminant analysis (LDA) classifiers, as
described by Hu et al. [33]. α is a scaling factor that determined the importance
of each performance type and was set to 0.25, 0.1 and 0.5 in this work for ov, ss
and tr respectively. The data contain mostly steady-states, which means that the
overall performance is mostly determined by the steady-state performance and not
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by transitional performance. To balance this out, the transitional performance was
given a higher weight to counteract the influence of steady-states, as steady-states
are more occurring in the data. If the value for transitions were too high, the overall
error would rise, which is not preferable as well. nf is the number of features used
for the chromosome and β is a scale factor. β

nf
determined the fitness based on

the number of features used: the lower number of features, the higher the fitness
value with a minimum number of features of 1. This part of the fitness function is
implemented to steer the genetic algorithm away from very large feature sets. β was
set to 0.15 in this work as it should not be considered the most prominent selection
criterion, as performance is considered more important. With these scale factors the
maximal possible fitness is 1.00.

Crossover
Crossover determines how two selected chromosomes are combined to form a new
chromosome for the next generation. These parent chromosomes are selected
based on their fitness value, using roulette wheel selection. When the parents are
chosen, two children are created from the pair. For each data type a crossover point
is randomly selected and the first part of the first child is coming from parent 1
and the second part from parent 2. The remaining parts of the parents form the
second child. The process of randomly combining parents was repeated until the
new population was formed. The population size was set to 64 and the number of
parents per iteration was set to 16.

Mutation
Mutation alters a new chromosome by point mutation, e.g. changing a 0 to a 1 or
vice versa. The parameter mutation rate determines if and how often a chromosome
was mutated. In this work we implemented a dynamic mutation rate: the mutation
rate started out at 10% and if the best fitness value did not change for 10 iterations,
we increased the mutation rate with 5% up to 20%. If the fitness increased during
10 iterations, the mutation rate was decreased with 5% with as minimum 10%. The
searchwas stopped if the best fitness value did not increase after another 10 iterations
when the highest mutation rate was reached. Next to that the other stopping criterion
was the maximum number of iterations, which was set to 200.
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Problem encoding
An important step in genetic algorithm design is problem encoding. In our case the
solutions were feature sets leading to a certain accuracy. We encoded features into a
binary string. If the solution contained a certain feature, the value for that feature
will be 1. If not, then the value will be 0. In this way we encode every feature for
every datatype. The data sets contained four different data types: joint angles (ang),
acceleration (acc), angular velocity (gyr), and EMG (emg). Therefore, the chromosome
looked as follows:
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 =
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 with fn ∈ {0, 1} (4.1)

Herein is F the feature set for each datatype and f the feature extraction method.

Fitness
Another important part of the genetic algorithm is the fitness function. The fitness
function determines the fitness of the solution, which leads to the probability of the
solution to continue in the evolutionary process. The fitness function used in this
work is specific for this application. For lower-limb myoelectric pattern recognition
three performance metrics are important, which are the overall performance, steady-
state performance and the transitional performance. A fitness function should reflect
these important factors for lower limb pattern recognition. Next to performance, it
is important that a feature set would not be too large as using this feature set would
take up too much time to train and classify. Therefore, we implemented the following
fitness function:

fitness = αov s̄ov + αsss̄ss + αtrs̄tr +
β

nf
(4.2)

In this, s̄ is the average score over all subjects for overall (ov), steady-state (ss) and
transition (tr) performance. The performance was determined using the classifica-
tion accuracy of the mode-specific linear discriminant analysis (LDA) classifiers, as
described by Hu et al. [33]. α is a scaling factor that determined the importance
of each performance type and was set to 0.25, 0.1 and 0.5 in this work for ov, ss
and tr respectively. The data contain mostly steady-states, which means that the
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by transitional performance. To balance this out, the transitional performance was
given a higher weight to counteract the influence of steady-states, as steady-states
are more occurring in the data. If the value for transitions were too high, the overall
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for the chromosome and β is a scale factor. β
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implemented to steer the genetic algorithm away from very large feature sets. β was
set to 0.15 in this work as it should not be considered the most prominent selection
criterion, as performance is considered more important. With these scale factors the
maximal possible fitness is 1.00.
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Crossover determines how two selected chromosomes are combined to form a new
chromosome for the next generation. These parent chromosomes are selected
based on their fitness value, using roulette wheel selection. When the parents are
chosen, two children are created from the pair. For each data type a crossover point
is randomly selected and the first part of the first child is coming from parent 1
and the second part from parent 2. The remaining parts of the parents form the
second child. The process of randomly combining parents was repeated until the
new population was formed. The population size was set to 64 and the number of
parents per iteration was set to 16.

Mutation
Mutation alters a new chromosome by point mutation, e.g. changing a 0 to a 1 or
vice versa. The parameter mutation rate determines if and how often a chromosome
was mutated. In this work we implemented a dynamic mutation rate: the mutation
rate started out at 10% and if the best fitness value did not change for 10 iterations,
we increased the mutation rate with 5% up to 20%. If the fitness increased during
10 iterations, the mutation rate was decreased with 5% with as minimum 10%. The
searchwas stopped if the best fitness value did not increase after another 10 iterations
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Heterogeneity
From initial tests it seemed that the population converged quickly to a homogeneous
population in terms of fitness. Therefore, we implemented a check based on the
interquartile range of the fitness of the population: if the interquartile range was
below 0.002, we would add 8 random chromosomes to the population. To ensure
similar size of the population during iterations, 8 fewer children were created during
crossover.

Feature extraction & Evaluation
When using feature selection or hyperparameter optimization, one of the major
risks is overfitting and therefore it is important to implement a proper evaluation
strategy [97]. To demonstrate the generalizability of the approach, we optimized the
feature sets on 80% of the MyPredict data set which was collected for this study and
tested this feature set on the remaining 20% of the MyPredict data set. By using
the last 20% we try to mimic a real life setting, i.e. data that were collected after
the training phase. Next to this, performance was also evaluated on a completely
separate data set, the ENABL3S data set. During optimization a 4-fold cross validation
was used to determine the fitness of each chromosome per subject, as this provides
a good trade-off between speed and accuracy. For final evaluation on the ENABL3S
data set, 10-fold cross validation was applied to determine the performance of the
feature set, similar as done by Hu et al. [33].

The feature extraction methods are described in tables 4.1 and 4.2. In total 62
feature extraction methods were implemented, resulting in 67 features. Certain
features contain more than one value, such as autoregressive coefficients (ARC). The
individual values of such a feature are not taken into account during the feature
selection process. That is, all values of ARC were used if ARC were selected.
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Table 4.1: The 62 Feature extraction methods used in this work. This table is based on the work of
Phinyomark et al. [84], Hu et al. [33] and Atzori et al. [98]. (Part (1/2)

Name Abbreviation Notes Size

Amplitude of the first burst AFB wf = 32 ms 1
Approximate entropy ApEn 1
Autoregressive coefficients ARC order = 4 5
Ceptrum coefficients CC order = 4 5
Critical exponent analysis CEA 1
Differenced version of ARC DARC order = 4 5
Differenced version of CC DCC order = 4 5
Detrended fluctuation analysis DFA 1
Differenced version of LOG DLD 1
Differenced version of MAV DMAV 1
Max-to-min drop in PSD ratio DPR 1
Differenced version of STD DSTD 1
Differenced version of TM DTM order =3 1
Differenced version of V DV order =3 1
Differenced version of VAR DVAR 1
End value EndVal 1
Frequency ratio FR flb = [20 - 45], fhb=[95 - fmax] 1
Higuchi fractal dimension HG kmax=128 1
Histogram HIST bins=3, 10 3, 10
Integrated EMG IEMG 1
Katz fractal dimension KATZ 1
Kurtosis KURT 1
Log detector LD 1
Second order moment M2 1
Mean absolute value MAV 1
MAV type 1 MAV1 1
MAV type 2 MAV2 1
Maximal value MAX 1
Marginal discrete wavelet transform mDWT wavelet=db7, level=3 3
Mean MEAN 1
Minimal value MIN 1
Mean frequency MNF 1
Mean power MP 1
Myopulse percentage rate MYOP Threshold 2e1/2e-2/5e-5 1, 1, 1
Power spectrum deformation OHM 1
Peak frequency PKF 1
Power spectrum fractal dimension PSDFD using katz 1
Power spectrum ratio PSR 1
Root mean square RMS 1
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Heterogeneity
From initial tests it seemed that the population converged quickly to a homogeneous
population in terms of fitness. Therefore, we implemented a check based on the
interquartile range of the fitness of the population: if the interquartile range was
below 0.002, we would add 8 random chromosomes to the population. To ensure
similar size of the population during iterations, 8 fewer children were created during
crossover.

Feature extraction & Evaluation
When using feature selection or hyperparameter optimization, one of the major
risks is overfitting and therefore it is important to implement a proper evaluation
strategy [97]. To demonstrate the generalizability of the approach, we optimized the
feature sets on 80% of the MyPredict data set which was collected for this study and
tested this feature set on the remaining 20% of the MyPredict data set. By using
the last 20% we try to mimic a real life setting, i.e. data that were collected after
the training phase. Next to this, performance was also evaluated on a completely
separate data set, the ENABL3S data set. During optimization a 4-fold cross validation
was used to determine the fitness of each chromosome per subject, as this provides
a good trade-off between speed and accuracy. For final evaluation on the ENABL3S
data set, 10-fold cross validation was applied to determine the performance of the
feature set, similar as done by Hu et al. [33].

The feature extraction methods are described in tables 4.1 and 4.2. In total 62
feature extraction methods were implemented, resulting in 67 features. Certain
features contain more than one value, such as autoregressive coefficients (ARC). The
individual values of such a feature are not taken into account during the feature
selection process. That is, all values of ARC were used if ARC were selected.
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Table 4.1: The 62 Feature extraction methods used in this work. This table is based on the work of
Phinyomark et al. [84], Hu et al. [33] and Atzori et al. [98]. (Part (1/2)

Name Abbreviation Notes Size

Amplitude of the first burst AFB wf = 32 ms 1
Approximate entropy ApEn 1
Autoregressive coefficients ARC order = 4 5
Ceptrum coefficients CC order = 4 5
Critical exponent analysis CEA 1
Differenced version of ARC DARC order = 4 5
Differenced version of CC DCC order = 4 5
Detrended fluctuation analysis DFA 1
Differenced version of LOG DLD 1
Differenced version of MAV DMAV 1
Max-to-min drop in PSD ratio DPR 1
Differenced version of STD DSTD 1
Differenced version of TM DTM order =3 1
Differenced version of V DV order =3 1
Differenced version of VAR DVAR 1
End value EndVal 1
Frequency ratio FR flb = [20 - 45], fhb=[95 - fmax] 1
Higuchi fractal dimension HG kmax=128 1
Histogram HIST bins=3, 10 3, 10
Integrated EMG IEMG 1
Katz fractal dimension KATZ 1
Kurtosis KURT 1
Log detector LD 1
Second order moment M2 1
Mean absolute value MAV 1
MAV type 1 MAV1 1
MAV type 2 MAV2 1
Maximal value MAX 1
Marginal discrete wavelet transform mDWT wavelet=db7, level=3 3
Mean MEAN 1
Minimal value MIN 1
Mean frequency MNF 1
Mean power MP 1
Myopulse percentage rate MYOP Threshold 2e1/2e-2/5e-5 1, 1, 1
Power spectrum deformation OHM 1
Peak frequency PKF 1
Power spectrum fractal dimension PSDFD using katz 1
Power spectrum ratio PSR 1
Root mean square RMS 1
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Table 4.2: The 62 Feature extraction methods used in this work. This table is based on the work of
Phinyomark et al. [84], Hu et al. [33] and Atzori et al. [98]. (Part 2/2)

Name Abbreviation Notes Size

Sample entropy SampEn 1
Skewness SKEW 1
Spectral moment SM order = 2 1
Signal-to-motion ratio SMR frequency: <10Hz 1
Signal-to-noise ratio SNR 1
Number of slope sign changes SSC 1
Simple Square Integral SSI 1
Start value StartVal 1
Standard deviation STD 1
time-dependent power spectrum descriptors TDPSD 1-6 1,1,1,1,1,1
Absolute temporal moment TM order =3 1
Total power TP 1
v-order V order = 3 1
Variance VAR 1
Variance of central frequency VCF 1
Willison amplitude WAMP Threshold 2e1/2e-2/5e-5 1, 1, 1
Waveform Length WL 1
Number of zero crossings ZC 1

The genetic algorithm ran ten times on all sensor modalities, each time poten-
tially selecting a different optimal feature set due to its stochastic nature. The best
performing feature set (GA-Opt) was considered for final evaluation on the test sets.
Next to GA-Opt, other feature sets were constructed as well. These feature sets were
based on the occurrence of the features. E.g. if a feature was selected in at least 6
out of 10 runs, it was added to the feature set GA-06. If a feature was selected at least
twice, it was added to the feature set GA-02. Out of these feature sets one feature
set was selected for final evaluation on the test sets based on its performance on
80% of the MyPredict data set.

The genetic algorithm ran per modality as well, to select features per modality
instead of selecting features of all modalities at once. The genetic algorithm ran
10 times per sensor modality (angle, acceleration, angular velocity, EMG). The best
performing feature set of each modality were combined into a new feature set (GM-
Opt). As described before, feature sets were created based on occurrence as well. The
best performing feature set based on occurrence was selected for the final evaluation
on the test sets.

Finally, the four genetic optimized feature sets were compared against the best
performing state-of-the-art feature set. The best performing state-of-the-art feature
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set was determined by the performance of the feature set on 80% of the MyPredict
data set. Six state-of-the-art feature sets were considered, which are shown in
table 4.3. The best performing feature set was selected for final evaluation on the
test sets.

Table 4.3: Six state-of-the-art feature sets used in myoelectric control. In this case the feature set
used by Hu et al. [33] was the only set that contained separate features for kinematic data. Feature
definitions can be found in table 4.1.

Name Features

Atzori et al. [98] mDWT, HIST10, RMS, MAV, WL, SSC, ZC

Hu et al. [33] EMG: MAV, WL, SSC, ZC, ARC
Kinematics: MEAN, STD, MIN, MAX, StartVal, EndVal

Hudgins et al. [83] MAV, WL, SSC, ZC

Phinyomark et al. [99] SampEn, CC, RMS, WL

Phinyomark et al. [84] DMAV, DStd, WAMP1, ZC, SampEn, MFL, DARC, TDPSD1-6

Khushaba et al. [35] TDPSD1-6

The implemented classifiers were subject-specific mode-specific LDA classifiers
as described by Hu et al. [33]. The features were extracted from windows of 300 ms
before each gait event. Hereafter the features were scaled to have zero mean and
unit variance. Principal component analysis retaining 95% of the variance was used to
reduce dimensions before classifying the data with mode-specific LDA classifiers, as
done by Hu et al. [33]. We only looked at the performance in terms of an ipsilateral sen-
sor set-up, to mimic use within a prosthetic device. Only kinematic sensors on the legs
and feet were used, thus pelvis/sternum kinematics were excluded. Performance was
split into overall, steady-state and transitional errors. A step was considered a transi-
tion when the state of the previous gait event differed from the current gait event. As
most of the data were from steady states, the overall error was primarily influenced
by steady-state errors and therefore, transitional errors are shown separately. Fea-
ture extraction methods and the genetic algorithm were implemented in Python 3.9.
Code can be found at https://github.com/Rvs94/GeneticAlgorithmForFS.

Statistic analysis
Feature set error rates were compared with a repeated measures ANOVA. Pairwise
t-test with Sidak correction were used to determine significant differences between
feature sets. Normality was visually inspected and confirmed using a Shapiro-Wilk
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Table 4.2: The 62 Feature extraction methods used in this work. This table is based on the work of
Phinyomark et al. [84], Hu et al. [33] and Atzori et al. [98]. (Part 2/2)

Name Abbreviation Notes Size

Sample entropy SampEn 1
Skewness SKEW 1
Spectral moment SM order = 2 1
Signal-to-motion ratio SMR frequency: <10Hz 1
Signal-to-noise ratio SNR 1
Number of slope sign changes SSC 1
Simple Square Integral SSI 1
Start value StartVal 1
Standard deviation STD 1
time-dependent power spectrum descriptors TDPSD 1-6 1,1,1,1,1,1
Absolute temporal moment TM order =3 1
Total power TP 1
v-order V order = 3 1
Variance VAR 1
Variance of central frequency VCF 1
Willison amplitude WAMP Threshold 2e1/2e-2/5e-5 1, 1, 1
Waveform Length WL 1
Number of zero crossings ZC 1

The genetic algorithm ran ten times on all sensor modalities, each time poten-
tially selecting a different optimal feature set due to its stochastic nature. The best
performing feature set (GA-Opt) was considered for final evaluation on the test sets.
Next to GA-Opt, other feature sets were constructed as well. These feature sets were
based on the occurrence of the features. E.g. if a feature was selected in at least 6
out of 10 runs, it was added to the feature set GA-06. If a feature was selected at least
twice, it was added to the feature set GA-02. Out of these feature sets one feature
set was selected for final evaluation on the test sets based on its performance on
80% of the MyPredict data set.

The genetic algorithm ran per modality as well, to select features per modality
instead of selecting features of all modalities at once. The genetic algorithm ran
10 times per sensor modality (angle, acceleration, angular velocity, EMG). The best
performing feature set of each modality were combined into a new feature set (GM-
Opt). As described before, feature sets were created based on occurrence as well. The
best performing feature set based on occurrence was selected for the final evaluation
on the test sets.

Finally, the four genetic optimized feature sets were compared against the best
performing state-of-the-art feature set. The best performing state-of-the-art feature
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set was determined by the performance of the feature set on 80% of the MyPredict
data set. Six state-of-the-art feature sets were considered, which are shown in
table 4.3. The best performing feature set was selected for final evaluation on the
test sets.

Table 4.3: Six state-of-the-art feature sets used in myoelectric control. In this case the feature set
used by Hu et al. [33] was the only set that contained separate features for kinematic data. Feature
definitions can be found in table 4.1.

Name Features

Atzori et al. [98] mDWT, HIST10, RMS, MAV, WL, SSC, ZC

Hu et al. [33] EMG: MAV, WL, SSC, ZC, ARC
Kinematics: MEAN, STD, MIN, MAX, StartVal, EndVal

Hudgins et al. [83] MAV, WL, SSC, ZC

Phinyomark et al. [99] SampEn, CC, RMS, WL

Phinyomark et al. [84] DMAV, DStd, WAMP1, ZC, SampEn, MFL, DARC, TDPSD1-6

Khushaba et al. [35] TDPSD1-6

The implemented classifiers were subject-specific mode-specific LDA classifiers
as described by Hu et al. [33]. The features were extracted from windows of 300 ms
before each gait event. Hereafter the features were scaled to have zero mean and
unit variance. Principal component analysis retaining 95% of the variance was used to
reduce dimensions before classifying the data with mode-specific LDA classifiers, as
done by Hu et al. [33]. We only looked at the performance in terms of an ipsilateral sen-
sor set-up, to mimic use within a prosthetic device. Only kinematic sensors on the legs
and feet were used, thus pelvis/sternum kinematics were excluded. Performance was
split into overall, steady-state and transitional errors. A step was considered a transi-
tion when the state of the previous gait event differed from the current gait event. As
most of the data were from steady states, the overall error was primarily influenced
by steady-state errors and therefore, transitional errors are shown separately. Fea-
ture extraction methods and the genetic algorithm were implemented in Python 3.9.
Code can be found at https://github.com/Rvs94/GeneticAlgorithmForFS.

Statistic analysis
Feature set error rates were compared with a repeated measures ANOVA. Pairwise
t-test with Sidak correction were used to determine significant differences between
feature sets. Normality was visually inspected and confirmed using a Shapiro-Wilk
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test. All analyses were performed within IBM SPSS version 27.

Results
Selected features - All Modalities
The average fitness over ten runs of the genetic algorithm was 0.749± 0.001. The
number of iterations differed per run, ranging from 143 to 200 iterations. The average
number of features selected were 14.1±2.2, 10.4±1.7, 8.6±2.3 and 5.7±2.0 for joint
angles, acceleration, angular velocity and EMG data respectively. An example of the
optimization process can be seen in figure 4.2. Out of these ten runs the feature set
with the highest fitness value was considered to be GA-Opt. GA-Opt had a fitness
value of 0.750, containing 16, 11, 11 and 6 features for joint angles, acceleration,
angular velocity and EMG data respectively, see also table 4.4. The average error
rates and standard error of the mean (SEM) were 4.57± 0.25% and 16.47± 1.22%
for overall and transitional errors respectively on 80% of the MyPredict data set.

Figure 4.2: Progression of fitness during optimization. The maximum fitness is depicted in red and
median fitness with interquartile ranges is depicted in blue. The larger “spikes" in the interquartile
range show where the GA introduced new random samples to the population.

Next to the feature set with the highest fitness other feature sets were constructed.
Based on the occurrence of the features within the runs of the genetic algorithm
eight feature sets were constructed, GA-01 to GA-08. No feature occurred more than
eight times. GA-01 contained all features that were selected at least once, GA-02
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contained all features that were selected at least twice, etc. No feature was selected
more than eight times. Their performance is shown in figure 4.3A. It can be seen
that in terms of overall error GA-01 performs best. No significant differences were
found with GA-02 and GA-03. GA-04 up to GA-08 perform significantly worse than
GA-01 (resp. p=0.002, p=0.002, p=0.0009, p<0.0003, p<1e-4). For transitional errors
GA-03 performs best. No significant differences were found with GA-02, GA-04 and
GA-05. GA-01 (p=0.01), GA-06 (p=0.008), GA-07 (p=0.0001), GA-08 (p<1e-4) perform
significantly worse than GA-03. As GA-03 is not significantly worse than GA-01 in
terms of overall error, while having a smaller number of features and performs best in
terms of transitional errors, GA-03 was considered to be the best performing feature
set out of these eight constructed feature sets. The average error rates of GA-03 were
4.37 ± 0.25% and 15.06 ± 1.01% for overall and transitional errors respectively on
80% of the MyPredict data set.
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test. All analyses were performed within IBM SPSS version 27.

Results
Selected features - All Modalities
The average fitness over ten runs of the genetic algorithm was 0.749± 0.001. The
number of iterations differed per run, ranging from 143 to 200 iterations. The average
number of features selected were 14.1±2.2, 10.4±1.7, 8.6±2.3 and 5.7±2.0 for joint
angles, acceleration, angular velocity and EMG data respectively. An example of the
optimization process can be seen in figure 4.2. Out of these ten runs the feature set
with the highest fitness value was considered to be GA-Opt. GA-Opt had a fitness
value of 0.750, containing 16, 11, 11 and 6 features for joint angles, acceleration,
angular velocity and EMG data respectively, see also table 4.4. The average error
rates and standard error of the mean (SEM) were 4.57± 0.25% and 16.47± 1.22%
for overall and transitional errors respectively on 80% of the MyPredict data set.

Figure 4.2: Progression of fitness during optimization. The maximum fitness is depicted in red and
median fitness with interquartile ranges is depicted in blue. The larger “spikes" in the interquartile
range show where the GA introduced new random samples to the population.

Next to the feature set with the highest fitness other feature sets were constructed.
Based on the occurrence of the features within the runs of the genetic algorithm
eight feature sets were constructed, GA-01 to GA-08. No feature occurred more than
eight times. GA-01 contained all features that were selected at least once, GA-02
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contained all features that were selected at least twice, etc. No feature was selected
more than eight times. Their performance is shown in figure 4.3A. It can be seen
that in terms of overall error GA-01 performs best. No significant differences were
found with GA-02 and GA-03. GA-04 up to GA-08 perform significantly worse than
GA-01 (resp. p=0.002, p=0.002, p=0.0009, p<0.0003, p<1e-4). For transitional errors
GA-03 performs best. No significant differences were found with GA-02, GA-04 and
GA-05. GA-01 (p=0.01), GA-06 (p=0.008), GA-07 (p=0.0001), GA-08 (p<1e-4) perform
significantly worse than GA-03. As GA-03 is not significantly worse than GA-01 in
terms of overall error, while having a smaller number of features and performs best in
terms of transitional errors, GA-03 was considered to be the best performing feature
set out of these eight constructed feature sets. The average error rates of GA-03 were
4.37 ± 0.25% and 15.06 ± 1.01% for overall and transitional errors respectively on
80% of the MyPredict data set.
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Figure 4.3: Average error rates (± SEM) of the constructed GA feature sets (A) and of the constructed
GM feature sets (B) on 80% of the MyPredict data set. Star indicates a significant difference compared
with the best performing feature set. For the GA feature sets (A) the best performing feature set was
GA-01 for overall error and in case of transitional errors this was GA-03. For the GM feature sets (B) the
best performing feature set overall was GM-05 and for transitional errors this was GM-06.

Selected features - Per modality
The average fitness value per modality was 0.738 +/- 0.003 for angle, 0.731 +/- 0.002
for acceleration, 0.703 +/- 0.003 for angular velocity and 0.647 +/- 0.014 for EMG data.
The number of iterations were 106 to 200 for angle, 84 to 200 for acceleration, 139
to 200 for angular velocity and 109 to 200 for EMG data. Per modality the run with
the highest fitness value was considered the optimal feature set for that modality.
Hereafter, these feature sets were combined to form GM-Opt. GM-Opt contained 9,
25, 25 and 5 features for angles, acceleration, angular velocity and EMG respectively.
The features of GM-Opt are shown in table 4.5.

Next to GM-Opt, multiple feature set were constructed based on occurrence of
the features per modality. Ten feature sets were constructed (GM-01 to GM-10) and
compared with each other based on the performance on 80% of the MyPredict data
set. Average performance is shown in figure 4.3B. It can be seen that in terms of
overall error GM-05 performs best. Significant differences were found with GM-08,
GM-09 and GM-10 (resp. p<1e-4, p<1e-4, p<1e-4). For transitional errors GM-06
performs best. Significant differences were found with GM-01 and GM-10 (resp.
p=0.044, p=0.048). As no significant difference was found between GM-05 and GM-06
in terms of transitional and overall error, we considered GM-06 to be the best feature
set as this set contained fewer features than GM-05. GM-06 was used in the final
evaluation.
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Figure 4.3: Average error rates (± SEM) of the constructed GA feature sets (A) and of the constructed
GM feature sets (B) on 80% of the MyPredict data set. Star indicates a significant difference compared
with the best performing feature set. For the GA feature sets (A) the best performing feature set was
GA-01 for overall error and in case of transitional errors this was GA-03. For the GM feature sets (B) the
best performing feature set overall was GM-05 and for transitional errors this was GM-06.

Selected features - Per modality
The average fitness value per modality was 0.738 +/- 0.003 for angle, 0.731 +/- 0.002
for acceleration, 0.703 +/- 0.003 for angular velocity and 0.647 +/- 0.014 for EMG data.
The number of iterations were 106 to 200 for angle, 84 to 200 for acceleration, 139
to 200 for angular velocity and 109 to 200 for EMG data. Per modality the run with
the highest fitness value was considered the optimal feature set for that modality.
Hereafter, these feature sets were combined to form GM-Opt. GM-Opt contained 9,
25, 25 and 5 features for angles, acceleration, angular velocity and EMG respectively.
The features of GM-Opt are shown in table 4.5.

Next to GM-Opt, multiple feature set were constructed based on occurrence of
the features per modality. Ten feature sets were constructed (GM-01 to GM-10) and
compared with each other based on the performance on 80% of the MyPredict data
set. Average performance is shown in figure 4.3B. It can be seen that in terms of
overall error GM-05 performs best. Significant differences were found with GM-08,
GM-09 and GM-10 (resp. p<1e-4, p<1e-4, p<1e-4). For transitional errors GM-06
performs best. Significant differences were found with GM-01 and GM-10 (resp.
p=0.044, p=0.048). As no significant difference was found between GM-05 and GM-06
in terms of transitional and overall error, we considered GM-06 to be the best feature
set as this set contained fewer features than GM-05. GM-06 was used in the final
evaluation.
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State-of-the-art features
The performance of the state-of-the-art feature sets on 80% of the MyPredict data
is shown in figure 4.4. The Atzori and Hu feature set significantly outperform the
Hudgins feature set (resp. p=1<1e-4, p=0.002), Phinyomark 1 feature set (resp. p<1e-
4, p=0.001), Phinyomark 2 feature set (resp. p=0.001, p=0.030) and the Khusaba
feature set (resp. p<1e-4, p<1e-4). In terms of transitional error, the Hu feature set
performs best, significantly outperforming the Atzori (p<1e-4), Hudgins (p<1e-4),
Phinyomark 1 (p<1e-4), Phinyomark 2 (p<1e-4) and Khushaba (p<1e-4) feature sets.
The Khushaba feature set is significantly outperformed by the other feature sets
(p<1e-4). As there was no significant difference in terms of overall error rate between
the Atzori and Hu feature set, but a significant difference in terms of transition error
rate, the Hu feature set was considered the best performing state-of-the-art feature
set. The average error rates of the Hu feature set were 4.90 ± 0.25% and 16.89 ±
1.09% for overall and transitional errors respectively on 80% of the MyPredict data
set.

Figure 4.4: Average error rate (± SEM) of the state-of-the-art feature sets on 80% of the MyPredict
data. Star indicates a significant difference.

Final evaluation
Five feature sets were selected for the final evaluation on the test sets: the remaining
test set of the MyPredict data set and the ENABL3S data set. The five feature sets
were the best performing state-of-the-art feature set (Hu), the feature set based on
the best run of the genetic algorithm for all modalities (GA-Opt) and for each modality
(GM-Opt) and the feature set constructed from the occurrence of selected features
by the genetic algorithm for all modalities (GA-03) and per modality (GM-06). The
error rates of these features on the test set of the MyPredict data set is shown in
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State-of-the-art features
The performance of the state-of-the-art feature sets on 80% of the MyPredict data
is shown in figure 4.4. The Atzori and Hu feature set significantly outperform the
Hudgins feature set (resp. p=1<1e-4, p=0.002), Phinyomark 1 feature set (resp. p<1e-
4, p=0.001), Phinyomark 2 feature set (resp. p=0.001, p=0.030) and the Khusaba
feature set (resp. p<1e-4, p<1e-4). In terms of transitional error, the Hu feature set
performs best, significantly outperforming the Atzori (p<1e-4), Hudgins (p<1e-4),
Phinyomark 1 (p<1e-4), Phinyomark 2 (p<1e-4) and Khushaba (p<1e-4) feature sets.
The Khushaba feature set is significantly outperformed by the other feature sets
(p<1e-4). As there was no significant difference in terms of overall error rate between
the Atzori and Hu feature set, but a significant difference in terms of transition error
rate, the Hu feature set was considered the best performing state-of-the-art feature
set. The average error rates of the Hu feature set were 4.90 ± 0.25% and 16.89 ±
1.09% for overall and transitional errors respectively on 80% of the MyPredict data
set.

Figure 4.4: Average error rate (± SEM) of the state-of-the-art feature sets on 80% of the MyPredict
data. Star indicates a significant difference.

Final evaluation
Five feature sets were selected for the final evaluation on the test sets: the remaining
test set of the MyPredict data set and the ENABL3S data set. The five feature sets
were the best performing state-of-the-art feature set (Hu), the feature set based on
the best run of the genetic algorithm for all modalities (GA-Opt) and for each modality
(GM-Opt) and the feature set constructed from the occurrence of selected features
by the genetic algorithm for all modalities (GA-03) and per modality (GM-06). The
error rates of these features on the test set of the MyPredict data set is shown in
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figure 4.5A and the error rates on the ENABL3S data set is shown in 4.5B. Looking at
figure 4.5A it can be seen that the GM-Opt feature set outperforms the Hu feature
set (p=0.048) in terms of overall error. The average overall error rates were 4.14
± 0.23%, 4.24 ± 0.24%, 4.12 ± 0.22%, 3.94 ± 0.21% and 4.66 ± 0.31% for GA-03,
GA-Opt, GM-06, GM-Opt and Hu respectively. In terms of transitional error GM-06
outperforms GA-Opt (p=0.018). The average transitional error rates were 15.22 ±
0.82, 16.44 ± 1.03%, 14.92 ± 1.00%, 16.31 ± 1.04% and 17.36 ± 1.28 for GA-03,
GA-Opt, GM-06, GM-Opt and Hu respectively.

Looking at the error rates on the ENABL3S data set in figure 4.5B it can be seen
that the GM-Opt feature set outperforms the Hu feature set (p=0.046) in terms of
overall error. Average overall error rates were 3.18± 1.16, 3.40± 1.11, 3.10± 1.12%,
3.00± 1.05% and 3.48± 1.07 for GA-03, GA-Opt, GM-06, GM-Opt and Hu respectively.
Average error rates were 9.53± 2.98%, 10.45± 2.97%, 9.47± 3.08%, 9.88± 3.08%
and 10.32± 2.97% for GA-03, GA-Opt, GM-06, GM-Opt and Hu respectively.

A B

Figure 4.5: Average error rate (± SEM) of the selected feature sets on 20% of the MyPredict data set
(A) and on the ENABL3S data set (B). Star indicates a significant difference.

Discussion
In this work we investigated the use of genetic algorithms to construct optimized
feature sets to be used in lower-limb prosthetic control. After ten runs of the genetic
algorithm on all modalities, two different optimized feature sets were constructed,
GA-Opt and GA-03. Next to that the genetic algorithm ran for 10 runs on each
modality and again two feature sets were constructed, GM-Opt and GM-06. These
four optimized feature sets were compared against the best performing state-of-the-
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art feature set, the Hu feature set, on two different data sets. All optimized feature
sets outperformed the state-of-the-art feature set on the MyPredict data set and
most optimized feature sets (except GA-Opt) outperformed state of the art on the
ENABL3S dataset. We considered GM-06 the best performing feature set with the
lowest transitional errors. GM-06 reduced the overall error from 4.66% to 4.12%
and transitional error from 17.36% to 14.92% on the MyPredict dataset and reduced
overall error from 3.48% to 3.10% and transitional error from 10.32% to 9.47% on
the ENABL3S data set. GM-06 relatively decreased overall error by 10.9-11.6% and
transitional error by 8.2%-14.1% compared with state of the art on both data sets.
Therefore, this study shows that feature selection using a genetic algorithm reduces
overall and transitional errors and it is worthwhile to use a genetic algorithm for
feature selection in lower-limb myoelectric control.

The results of this study show that even though the feature search space was
greatly increased, the combined results of the genetic algorithm still outperformed
the state-of-the-art feature sets. Other than the work by Phinyomark et al. [84] or
Qin and Shi [100], we decided not to investigate the individual impact of each feature,
as features combined may show added benefit in terms of performance. In our case
we wanted to have the genetic algorithm come up with a feature set, without looking
into the groups features could belong to, to not restrict the genetic algorithm in its
search. Compared to other studies involving meta-heuristics, we implemented over
sixty different features which greatly increased the search space. For example, Luo
et al. [85] used ten features as input to their genetic algorithm, Xi et al. [87] used
five features, which indicates a smaller search space than used in this study. It can
be concluded that the genetic algorithm is suited for feature selection within a vast
search space.

The overall error rate of GM-06, 3.10-4.12%, is comparable with results found
in literature. Spanias et al. [101] reached an overall error rate of 4.03% in eight
transfemoral amputees using a similar classification strategy as our work using the
Hu feature set. Liu et al. [102] reached an overall error rate of 4.2% in three able-
bodied subjects and two transfemoral amputees, using mechanical information only.
Su et al. [103] used a convolutional neural network for classification and reached
an overall error rate of 5.85% in ten able-bodied subjects. Halim et al. [92] reached
an average overall error of 6.0% using a random forest classifier on the ENABL3S
data set. Hu et al. [33] reported an average error rate of 2.09 ± 0.27% and 5.94 ±
0.84 for overall and transitional errors respectively using an ipsilateral sensor set-up.
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outperforms GA-Opt (p=0.018). The average transitional error rates were 15.22 ±
0.82, 16.44 ± 1.03%, 14.92 ± 1.00%, 16.31 ± 1.04% and 17.36 ± 1.28 for GA-03,
GA-Opt, GM-06, GM-Opt and Hu respectively.
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and 10.32± 2.97% for GA-03, GA-Opt, GM-06, GM-Opt and Hu respectively.
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Discussion
In this work we investigated the use of genetic algorithms to construct optimized
feature sets to be used in lower-limb prosthetic control. After ten runs of the genetic
algorithm on all modalities, two different optimized feature sets were constructed,
GA-Opt and GA-03. Next to that the genetic algorithm ran for 10 runs on each
modality and again two feature sets were constructed, GM-Opt and GM-06. These
four optimized feature sets were compared against the best performing state-of-the-
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art feature set, the Hu feature set, on two different data sets. All optimized feature
sets outperformed the state-of-the-art feature set on the MyPredict data set and
most optimized feature sets (except GA-Opt) outperformed state of the art on the
ENABL3S dataset. We considered GM-06 the best performing feature set with the
lowest transitional errors. GM-06 reduced the overall error from 4.66% to 4.12%
and transitional error from 17.36% to 14.92% on the MyPredict dataset and reduced
overall error from 3.48% to 3.10% and transitional error from 10.32% to 9.47% on
the ENABL3S data set. GM-06 relatively decreased overall error by 10.9-11.6% and
transitional error by 8.2%-14.1% compared with state of the art on both data sets.
Therefore, this study shows that feature selection using a genetic algorithm reduces
overall and transitional errors and it is worthwhile to use a genetic algorithm for
feature selection in lower-limb myoelectric control.

The results of this study show that even though the feature search space was
greatly increased, the combined results of the genetic algorithm still outperformed
the state-of-the-art feature sets. Other than the work by Phinyomark et al. [84] or
Qin and Shi [100], we decided not to investigate the individual impact of each feature,
as features combined may show added benefit in terms of performance. In our case
we wanted to have the genetic algorithm come up with a feature set, without looking
into the groups features could belong to, to not restrict the genetic algorithm in its
search. Compared to other studies involving meta-heuristics, we implemented over
sixty different features which greatly increased the search space. For example, Luo
et al. [85] used ten features as input to their genetic algorithm, Xi et al. [87] used
five features, which indicates a smaller search space than used in this study. It can
be concluded that the genetic algorithm is suited for feature selection within a vast
search space.

The overall error rate of GM-06, 3.10-4.12%, is comparable with results found
in literature. Spanias et al. [101] reached an overall error rate of 4.03% in eight
transfemoral amputees using a similar classification strategy as our work using the
Hu feature set. Liu et al. [102] reached an overall error rate of 4.2% in three able-
bodied subjects and two transfemoral amputees, using mechanical information only.
Su et al. [103] used a convolutional neural network for classification and reached
an overall error rate of 5.85% in ten able-bodied subjects. Halim et al. [92] reached
an average overall error of 6.0% using a random forest classifier on the ENABL3S
data set. Hu et al. [33] reported an average error rate of 2.09 ± 0.27% and 5.94 ±
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These error rates are lower than the reported performance of Hu feature set on
the ENABL3S data set in this study, 3.48 ± 1.07% and 10.32 ± 2.97% for overall
and transitional error rates respectively, although the same data set was used for
evaluation. The authors used a random 10-fold cross validation, which could decrease
the error rate. This decrease is caused by steps that are close to each other in time,
could end up in the separate training and test set. This could cause the training and
test sets to be more alike, which could, in turn result in a lower error rate. We decided
not to shuffle our data, to keep these steps close together, but this could have led to
a slightly higher error compared to Hu et al. [33].

Phinyomark et al. [84] clustered features based on their properties: features
representing amplitude and power of a signal (e.g. RMS), non-linear complex features
(e.g. Sample Entropy), features representing frequency information (e.g. Zero Cross-
ings, Median Frequency), time series modelling (e.g. Autoregressive Coefficients) or
unique features that capture a combination of information types (e.g. Time Domain
Power Spectral Descriptors). The best performing optimized feature set based on all
modalities was GA-03. It can be seen that most features for angular data are related
to amplitude or power, except for mDWT (frequency), VCF (unique feature) and Sam-
pEn (non-linear complex). Acceleration features and angular velocity features contain
more different feature types, although most of the selected features are related to
amplitude and power. Looking at the kinematic features in the Hu feature set, we
can see that all features fall in the amplitude and power group. This could indicate
that amplitude and power related features could be enough to represent kinematic
data. When looking at GM-06, where features were selected per modality, we see
something slightly different. Angle and angular velocity features aremostly amplitude
or power related as seen before. Half of the features selected for acceleration are
related to amplitude or power, however, frequency (mDWT), non-linear complex
(ApEn, WAMP2), time-series modelling (SNR) and unique features (CEA, OHM) are
seen as well. This suggests that acceleration feature sets could be improved by using
features from different feature groups as well.

The number of EMG features are limited in GA-03, but mostly features related to
the non-linear complex group are seen. Two out of five features coming from the
non-linear complex group (WAMP2, KATZ) and one other feature is also related to
entropy (PSDFD). The EMG features in GM-06 are all from the non-linear complex
group and most are based on entropy (HG, SampEn and ApEn). This corresponds
with the findings by Phinyomark et al. [84], as they indicated that SampEn would be
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the most useful feature for EMG if used by itself. These findings support the idea
that EMG is a non-linear signal and could best be represented by non-linear features,
such as entropy related features.

When looking at table 4.4 it can be seen that relatively many angular features
were used, whereas the number of EMG features was limited. This suggests that the
data from angular features and to a lesser extent the acceleration and angular velocity
features contain more useful information than EMG features. The most selected
angular feature was EndVal, selected 8 out of 10 runs. For EMG this was WAMP2,
but selected only 5 out of 10 times. One explanation is that EMG features would be
interchangeable due to the stochastic nature of EMG and thus no EMG features had
as high occurrence as angular features. When looking at table 4.5 in combination
with the fitness values per modality we can see something similar. Modality angle
and acceleration had the highest fitness values with 0.738 and 0.731 respectively,
indicating the highest performance. Joint angle information could be captured with
a limited amount of features, while reaching a high performance, whereas more
features were necessary for acceleration data. Angular velocity neededmany features
as well, for a slightly worse performance. EMG could be captured with limited number
of features. However, EMG performed much worse than the other three modalities.
This indicates that EMG by itself will not result in an optimal performance, but still
has some added benefit as seen in literature as well. Young et al. [104] showed that
adding EMG decreased the transitional error from 18% to 12%, although EMG on itself
would result in transitional errors of around 25%. Tkach and Hargrove [105] showed
that adding EMG tomechanical sensor data reduces the overall mean error from 7.8%
to 2.3%, but EMG on itself results in overall errors of more than 30%. Spanias et al.
[106] showed that adding EMG did reduce the transitional error by approximately
3%, but adding additional mechanical sensor information reduced the transitional
error further by almost 6%, resulting in a transitional error of approximately 13%.
However, in clinical settings the added effect of EMG can be doubted according to
Liu et al. [102], due to the large variability of EMG and susceptibility to movement
and varying conditions. Therefore, they decided not to measure EMG at all and still
reached low error rates of around 4.2% in an amputee population. In other work
Spanias et al. [101] showed that the transitional error decreased by adding EMG to
the sensor set-up when using the non-adaptive version of their algorithm. However,
no significant differences were seen in error rate between mechanical sensors only
and the addition of EMG when using their adaptive algorithm, although they reached
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These error rates are lower than the reported performance of Hu feature set on
the ENABL3S data set in this study, 3.48 ± 1.07% and 10.32 ± 2.97% for overall
and transitional error rates respectively, although the same data set was used for
evaluation. The authors used a random 10-fold cross validation, which could decrease
the error rate. This decrease is caused by steps that are close to each other in time,
could end up in the separate training and test set. This could cause the training and
test sets to be more alike, which could, in turn result in a lower error rate. We decided
not to shuffle our data, to keep these steps close together, but this could have led to
a slightly higher error compared to Hu et al. [33].

Phinyomark et al. [84] clustered features based on their properties: features
representing amplitude and power of a signal (e.g. RMS), non-linear complex features
(e.g. Sample Entropy), features representing frequency information (e.g. Zero Cross-
ings, Median Frequency), time series modelling (e.g. Autoregressive Coefficients) or
unique features that capture a combination of information types (e.g. Time Domain
Power Spectral Descriptors). The best performing optimized feature set based on all
modalities was GA-03. It can be seen that most features for angular data are related
to amplitude or power, except for mDWT (frequency), VCF (unique feature) and Sam-
pEn (non-linear complex). Acceleration features and angular velocity features contain
more different feature types, although most of the selected features are related to
amplitude and power. Looking at the kinematic features in the Hu feature set, we
can see that all features fall in the amplitude and power group. This could indicate
that amplitude and power related features could be enough to represent kinematic
data. When looking at GM-06, where features were selected per modality, we see
something slightly different. Angle and angular velocity features aremostly amplitude
or power related as seen before. Half of the features selected for acceleration are
related to amplitude or power, however, frequency (mDWT), non-linear complex
(ApEn, WAMP2), time-series modelling (SNR) and unique features (CEA, OHM) are
seen as well. This suggests that acceleration feature sets could be improved by using
features from different feature groups as well.

The number of EMG features are limited in GA-03, but mostly features related to
the non-linear complex group are seen. Two out of five features coming from the
non-linear complex group (WAMP2, KATZ) and one other feature is also related to
entropy (PSDFD). The EMG features in GM-06 are all from the non-linear complex
group and most are based on entropy (HG, SampEn and ApEn). This corresponds
with the findings by Phinyomark et al. [84], as they indicated that SampEn would be
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the most useful feature for EMG if used by itself. These findings support the idea
that EMG is a non-linear signal and could best be represented by non-linear features,
such as entropy related features.

When looking at table 4.4 it can be seen that relatively many angular features
were used, whereas the number of EMG features was limited. This suggests that the
data from angular features and to a lesser extent the acceleration and angular velocity
features contain more useful information than EMG features. The most selected
angular feature was EndVal, selected 8 out of 10 runs. For EMG this was WAMP2,
but selected only 5 out of 10 times. One explanation is that EMG features would be
interchangeable due to the stochastic nature of EMG and thus no EMG features had
as high occurrence as angular features. When looking at table 4.5 in combination
with the fitness values per modality we can see something similar. Modality angle
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indicating the highest performance. Joint angle information could be captured with
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has some added benefit as seen in literature as well. Young et al. [104] showed that
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lower error rates compared with the non-adaptive algorithm. This would indicate
that a better classifier strategy has more influence on error rate than adding EMG
information. If we relate the findings in literature to our work, this would indicate
that the reason for an underrepresentation of EMG features is mostly due to the
limited information one could get from EMG.

Compared with other feature sets in literature, the found feature set is quite
large and contains features with a high computational load, such as entropy based
features. This might impact the computational time and the computational load of
a prosthesis, possibly increasing the energy requirement and introducing a delay.
However, as microprocessors get more energy efficient and more computational
powerful, we don’t expect the computational load to be a bottleneck. Next to this,
the energy requirement for torque generation is an order of magnitude larger, one
could expect a microprocessor processing a large feature set does not have a large
impact on the energy consumption of a prosthetic device overall.

We decided to implement a genetic algorithm with one addition, heterogeneity.
Heterogeneity was implemented to ensure that the population would not converge
too quickly to one solution. The downside of this approach is that the room for
potential better solutions could be limited by introducing random solutions. However,
when looking at figure 4.2, it can be seen that solutions quickly converge to the
maximum fitness and thus the difference between the median and maximum fitness
is reduced. By introducing random samples to the population, the population became
more diverse for a couple of generations and leading to better solutions. After a
couple of generations the population seems to converge again and the process starts
over. This resulted in the “spikes" which are visible in the image. Would we not
have implemented this strategy, the population would quickly converge to a solution
that would be possibly less optimal and by introducing random samples the genetic
algorithm is able to search outside this local optimum.

In this studywe have focused on the genetic algorithm, althoughmanymoremeta-
heuristics exist. It is important to identify potential meta-heuristics that are suitable
for feature selection. A broad range of metaphor-based meta-heuristics can be seen
in the field, ranging from Spotted Hyena Optimizers, Elephant Herding Optimizers to
Super-bug Algorithms and Raindrop algorithms. These “novel" optimizers are not
novel at all, but just adaptations of already existing meta-heuristics [107]. Hence for
us the decision to stick with a known and often used meta-heuristic.

A limitation of our study compared with the aforementioned studies is that

64

Conclusion

our evaluation is performed on able-bodied subjects, although application is aimed
towards a population with a gait impairment, such as amputees. Therefore, the
question arises whether these results can be translated towards a population with
gait impairments. Next to their evaluation on able-bodied subjects, Hu et al. [33]
implemented their classification strategy in a prosthesis as well and showed that
similar performance can be reached in an amputee population. Therefore, it can
be expected that the classification strategy would work equally well in a population
with impairments. Another limitation of our study is that we did not investigate the
influence of sensor selection on the error rate. One could expect based on literature
that by using sensor selection the error rate could be reduced even further, such as
shown by Young et al. [104] or that the computational time can be reduced while
not decreasing the error rate as shown by Halim et al. [92]. Sensor selection next to
feature selection could be performed by a genetic algorithm, but this would greatly
increase the search space and thus the question would arise again whether this
search space is not too large. However, results from our study encourages finding
the limitations of a genetic algorithm or other meta-heuristic in terms of feature and
sensor selection.

Conclusion
The goal of this study was to investigate the use of a genetic algorithm for feature
selection to enhance myoelectric control of the lower limb. The optimized feature
set GM-Opt and the constructed feature set GA-03 and GM-06 both reduced error
rates compared with state-of-the-art feature sets on two different databases. GM-06
outperformed the state-of-the-art feature set by relatively reducing overall errors
up to 11.6% and transitional errors up to 14.1%, although these results were not
significant. This study shows the importance and potential of feature selection in
myoelectric control of the lower limb and the suitability of a genetic algorithm to
search a large feature space.
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lower error rates compared with the non-adaptive algorithm. This would indicate
that a better classifier strategy has more influence on error rate than adding EMG
information. If we relate the findings in literature to our work, this would indicate
that the reason for an underrepresentation of EMG features is mostly due to the
limited information one could get from EMG.

Compared with other feature sets in literature, the found feature set is quite
large and contains features with a high computational load, such as entropy based
features. This might impact the computational time and the computational load of
a prosthesis, possibly increasing the energy requirement and introducing a delay.
However, as microprocessors get more energy efficient and more computational
powerful, we don’t expect the computational load to be a bottleneck. Next to this,
the energy requirement for torque generation is an order of magnitude larger, one
could expect a microprocessor processing a large feature set does not have a large
impact on the energy consumption of a prosthetic device overall.

We decided to implement a genetic algorithm with one addition, heterogeneity.
Heterogeneity was implemented to ensure that the population would not converge
too quickly to one solution. The downside of this approach is that the room for
potential better solutions could be limited by introducing random solutions. However,
when looking at figure 4.2, it can be seen that solutions quickly converge to the
maximum fitness and thus the difference between the median and maximum fitness
is reduced. By introducing random samples to the population, the population became
more diverse for a couple of generations and leading to better solutions. After a
couple of generations the population seems to converge again and the process starts
over. This resulted in the “spikes" which are visible in the image. Would we not
have implemented this strategy, the population would quickly converge to a solution
that would be possibly less optimal and by introducing random samples the genetic
algorithm is able to search outside this local optimum.

In this studywe have focused on the genetic algorithm, althoughmanymoremeta-
heuristics exist. It is important to identify potential meta-heuristics that are suitable
for feature selection. A broad range of metaphor-based meta-heuristics can be seen
in the field, ranging from Spotted Hyena Optimizers, Elephant Herding Optimizers to
Super-bug Algorithms and Raindrop algorithms. These “novel" optimizers are not
novel at all, but just adaptations of already existing meta-heuristics [107]. Hence for
us the decision to stick with a known and often used meta-heuristic.

A limitation of our study compared with the aforementioned studies is that

64

Conclusion

our evaluation is performed on able-bodied subjects, although application is aimed
towards a population with a gait impairment, such as amputees. Therefore, the
question arises whether these results can be translated towards a population with
gait impairments. Next to their evaluation on able-bodied subjects, Hu et al. [33]
implemented their classification strategy in a prosthesis as well and showed that
similar performance can be reached in an amputee population. Therefore, it can
be expected that the classification strategy would work equally well in a population
with impairments. Another limitation of our study is that we did not investigate the
influence of sensor selection on the error rate. One could expect based on literature
that by using sensor selection the error rate could be reduced even further, such as
shown by Young et al. [104] or that the computational time can be reduced while
not decreasing the error rate as shown by Halim et al. [92]. Sensor selection next to
feature selection could be performed by a genetic algorithm, but this would greatly
increase the search space and thus the question would arise again whether this
search space is not too large. However, results from our study encourages finding
the limitations of a genetic algorithm or other meta-heuristic in terms of feature and
sensor selection.

Conclusion
The goal of this study was to investigate the use of a genetic algorithm for feature
selection to enhance myoelectric control of the lower limb. The optimized feature
set GM-Opt and the constructed feature set GA-03 and GM-06 both reduced error
rates compared with state-of-the-art feature sets on two different databases. GM-06
outperformed the state-of-the-art feature set by relatively reducing overall errors
up to 11.6% and transitional errors up to 14.1%, although these results were not
significant. This study shows the importance and potential of feature selection in
myoelectric control of the lower limb and the suitability of a genetic algorithm to
search a large feature space.
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Chapter 5

Adaptive lower limb pattern recognition
for multi-day control

Abstract
Pattern recognition in EMG-based control systems suffer from increase in error rate
over time, which could lead to unwanted behavior. This so-called concept drift in
myoelectric control systems could be caused by fatigue, sensor replacement and
varying skin conditions. To circumvent concept drift, adaptation strategies could be
used to retrain a pattern recognition system, which could lead to comparable error
rates overmultiple days. In this studywe investigated the error rate development over
one week and compared three adaptation strategies to reduce the error rate increase.
The three adaptation strategies were based on entropy, on backward prediction
and a combination of backward prediction and entropy. Ten able-bodied subjects
were measured on four measurement days while performing gait-related activities.
During themeasurement electromyography and kinematics were recorded. The three
adaptation strategies were implemented and compared against the baseline error
rate and against adaptation using the ground truth labels. It can be concluded that
without adaptation the baseline error rate increases significantly from day 1 to 2, but
plateaus on day 2, 3 and 7. Of the three tested adaptation strategies, entropy based
adaptation showed the smallest increase in error rate over time. It can be concluded
that entropy based adaptation is simple to implement and can be considered a
feasible adaptation strategy for lower-limb pattern recognition.
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Chapter 5. Adaptive pattern recognition for multi-day control

Introduction
Pattern recognition systems based on electromyography (EMG) suffer from issues
with robustness and stability of classification accuracy over longer periods of time. The
accuracy of myoelectric pattern recognition could change up to 20%-30% throughout
the day or between days due to the nature of EMG [108, 109]. This effect, the
reduction of accuracy over time due to a changing input signal, is called concept
drift [110]. Concept drift inmyoelectric pattern recognition could be caused by fatigue,
sensor replacement and varying skin conditions [110] and user adaptability [111].
Therefore, long-time use often requires frequent retraining of myoelectric pattern
recognition systems and this forms a barrier for commercial use, for instance in
prosthetics [21, 112]. He et al. [113, 114] investigated long-term use of a myoelectric
pattern recognition system over 12 days. The authors showed that the accuracy
decreases up to 10% per day and tends to plateau after eight days, but below the
required minimum accuracy needed to control a prosthesis. Kaufmann et al. [111]
monitored classification accuracy in one subject over 21 days. They observed a
gradual decrease in accuracy over time, up to a decrease of almost 40% over 21 days
for certain classifiers, possibly due to changes in skin conditions, electrode placement
and user adaptability. Therefore, a strategy needs to be implemented to counter the
effect of concept drift to use a myoelectric pattern recognition system reliably over
multiple days.

Several strategies have been developed to overcome the problem of concept drift
in pattern recognition systems. One strategy is to use incremental learning, in which
the predicted labels are used to extend the training set [115–117]. A downside of this
approach is that by using predicted labels, also faulty labels are used to extend the
training set [117]. This leads to error accumulation, resulting in poor performance.
Next to that, by adding more data to the training set to retrain the algorithm the num-
ber of samples would increase, which increases the computational load. If this grows
too large, the computational time could be too long, which could harm the overall
use of a pattern recognition system due to delays in prediction. Therefore, using a
sample selection procedure could be beneficial. By adding only samples which are
suitable for adaptation the error would not accumulate and the number of samples
in the training set would be limited. Several sample selection procedures have been
investigated in literature, such as only keeping the last number of samples [111],
a resampling procedure based on clustering [117–119], sample selection based on
entropy [120–122] or sample selection based on backward prediction [123–128].

68

Introduction

Although many of these adaptation strategies have been applied in the upper
limb, the amount of studies into lower-limb pattern recognition adaptation are limited.
Studies have shown to reach high accuracy in lower-limb pattern recognition [129–
132], however, only a few studies have looked into multi-day pattern recognition [18].
Simon et al. [133] investigated the influence of amount of training data in two trans-
femoral amputees spanning four measurement sessions. They concluded that the
error rate in session 4 decreased from 1.45% [0.3 Standard Error of the Mean (SEM)]
when using only training data from session 1 to 0.60% [0.02 SEM] when using data
from session 1, 2 and 3. Du et al. [122] compared two adaptation strategies to cope
with EMG disturbance for lower-limb pattern recognition for prosthetic control. One
strategy was based on entropy to determine the confidence the classifier had in its
prediction. The other strategy was Learning From Testing data (LIFT), where multiple
binary classifiers were trained to determine suited data to update the classifier. They
found that by updating the classifier over time, the error rate decreased by 6.5%-12%
compared with a non-adaptive version. No significant differences were found be-
tween the two update methods. Liu et al. [134] extended this analysis by comparing
entropy based sample selection with LIFT and transductive support vector machines.
They concluded that entropy based sample selection worked best in two able-bodied
subjects and one transfemoral amputee and evaluated their method in real-time on
another transfemoral amputee. The real-time results showed that entropy based
adaptation leads to a better performing prosthesis. Spanias et al. [123] developed a
backward predictor called Gait Pattern Estimator, to relabel steps and to update the
forward predictor in lower-limb pattern recognition used in a transfemoral prosthesis.
The authors compared updates based onmechanical sensor information and the Gait
Pattern Estimator, which uses data from the previous stride to update. They found
that using the Gait Pattern Estimator, the error rate did not differ significantly from
updating using the ground truth labels (resp. 4.5% versus 3% error). The authors
applied this update technique in an online setting with transfemoral amputees as
well [124]. Using the adaptive system they reduced the error rate from 4.4% to 4.0%
for the forward predictions, using a backward predictor with an error rate of 1.6%.
Woodward et al. [126] used the backward predictor as well, using a feed forward
Neural Network for the forward and backward predictors. They measured four trans-
femoral amputees over four sessions. After each session they added the session to
the training set using labeled data. They compared this approach against using a user
independent model and adaptively updating this model using backward prediction.
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Introduction
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approach is that by using predicted labels, also faulty labels are used to extend the
training set [117]. This leads to error accumulation, resulting in poor performance.
Next to that, by adding more data to the training set to retrain the algorithm the num-
ber of samples would increase, which increases the computational load. If this grows
too large, the computational time could be too long, which could harm the overall
use of a pattern recognition system due to delays in prediction. Therefore, using a
sample selection procedure could be beneficial. By adding only samples which are
suitable for adaptation the error would not accumulate and the number of samples
in the training set would be limited. Several sample selection procedures have been
investigated in literature, such as only keeping the last number of samples [111],
a resampling procedure based on clustering [117–119], sample selection based on
entropy [120–122] or sample selection based on backward prediction [123–128].
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Chapter 5. Adaptive pattern recognition for multi-day control

They showed that the backward prediction approach performed similarly. It can be
seen that adaptation strategies are beneficial for the lower limb.

The aforementioned studies have shown that updating classifiers after training is
crucial for long-term usage of pattern recognition systems. Currently, studies looking
into long-term usage in the lower limb are limited and also limited in the number
of days and number of subjects. It is unclear which adaptation strategy would be
most suited for multi-day pattern recognition in the lower limb. Two sample selection
techniques are of interest based on literature. The first strategy is based on entropy,
using entropy to determine whether a sample is suited to retrain on. The second
strategy is a backward prediction strategy to label new samples, such as the Gait
Pattern Estimator by Spanias et al. [123]. In this work we introduce a third strategy,
which is a combination of the two strategies. In the work of Spanias et al. [123] the
backward predictor itself was not updated and could possibly suffer from concept
drift as well. Therefore, we propose to use entropy for sample selection for the
backward predictor over time. The expectation is that by updating the backward
predictor, the accuracy of the forward predictor could be improved.

The goal of this study was to investigate concept drift in pattern recognition in the
lower limb used on multiple days and compare three adaptation strategies to counter
this concept drift. Using a multi-day measurement set-up, a clear picture could be
created of how algorithms behave in long-term use and which adaptation strategy
would be suited to use in multi-day pattern recognition in the lower extremity.

Material & Methods
Experimental Data
Ten able-bodied subjects (sex: 4m, 6f; age: 24±2 years; weight: 71±9 kg; height:
174±6 cm) participated in this study. The protocol was reviewed and approved by
Medical research Ethics Committees United (MEC-U) Nieuwegein, the Netherlands.
The participants provided their written informed consent to participate in this study.

Bipolar EMG was recorded from eight muscles on both legs: rectus femoris,
vastus lateralis, biceps femoris, semitendinosus, gluteus maximus, adductor magnus,
gastrocnemius medialis and tibialis anterior. All EMG electrodes were placed accord-
ing to SENIAM guidelines [135]. EMG was recorded using Cometa Wave electrodes
at a sampling frequency of 2000 Hz. EMG was filtered with a zero-lag second order
butterworth highpass filter with a cut-off frequency of 20Hz. Lower body kinematics
were collected using an MVN Link suit (Xsens, Enschede, The Netherlands), using eight
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inertial measurement units (IMUs) to reconstruct lower body kinematics at 240Hz.
IMUs were placed on the sternum, pelvis, both thighs, shanks and feet. All data were
time synchronized and resampled to 1000Hz. In this study we used acceleration and
angular velocity of the thigh, shank and foot, knee angle, ankle angle and EMG from
eight muscles all of the right leg.

Data were collected at the Roessingh Research & Development, Enschede, the
Netherlands. Each subject was measured four times: three measurements were
conducted on three subsequent days on day 1, 2 and 3 and the last measurement
was four days later on day 7. The subjects were measured during the same time
slot on each day. Before each measurement the maximal voluntary contraction of
each muscle was measured to normalize EMG. The normalization of EMG was done
according to the guidelines of Rutherford et al. [77]. Each muscle was contracted for 3
seconds with 3 seconds interval, repeated 3 times. Hereafter, the subjects were asked
to perform a circuit of activities, including level-ground walking, stair ascent/descent,
ramp ascent/descent and sit-stand motions, see figure 5.1. The subject stood up from
a stool, walked, ascended the stairs, walked, descended the ramp, walked, turned
around, walked back to the ramp, ascended the ramp, walked, descended the stairs,
walked and sat down again. This circuit was performed 40 times. Total measurement
time including subject preparation, sensor placement and calibration was around
three hours per measurement day. After each measurement, an observer labelled
the data with the performed activity manually based on kinematics. These labels
were assigned by looking at the knee joint angles, ankle angles and a stick figure
representation based on the virtual markers. For instance stair ascent can clearly
be recognized by looking at the knee angle in the sagittal plane. If a subject was
transitioning from one activity to the next, the timestamp was labelled as the next
activity, similar how other online datasets were labelled such as the ENABL3S dataset
by Hu et al. [136]. These manual labels were considered the ground truth labels. The
data set contained 40 trials per subject per day, resulting in 160 trials per subject,
1600 trials in total. For each subject there were on average 956 ±70 samples per day.
Each trial was approximately 90 seconds.
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inertial measurement units (IMUs) to reconstruct lower body kinematics at 240Hz.
IMUs were placed on the sternum, pelvis, both thighs, shanks and feet. All data were
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eight muscles all of the right leg.

Data were collected at the Roessingh Research & Development, Enschede, the
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conducted on three subsequent days on day 1, 2 and 3 and the last measurement
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to perform a circuit of activities, including level-ground walking, stair ascent/descent,
ramp ascent/descent and sit-stand motions, see figure 5.1. The subject stood up from
a stool, walked, ascended the stairs, walked, descended the ramp, walked, turned
around, walked back to the ramp, ascended the ramp, walked, descended the stairs,
walked and sat down again. This circuit was performed 40 times. Total measurement
time including subject preparation, sensor placement and calibration was around
three hours per measurement day. After each measurement, an observer labelled
the data with the performed activity manually based on kinematics. These labels
were assigned by looking at the knee joint angles, ankle angles and a stick figure
representation based on the virtual markers. For instance stair ascent can clearly
be recognized by looking at the knee angle in the sagittal plane. If a subject was
transitioning from one activity to the next, the timestamp was labelled as the next
activity, similar how other online datasets were labelled such as the ENABL3S dataset
by Hu et al. [136]. These manual labels were considered the ground truth labels. The
data set contained 40 trials per subject per day, resulting in 160 trials per subject,
1600 trials in total. For each subject there were on average 956 ±70 samples per day.
Each trial was approximately 90 seconds.

71



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 80PDF page: 80PDF page: 80PDF page: 80

Chapter 5. Adaptive pattern recognition for multi-day control

Figure 5.1: Schematic outline of the measurement set-up. The subject started on the stool, stood up,
walked to the stairs, passed over the stairs/ramp combination, walked, turned and walked back to the
ramp, passed over the stairs/ramp combination, walked and sat down again. the ramp angle was 10
degrees, the stair step height was 20 cm, stair step length was 22cm.

Feature extraction and classification
We used a mode-specific Neural Network classifier, comparable as described by
Woodward et al. [125, 126]. The neural network contained one hidden layer with 20
nodes as proposed by Woodward et al. [125] and relu activation. The neural networks
were trained using Adam optimizer with a learning rate of 0.001. Neural networks
were trained for 100 epochs. If the error rate of the validation set did not increase
in three epochs, the training was stopped early. The validation set consisted of 10%
randomly chosen samples from the training set. Mode-specific means that for each
mode (i.e. a gait related activity) a separate classifier was trained. A window of 300ms
was extracted from each sensor channel prior to each gait event. From each window
various features were extracted and these feature vectors were used in the classifier.
The features were mean, standard deviation, maximal value, minimal value, start
value and end value for the mechanical sensor data and the mean absolute value,
zero crossings, slope sign changes, waveform length and coefficients of a fourth
order autoregressive model for EMG.

Adaptation strategies
Based on literature we identified two possible sample selection strategies for pattern
recognition adaptation and proposed one novel strategy:

• Sample selection based on confidence using entropy [120, 122, 134]

• Sample labelling based on backward prediction [123, 124, 126]

• Combination of backward prediction and updating using entropy

These sampling strategies will be compared using no adaptation strategy (baseline)
and against retraining using the ground truth labels (perfect retraining). Perfect
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retraining could be considered the most optimal situation, but is not feasible in a
real-life setting due to the lack of ground truth labels.

Entropy-based sample selection
Entropy is a measure of classifier confidence in its prediction. The lower the entropy,
the more confident a prediction is. Entropy (E) is defined as [134]:

E = −
N∑
k=1

pkln(pk) (5.1)

pk is the posterior probability of class k out ofN classes. In this case we used the
posterior probability estimated by the neural network. The entropy threshold for
sample selection was proposed by Du et al. [122] and used by Liu et al. [134]. They
found that an entropy value of 0.6 for 5 classes work most optimal. However, in
our case, the number of classes differed per mode, we set the entropy threshold to
0.6/ln(5)× ln(N). An overview of the entropy based adaptation pipeline is shown
in figure 5.2A.

Backward predictor
Backward predictions were made using a backward predictor as proposed by Spanias
et al. [123] and used by Woodward et al. [126]. The backward predictor classified
each step after it occurred, as opposed to classifying the motor intent before each
step (forward prediction). The backward predictions can then be used as labels for
previous samples which can be added to the training set of the forward predictor.
The backward predictor existed of a Neural Network classifier, as described before.
Features were extracted from mechanical sensor information collected over the
previous stride, with a maximal window size of 1500ms. The extracted features were
the mean, standard deviation, maximal value, minimal value, start value and end
value. An overview of the backward predictor based adaptation pipeline is shown in
figure 5.2B.

73



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 81PDF page: 81PDF page: 81PDF page: 81

Ch
ap

te
r 5

Chapter 5. Adaptive pattern recognition for multi-day control

Figure 5.1: Schematic outline of the measurement set-up. The subject started on the stool, stood up,
walked to the stairs, passed over the stairs/ramp combination, walked, turned and walked back to the
ramp, passed over the stairs/ramp combination, walked and sat down again. the ramp angle was 10
degrees, the stair step height was 20 cm, stair step length was 22cm.

Feature extraction and classification
We used a mode-specific Neural Network classifier, comparable as described by
Woodward et al. [125, 126]. The neural network contained one hidden layer with 20
nodes as proposed by Woodward et al. [125] and relu activation. The neural networks
were trained using Adam optimizer with a learning rate of 0.001. Neural networks
were trained for 100 epochs. If the error rate of the validation set did not increase
in three epochs, the training was stopped early. The validation set consisted of 10%
randomly chosen samples from the training set. Mode-specific means that for each
mode (i.e. a gait related activity) a separate classifier was trained. A window of 300ms
was extracted from each sensor channel prior to each gait event. From each window
various features were extracted and these feature vectors were used in the classifier.
The features were mean, standard deviation, maximal value, minimal value, start
value and end value for the mechanical sensor data and the mean absolute value,
zero crossings, slope sign changes, waveform length and coefficients of a fourth
order autoregressive model for EMG.

Adaptation strategies
Based on literature we identified two possible sample selection strategies for pattern
recognition adaptation and proposed one novel strategy:

• Sample selection based on confidence using entropy [120, 122, 134]

• Sample labelling based on backward prediction [123, 124, 126]

• Combination of backward prediction and updating using entropy

These sampling strategies will be compared using no adaptation strategy (baseline)
and against retraining using the ground truth labels (perfect retraining). Perfect
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retraining could be considered the most optimal situation, but is not feasible in a
real-life setting due to the lack of ground truth labels.

Entropy-based sample selection
Entropy is a measure of classifier confidence in its prediction. The lower the entropy,
the more confident a prediction is. Entropy (E) is defined as [134]:

E = −
N∑
k=1

pkln(pk) (5.1)

pk is the posterior probability of class k out ofN classes. In this case we used the
posterior probability estimated by the neural network. The entropy threshold for
sample selection was proposed by Du et al. [122] and used by Liu et al. [134]. They
found that an entropy value of 0.6 for 5 classes work most optimal. However, in
our case, the number of classes differed per mode, we set the entropy threshold to
0.6/ln(5)× ln(N). An overview of the entropy based adaptation pipeline is shown
in figure 5.2A.

Backward predictor
Backward predictions were made using a backward predictor as proposed by Spanias
et al. [123] and used by Woodward et al. [126]. The backward predictor classified
each step after it occurred, as opposed to classifying the motor intent before each
step (forward prediction). The backward predictions can then be used as labels for
previous samples which can be added to the training set of the forward predictor.
The backward predictor existed of a Neural Network classifier, as described before.
Features were extracted from mechanical sensor information collected over the
previous stride, with a maximal window size of 1500ms. The extracted features were
the mean, standard deviation, maximal value, minimal value, start value and end
value. An overview of the backward predictor based adaptation pipeline is shown in
figure 5.2B.
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A B

Figure 5.2: Overview of the adaptation pipelines. (A) Entropy based adaptation. First features from a
window prior to initial contact were extracted. Hereafter the forward predictor predicted the upcoming
activity. Based on the probability of the forward predictor the entropy (E) is estimated. If the entropy
lies below the threshold (Thr) the sample is stored to be used for updating the forward predictor.
(B) Backward predictor adaptation. The forward prediction works the same as before. After a stride,
features were extracted from the previous stride and used by the backward predictor to predict the
previous activity. The prediction of the backward predictor was then stored together with the features
from the forward prediction to be used for updating the forward predictor.

Backward predictor with entropy adaptation
The next step is to combine the previous described methods. Backward prediction
would suffer from concept drift as well, as no adaptation over time takes place.
Therefore, we propose to adapt the backward predictor, based on entropy. The
posterior probability of the backward prediction is used to calculate entropy. The
training set of the backward predictor was extended if a sample had a lower entropy
value than the threshold. This threshold was the same as described in the section
entropy. After each two trials the backward predictor was updated. An overview of
the backward predictor with entropy adaptation pipeline is shown in figure 5.3.
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Figure 5.3: Overview of the backward predictor with entropy adaptation pipeline. First features were
extracted from the window before initial contact. The forward predictor used this features to predict
the upcoming activity. After a stride the backward predictor predicted the activity of the previous
stride. The prediction by the backward predictor was then saved together with the features used by the
forward prediction. This sample could then be used for updating the forward predictor. Entropy of the
backward prediction was determined using the posterior probability of the backward prediction. If the
entropy (E) was below the threshold (Thr) the sample was used for updating the backward predictor.

Evaluation
In total there were approximately 160 trials per subject, 40 trials per day. Each
predictor was trained on 50% of the data of day 1. The remaining data were used as
test set. When a sample was selected or labelled by one of the adaptation strategies,
the sample was added to the training set. The predictor was retrained after each two
trials. Hereafter the updated predictor was used to predict the samples of the next
trial in the test set, until all trials were used for testing and updating. This means that
no sample used for updating was used for training before testing.

To visualize the possible concept drift, we used a principal component analysis
(PCA) on the extracted features. This PCA was fitted on data of day 1, retaining two
components for easier visualization. Data from the other days was projected on the
same principal components.

The evaluation metric used in this work was error rate. Error rate is defined as the
number of wrongly classified samples divided by the total number of samples. We
used a repeated measures ANOVA with Bonferroni correction to compare the error
rates per adaptation strategy and to compare between strategies per day. Normality
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of the residuals was visually confirmed. Normality of the underlying error distribution
was assumed as the number of samples per subject was large.

Results
Forward prediction
The results of the repeated-measures ANOVA showed that there was a statisti-
cal significant effect of adaptation strategy (F(4,36)=17.5, p<1e-4, η2p=0.66), of day
(F(3,27)=11.8, p<1e-4, η2p=0.56) and of the interaction between adaptation strategy
and day (F(12,108)=5.3, p<1e-4, η2p=0.37).

Baseline and retraining using ground truth labels results are shown in figure 5.4
A & B. When no adaptation was used, the error rates were 5.9± 2.0% on day 1, 9.4±
2.4% on day 2, 9.2± 2.8% on day 3 and 9.6± 3.0% on day 7. The error rate increased
significantly from day 1 to 2 (p=0.001), but no significant differences were found
between the error of day 2, 3 and 7. When adaptation was used with ground truth
labels the error rates were 5.1± 1.6% on day 1, 5.4± 1.5% on day 2, 4.2± 1.0% on
day 3 and 4.5 ± 1.3% on day 7. No significant differences were found between error
rates per day.

A B

Figure 5.4: Average forward prediction error rates over all subjects per day for the baseline error rate
(gray) and retraining using perfect labels (orange). (A) the average error rate over the measurement
day. (B) The average error rate per day. An asterisk indicates significant difference.

Results of the adaptation strategies are shown in figure 5.5. Using entropy based
adaptation the error rates were 5.5± 2.0% on day 1, 7.5± 2.1% on day 2, 6.7± 1.9%
on day 3 and 7.4± 1.8% on day 7. No significant differences were found between
error rates per day. Using the backward predictor the error rates were 5.2± 1.8%
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on day 1, 9.3 ± 2.7% on day 2, 8.8 ± 2.6% on day 3 and 9.2 ± 2.7% on day 7. The
error significantly increased from day 1 to 2 (p=0.022), but no significant difference
was found between day 2, 3 and 7. Using the proposed backward predictor with
entropy adaptation the error rates were 5.5± 1.9% on day 1, 8.1 ± 3.6% on day 2,
7.0± 2.4% on day 3 and 7.9± 3.0% on day 7. No significant differences were found
between error rates per day. The perfect labelling strategy significantly reduced
the error rate compared to the baseline approach on day 2, 3 and 7 (resp. p=0.004,
p=0.001, p=0.001), as well as the backward prediction approach on day 2, 3 and
7 (resp. p=0.012, p=0.006, p=0.002). Perfect labelling also reduced the error rate
compared to the entropy based method on day 3 and 7 (resp. p=0.001, p=0.001)
and the backward prediction with entropy adaptation method on day 3 and 7 (resp.
p=0.014, p=0.028). The entropy based method significantly reduced the error rate
compared to baseline on day 2 and 3 (resp. p=0.001, p=0.006).

Figure 5.5: Average forward prediction error rates with standard deviation of baseline and adaptation
strategies per day. An asterisk indicates significant difference.

Forward prediction per activity
Average error rates of the forward prediction are shown in figures 5.6 and 5.7. When
looking at the error rate during walking, figure 5.6A, it can be seen that the entropy
based adaptation strategy and the backward prediction with entropy adaptation
strategy are able to reduce the error compared to baseline. The backward estimation
without adaptation showed an increase in standard deviation compared to baseline.
For stair ascent, figure 5.6B, both backward prediction adaptation strategies show low
error rates, comparable to the perfect retraining strategy. Entropy based adaptation
shows lower errors than baseline, but performed worse than the other strategies.
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of the residuals was visually confirmed. Normality of the underlying error distribution
was assumed as the number of samples per subject was large.

Results
Forward prediction
The results of the repeated-measures ANOVA showed that there was a statisti-
cal significant effect of adaptation strategy (F(4,36)=17.5, p<1e-4, η2p=0.66), of day
(F(3,27)=11.8, p<1e-4, η2p=0.56) and of the interaction between adaptation strategy
and day (F(12,108)=5.3, p<1e-4, η2p=0.37).

Baseline and retraining using ground truth labels results are shown in figure 5.4
A & B. When no adaptation was used, the error rates were 5.9± 2.0% on day 1, 9.4±
2.4% on day 2, 9.2± 2.8% on day 3 and 9.6± 3.0% on day 7. The error rate increased
significantly from day 1 to 2 (p=0.001), but no significant differences were found
between the error of day 2, 3 and 7. When adaptation was used with ground truth
labels the error rates were 5.1± 1.6% on day 1, 5.4± 1.5% on day 2, 4.2± 1.0% on
day 3 and 4.5 ± 1.3% on day 7. No significant differences were found between error
rates per day.
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Figure 5.4: Average forward prediction error rates over all subjects per day for the baseline error rate
(gray) and retraining using perfect labels (orange). (A) the average error rate over the measurement
day. (B) The average error rate per day. An asterisk indicates significant difference.

Results of the adaptation strategies are shown in figure 5.5. Using entropy based
adaptation the error rates were 5.5± 2.0% on day 1, 7.5± 2.1% on day 2, 6.7± 1.9%
on day 3 and 7.4± 1.8% on day 7. No significant differences were found between
error rates per day. Using the backward predictor the error rates were 5.2± 1.8%
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on day 1, 9.3 ± 2.7% on day 2, 8.8 ± 2.6% on day 3 and 9.2 ± 2.7% on day 7. The
error significantly increased from day 1 to 2 (p=0.022), but no significant difference
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strategy are able to reduce the error compared to baseline. The backward estimation
without adaptation showed an increase in standard deviation compared to baseline.
For stair ascent, figure 5.6B, both backward prediction adaptation strategies show low
error rates, comparable to the perfect retraining strategy. Entropy based adaptation
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In figure 5.7A it can be seen that all adaptation strategies perform comparable to
each other and to baseline, which means no improvement is shown. In figure 5.7B it
can be seen that the both backward prediction based adaptation strategies show no
improvement compared to baseline. Entropy based adaptation shows improvement
compared to baseline.

In figure 5.8, the projection of the extracted features on the first two principal
components of the extracted features of day 1 during ramp walking are shown. The
principal component projection forms a visualization of the input data and might
give an indication of the variance and changes in input data. The variation is largest
on day 1, the shift of the mean is largest from day 1 to day 2.

A B

Figure 5.6: Average forward prediction error rates over all subjects per day per strategy during walking
(A) and stair ascent (B)
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A B

Figure 5.7: Average forward prediction error rates over all subjects per day per strategy during ramp
ascent (A) and ramp descent (B)

Figure 5.8: Projection of the extracted features on the first two principal components of day 1 during
ramp walking of day 1 (blue), day 2 (orange), day 3 (green) and day 7 (purple) of one subject. Ellipses
indicate one standard deviation from the mean, mean values are indicated with the darker dot.

Backward prediction
The results of the repeated-measures ANOVA showed that there was a statistical
significant effect of backward predictor strategy (F(1,9)=14.6, p=0.004, η2p=0.62), of
day (F(3,27)=8.7, p<1e-4, η2p=0.56) and of the interaction between backward predictor
strategy and day (F(3,27)=2.4, p=0.016, η2p=0.31).

The backward predictor error rates are shown in figure 5.9. Comparing the
backward predictor with the backward predictor with entropy adaptation, it can be
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seen that the backward predictor using entropy adaptation has a lower backward
error rate. Average error rates of the backward predictor were 6.1 ± 2.2% on day 1,
11.2± 3.5% on day 2, 11.1± 3.2% on day 3 and 11.0± 3.4% on day 7. When using
the entropy based adaptation, the backward prediction error was reduced on day
2, 3 and 7. The average error rates were 6.1 ± 2.4% on day 1, 9.2 ± 3.9% on day
2, 7.6 ± 2.8% on day 3 and 9.0 ± 3.7% on day 7. The entropy adaptation method
significantly reduces the error rate compared to the non-adapted version on day 3
and 7 (resp. p=0.006, p=0.036).

Figure 5.9: Average error rates with standard deviation of the backward prediction error of the
backward predictor and the backward predictor with entropy adaptation. An asterisk indicates significant
difference.

Discussion
The goal of this study was to address the increase in error rate due to concept drift
in pattern recognition in the lower limb, by investigating three adaptation strategies.
These adaptation strategies were based on entropy, backward prediction and a com-
bination of these two strategies. The latter was an adaptation strategy we proposed
in this study. The baseline error rate increased significantly from day 1 to 2, but
plateaus after day 2, showing no significant differences in error rate between day 2, 3
and 7. None of the adaptation strategies was as good as using the ground truth labels.
The error rate of the entropy based adaptation strategy and the backward predictor
with entropy adaptation strategy showed no significant differences between day 1
and the other days. The entropy based adaptation strategy significantly decreased
the error rate on day 2 and 3 compared to baseline.

This study confirms that lower-limb pattern recognition suffers from concept
drift, as seen by the increase in the baseline error rate and the shift of the mean
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and covariance of the projections on the principal components with respect to day 1
in figure 5.8. Especially the significant increase in error from day 1 to 2 seen in the
baseline error rate could harm clinical use. The error significantly increased from 5.9
± 2.0% on day 1 to 9.4 ± 2.4% on day 2, which is a relative increase of 59%. After
day 2 the error seems to plateau and does not differ significantly between day 2,
3 and 7. This might also be explained by the shift in variation seen in the principal
components, as the variation seems to reduce and input data became more similar
over time, but differed from the input data from day 1.

Using ground truth labels the error rate remained stable around 4-5%. In fig-
ure 5.4 could be seen that using the ground truth labels also decreased the error
rate within one measurement day, especially on day 7. However, the ground truth
labels are not available in a real-life setting, which would make this approach not
feasible. The alternative is to use entropy based adaptation or a backward predictor
with entropy adaptation to counter this concept drift to some degree. Using entropy
adaptation the error increased from 5.5 ± 2.0% on day 1 to 7.5 ± 2.1% on day
2, which is a relative increase of 36%. Using the backward predictor with entropy
adaptation the error increased from 5.5 ± 1.9% on day 1 to 8.1 ± 3.6% on day 2,
which is a relative increase of 47%. Backward prediction suffers from concept drift
as well as can be seen in figure 5.9. This would mean that such an approach is not
feasible for longer periods of time as the backward prediction error increases. This
would lead to wrongly updated training set for the forward predictor and ultimately
lead to increase of error in the forward predictions. Entropy based adaptation for the
backward predictor decreases the effect of concept drift and reduces the backward
prediction error rate compared to the non-adapted version. However, compared to
entropy-based adaptation, there is no clear benefit on the overall error rate of this
approach. Figures 5.6 and 5.7 show that the different strategies have different effects
on the error rates. The backward prediction strategies both show low error rates on
stair ascent. Probably stair ascent is easily recognizable over a stride, for instance in
knee angle or large EMG activity, and thus samples can be more reliably relabeled,
leading to lower error rates for stair ascent. The opposite might be the case for ramp
related activities, where the activities are too similar to walking, which lead to miss
labeled samples and higher error rates. The idea that ramp walking is more difficult
to recognize is seen in other studies as well, where ramp walking had a relatively
higher error compared to stair climbing or where a similar control strategy was used
for ramp climbing and level-ground walking [137, 138]. The entropy based adapta-
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11.2± 3.5% on day 2, 11.1± 3.2% on day 3 and 11.0± 3.4% on day 7. When using
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2, 3 and 7. The average error rates were 6.1 ± 2.4% on day 1, 9.2 ± 3.9% on day
2, 7.6 ± 2.8% on day 3 and 9.0 ± 3.7% on day 7. The entropy adaptation method
significantly reduces the error rate compared to the non-adapted version on day 3
and 7 (resp. p=0.006, p=0.036).

Figure 5.9: Average error rates with standard deviation of the backward prediction error of the
backward predictor and the backward predictor with entropy adaptation. An asterisk indicates significant
difference.
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tion showed lower error on walking, stair ascent and ramp descent and comparable
results on ramp ascent. Although the relative increase of entropy-based adaptation
remains high, it is lower than the relative increase of baseline error of 59%. These
activity specific results give rise to the idea that using different adaptation strategies
for different activities might lead to a more a better performing adapting pattern
recognition system. For instance using backward prediction with entropy adaptation
during stair climbing and using entropy-based adaptation for other activities. These
entropy-based adaptation strategies can be implemented in real-time and might be
most suited to be used in further development of lower-limb pattern recognition
systems as after initial training no manual interventions would be necessary.

The baseline error rate seen in day one, 5.9 ±2.0%, is comparable with results
in literature. Zhang et al. [129] reached an error rate of 15.5 ±8.0% using an non-
optimized neural network and an error rate of 5.1 ±0.45% using an optimized version
in eighty able-bodied individuals performing various gait-related activities. Wang
et al. [139] reported an error rate of 2.7%-4.8% using a support vector machine for
gait mode recognition in eight able-bodied subjects. Zhang and Tao [130] showed
error rate of 7.8% using support vector machine and 2.8% using convolutional neural
networks in six able-bodied subjects performing various gait-related activities. These
studies did not report findings on long-term evaluation of lower-limb pattern recogni-
tion. Looking at multi-day studies, our results are comparable to that of Du et al. [122]
and Liu et al. [134]. Liu et al. [134] showed that the error rate increased from 7.3%
to 14.9% when no adaptation strategy was used, which is comparable to this work.
Furthermore, the authors showed that the error rate remained below 10% when
adaptive strategies were used, comparable to our findings. Zheng et al. [128] showed
that by using an automatic labelling strategy based on template matching that the
inter-day accuracy could go up from 60% to 88.8%, which emphasizes the need for
updating a pattern recognition system when using it over longer periods of time.
Spanias et al. [124] found that backward prediction outperformed entropy-based
adaptation, which is in contrast with findings in this study. A possible cause for this
difference is the accuracy of the backward predictor. The backward predictor of
Spanias et al. [124] had an error rate of 1.6%. Our backward predictor had an error
rate of 6.1± 2.2% on day 1, which increased to 9.2± 3.9% on day 2. The large error
rate would mean that a forward predictor was incorrectly updated and thus would
lead to higher errors. However, the reason for the difference in error rate remains
unknown. Possibly the number of trials used to train the backward predictor were
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not sufficient and more trials would have been necessary. In a clinical setting this
would mean that more training and calibration would be necessary which might not
be feasible, although using data from multiple days does reduce the classification
error [133]. Another strategy might be to use user independent data [140–145] and
train the backward predictor on earlier collected data from other users, such as pro-
posed by Woodward et al. [126]. This approach seems to reduce the initial error of
the backward predictor and leads to better forward predictor updating. Next to that
activity recognition or locomotion mode recognition could play a role to enhance la-
belling of samples [146, 147], although this requires longer windows of data, possibly
increasing the computational load. Another approach would be the use of additional
sensors such as depth sensing for terrain identification to update labels [17, 148].
These changes could lead to a better backward predictor and therefore probably
lead to a better forward prediction. In its current state the error rate of the backward
predictor is too high to result in reliable labeling for the adaptation of the forward
predictor.

One of the limitations of this study is the use of able-bodied subjects instead of
patients groups, such as amputees with a controllable prosthesis. However, as we only
intended to show the influence of concept drift and the differences between various
adaptation strategies, the use of able-bodied subjects is justified. Our results are
generated on a larger subject population than described before in literature spanning
multiple days, but the amount of subjects is still limited. The sample size of ten
subjects is small, although the n2

p>0.14 which indicated a large effect size for model,
day and the interaction effect. This suggests that the sample size was adequate for our
research. However, additional data using patient groups as well, could be helpful to
provide a clearer result between the different adaptation strategies. However, these
results give insight into the error rate in lower-limb pattern recognition over multiple
days and show the necessity of implementing adaptation strategies. Next to this, the
MVC that was used for EMG normalization cannot easily be performed by amputees
or patients. However, for clinical use, a submaximal contraction, as for instance
during walking, could be used to estimate maximum contraction [149]. The major
advantage of this submaximal contraction is that it can also be estimated during daily
use, thus circumvents the need for additional daily calibration routines. However, we
did not investigate this approach in a multi-day setting and future research should
verify whether submaximal contractions could be used for EMG normalization in
multi-day lower-limb pattern recognition. The next step would be to compare the
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most promising strategies over multiple days in a patient group, such as amputees,
to confirm clinical benefit. At the moment it is unclear whether these results would
be good enough for multi-day pattern recognition to be used in clinical settings, as
the increase in error rate is still substantial over days. Future work could focus on
robustness of feature sets by selecting more optimal feature sets as shown by Wang
et al. [139] or focus on more deep learning algorithms which have the opportunity
to model variances over time [150]. Selecting optimal features might lead to more
robust performance [32, 139, 141], by optimizing feature selection for a specific
problem. However, in this work we have only focused on the adaptation strategies
and chosen to use a feature set which was commonly described in literature. Next to
that future work should focus on home monitoring of users during a multi-day study,
to see whether the entropy based adaptation strategy would still be most optimal to
use in this scenario.

Conclusion
In this work we investigated three adaptation strategies to address concept drift
in multi-day pattern recognition. We evaluated the three approaches on a data
set containing ten able-bodied subjects, consisting of 40 trials per day evaluated
over 4 measurement days, of which three were consecutive and the final day was 7
days after the first measurement day. It can be concluded that the baseline error
rate increased significantly from day 1 to 2, but remained stable over the other
measurement days. Entropy based adaptation showed the smallest increase in
error rate and can be considered to be the most feasible adaptation strategy for
multi-day pattern recognition overall, although the backward predictor using entropy
adaptation showed promising results for predicting stair ascent and descent, giving
the rise to the idea to combine multiple error compensation strategies. Results of
this study indicate the necessity of multi-day measurements to evaluate lower-limb
pattern recognition to be used in multi-day control.
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Chapter 6

Multi-day EMG-based Knee Joint Torque
Estimation

Abstract
Proportional control using surface electromyography (EMG) enables more intuitive
control of a transfemoral prosthesis. However, EMG is a noisy signal which can vary
over time, giving rise to the question what approach for knee torque estimation
is most suitable for multi-day control. In this study we compared three different
modeling frameworks to estimate knee torque in non-weight-bearing situations. The
first model contained a convolutional neural network (CNN) which mapped EMG to
knee torque directly. The second used a neuromusculoskeletal model (NMS) which
used EMG, muscle tendon unit lengths and moment arms to compute knee torque.
The third model (Hybrid) used a CNN to map EMG to specific muscle activation,
which was used together with NMS components to compute knee torque. Multi-day
measurements were conducted on ten able-bodied participants who performed
non-weight bearing activities. CNN had the best performance in general and on each
day (Normalized Root Mean Squared Error (NRMSE) 9.2%±4.4%). The Hybrid model
(NRMSE 12.4%±3.4%) was able to outperform NMS (NRMSE 14.3%±4.2%). The NMS
model showed no significant difference between measurement days. The CNNmodel
and Hybrid models had significant performance differences between the first day
and all other days. CNNs are suited for multi-day torque estimation in terms of error
rate, outperforming the other two model types. NMS was the only model type which
was robust over all days.
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Chapter 6. Multi-day EMG-based knee joint torque estimation

Introduction
Amputees regain functional abilities by learning to use a prosthesis [8]. Most prosthe-
ses are passive and are adequate for most walking scenarios in daily life. However,
these passive prostheses are not capable of producing power. Therefore, the use
of these prostheses in daily life is limited by an amputee’s strength and capacity for
gait adaptations. This makes activities such as stair climbing challenging [151, 152].
Actuated or powered prostheses have the potential to overcome these limitations
by providing net power [8]. Commercially available powered prostheses use state-
machines to provide control in predefined states. The downside of this approach is
that the control is limited in intuitiveness and the user is not able to use the prosthesis
outside predefined states. Direct control over the knee joint might result in a more
intuitive control of the prosthesis, which can be beneficial for the user during various
tasks of daily living. It can be beneficial to apply direct control within a discrete state,
for example to reposition the prosthesis while sitting or to control the speed of a
motion. Surface electromyography (EMG) can play a large role in creating intuitive
control, as EMG can be measured 138 ms before the onset of movement [22]. Other
sensor information related to movement, such as acceleration, will always lag be-
hind the intended motion and will result in a delay within the control scheme. EMG
does not suffer from this delay and translating EMG into joint torque is therefore a
promising method to realize voluntary control.

Machine learning can be a viable tool for joint torque prediction. Neural networks
are a type of machine learning algorithms that are trained to find the underlying
relation between input and output variables. Several studies used neural networks
for the prediction of knee flexion angles or torques in able-bodied subjects [153–158].
Huang et al. [153] proposed a deep-recurrent neural network for prediction of knee
joint angles in real-time. The model used EMG signals together with inertial data
from different activities and reported a root mean squared error of 2.93 degrees
over a range of approximately 60 degrees (4.9% error). Gautam et al. [154] used a
Long-term Recurrent Convolution Network to classify movements and predict their
corresponding knee joint angles, based on EMG. They reported an average mean
absolute error of 8.1% in the knee angle prediction of healthy subjects. Zhang et al.
[159] developed an artificial neural network for the prediction of ankle torque from
EMG. Root mean squared error (RMSE) values ranging within 0.01 and 0.10 Nm/kg
were found for ankle plantar- and dorsiflexion on a range of approximately 1.5 Nm/kg
(0.7-6.7% error). All these studies show low error rates, which indicates that machine
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learning can be a valuable tool in predicting knee torque or knee angle. However,
current machine learning decoders might produce unrealistic estimates in conditions
they are not trained in as the algorithm are not limited by physical bounds [160].
Next to this, the reliability of these methods depend on correct electrode placement
and are thus sensitive to changes in conditions. Furthermore, the amount of training
data is also usually limited relative to the complexity of the models, which makes it
difficult to obtain a satisfactory generalization performance [161]. The robustness to
EMG electrode placement, differences in EMG signals (quality), activity performance
and performance over days is thus questionable and needs further investigation.

One potential way to improve robustness, is the use of an NMS model. Neu-
romusculoskeletal (NMS) modeling was designed to gain insight in the underlying
process of biomechanical movement to characterize motor function and how it alters
with pathology [162]. An NMSmodel consists of multiple components that model this
underlying process. It uses EMG and muscle characteristics from a musculoskeletal
model to predict specific muscle activations with corresponding forces and resulting
joint torques. An NMS model can provide system robustness since any joint moment
estimate must always exist within the musculoskeletal model operational space and
be therefore physiologically plausible [160]. Another benefit of using an NMS model
is that it provides insight in the underlying process of biomechanical movement,
whereas machine learning does not. Several studies used an NMS model to predict
joint torque [160–166]. [164] developed a control scheme to control a wrist-hand
prosthesis by real-time neuromusculoskeletal modeling. Joint torque was predicted
using EMG and prosthesis angles as input and translated into low-level control of the
prosthesis. They executed a virtual reaching test in which subjects reached targets
using linear trajectories, thereby successfully actuating a single DOF at a time with
high precision. Path similarity was always accomplished with R2 >0.98 across all
targets and subjects. Durandau et al. [162] predicted lower limb exoskeleton support
torque, using EMG and joint angles as input to an NMS model. The RMSE for the
knee joint control, inside exoskeleton conditions, were 4.06 ± 2.55 degrees for low
gain and 4.58± 2.61 degrees for high gain over a range of approximately 40 degrees
(approximately 10-11% error). Correlation coefficients of both conditions between
prediction and reference torque were 0.90± 0.16 and 0.92± 0.07 respectively. Zhang
et al. [159] used an NMS model to predict ankle joint torque with RMSEs ranging from
0.04 to 0.18 Nm/kg for ankle plantar- and dorsiflexion on a range of approximately
1.5 Nm/kg (2-12% error). Downsides of NMS modeling workflow are that it can be

89



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 97PDF page: 97PDF page: 97PDF page: 97

Ch
ap

te
r 6

Chapter 6. Multi-day EMG-based knee joint torque estimation

Introduction
Amputees regain functional abilities by learning to use a prosthesis [8]. Most prosthe-
ses are passive and are adequate for most walking scenarios in daily life. However,
these passive prostheses are not capable of producing power. Therefore, the use
of these prostheses in daily life is limited by an amputee’s strength and capacity for
gait adaptations. This makes activities such as stair climbing challenging [151, 152].
Actuated or powered prostheses have the potential to overcome these limitations
by providing net power [8]. Commercially available powered prostheses use state-
machines to provide control in predefined states. The downside of this approach is
that the control is limited in intuitiveness and the user is not able to use the prosthesis
outside predefined states. Direct control over the knee joint might result in a more
intuitive control of the prosthesis, which can be beneficial for the user during various
tasks of daily living. It can be beneficial to apply direct control within a discrete state,
for example to reposition the prosthesis while sitting or to control the speed of a
motion. Surface electromyography (EMG) can play a large role in creating intuitive
control, as EMG can be measured 138 ms before the onset of movement [22]. Other
sensor information related to movement, such as acceleration, will always lag be-
hind the intended motion and will result in a delay within the control scheme. EMG
does not suffer from this delay and translating EMG into joint torque is therefore a
promising method to realize voluntary control.

Machine learning can be a viable tool for joint torque prediction. Neural networks
are a type of machine learning algorithms that are trained to find the underlying
relation between input and output variables. Several studies used neural networks
for the prediction of knee flexion angles or torques in able-bodied subjects [153–158].
Huang et al. [153] proposed a deep-recurrent neural network for prediction of knee
joint angles in real-time. The model used EMG signals together with inertial data
from different activities and reported a root mean squared error of 2.93 degrees
over a range of approximately 60 degrees (4.9% error). Gautam et al. [154] used a
Long-term Recurrent Convolution Network to classify movements and predict their
corresponding knee joint angles, based on EMG. They reported an average mean
absolute error of 8.1% in the knee angle prediction of healthy subjects. Zhang et al.
[159] developed an artificial neural network for the prediction of ankle torque from
EMG. Root mean squared error (RMSE) values ranging within 0.01 and 0.10 Nm/kg
were found for ankle plantar- and dorsiflexion on a range of approximately 1.5 Nm/kg
(0.7-6.7% error). All these studies show low error rates, which indicates that machine

88

Introduction

learning can be a valuable tool in predicting knee torque or knee angle. However,
current machine learning decoders might produce unrealistic estimates in conditions
they are not trained in as the algorithm are not limited by physical bounds [160].
Next to this, the reliability of these methods depend on correct electrode placement
and are thus sensitive to changes in conditions. Furthermore, the amount of training
data is also usually limited relative to the complexity of the models, which makes it
difficult to obtain a satisfactory generalization performance [161]. The robustness to
EMG electrode placement, differences in EMG signals (quality), activity performance
and performance over days is thus questionable and needs further investigation.

One potential way to improve robustness, is the use of an NMS model. Neu-
romusculoskeletal (NMS) modeling was designed to gain insight in the underlying
process of biomechanical movement to characterize motor function and how it alters
with pathology [162]. An NMSmodel consists of multiple components that model this
underlying process. It uses EMG and muscle characteristics from a musculoskeletal
model to predict specific muscle activations with corresponding forces and resulting
joint torques. An NMS model can provide system robustness since any joint moment
estimate must always exist within the musculoskeletal model operational space and
be therefore physiologically plausible [160]. Another benefit of using an NMS model
is that it provides insight in the underlying process of biomechanical movement,
whereas machine learning does not. Several studies used an NMS model to predict
joint torque [160–166]. [164] developed a control scheme to control a wrist-hand
prosthesis by real-time neuromusculoskeletal modeling. Joint torque was predicted
using EMG and prosthesis angles as input and translated into low-level control of the
prosthesis. They executed a virtual reaching test in which subjects reached targets
using linear trajectories, thereby successfully actuating a single DOF at a time with
high precision. Path similarity was always accomplished with R2 >0.98 across all
targets and subjects. Durandau et al. [162] predicted lower limb exoskeleton support
torque, using EMG and joint angles as input to an NMS model. The RMSE for the
knee joint control, inside exoskeleton conditions, were 4.06 ± 2.55 degrees for low
gain and 4.58± 2.61 degrees for high gain over a range of approximately 40 degrees
(approximately 10-11% error). Correlation coefficients of both conditions between
prediction and reference torque were 0.90± 0.16 and 0.92± 0.07 respectively. Zhang
et al. [159] used an NMS model to predict ankle joint torque with RMSEs ranging from
0.04 to 0.18 Nm/kg for ankle plantar- and dorsiflexion on a range of approximately
1.5 Nm/kg (2-12% error). Downsides of NMS modeling workflow are that it can be
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complex and difficult to work with. Furthermore, the mapping of EMG to muscle
activation is based on models that are difficult to validate because activations cannot
be measured directly.

Since both machine learning and NMS models show several shortcomings, the
question arises if combining these two methods into a hybrid version will provide bet-
ter joint torque predictions. Machine learning can decrease computational demands
in physics-based modeling. It can be used for feature extraction from measures
of muscle activation and to synthesize missing data [167]. Cimolato et al. [168] de-
veloped a machine learning driven NMS model to predict lower limb joint torque
from EMG and inertial data to control a lower limb prosthesis during regular gait.
They used a Gaussian Mixture Regressor to generate a complete set of EMG signals,
starting from the supposed residual subset of available EMGs. These EMG signals
were then used as input for a calibrated NMS model to predict joint torque, which
resulted in an average normalized root mean squared error (NRMSE) of 24.0% ±
11.0%. Xu et al. [169] developed an EMG-based elbow joint torque estimation strategy
using a Hill-Type Muscle Model and a neural network. The neural network was used to
estimate muscle activation which was used as input for the Hill-Type model. System
identification from EMG signals was used to estimate the elbow angle. The average
RMSE over trials was 1.45 Nm on a range of 25 Nm (5.8% error). Only one subject
was used and three trials were conducted on the same day. Although these studies
show lower accuracy than machine learning or neuromuscular modeling, the idea of
combining neuromuscular modeling with machine learning still holds promise.

In the described studies we have seen that machine learning, neuromuscular
modeling or a combination of both are promising approaches for knee joint torque
estimation. Despite these positive results, to our knowledge, no commercial product
is available that uses machine learning, NMS or a hybrid approach for direct control
of a prosthetic knee. One of the reasons is that prostheses need to be used in daily
life and need to function every day reliably, being robust to different environmental
conditions, such as electrode placement and skin conditions, but little is known of
the behavior of these approaches over multiple days.

The goal of this study was to compare three model types to predict knee joint
torque from EMG, to be used for multi-day control of a transfemoral prosthesis in
non-weight bearing situations. In this work we used a convolutional neural network
(CNN) using recurrent layers to predict knee joint torque, as this architecture is
useful for biomedical time series modeling [154]. To our knowledge, CNNs have
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not been applied before for knee joint torque prediction. We evaluated the models
over multiple days, to see their robustness when applied in a multi-day setting. Our
expectations are threefold. Firstly, CNN models will show excellent performance
on the training day, but performance will decrease on subsequent days. Secondly,
NMS models will be robust from day to day, hence outperforming machine learning
on subsequent days, but would not reach as high performance as CNN models on
the first day. Finally, a combination of these two model types in a hybrid model, is
expected to incorporate the best of both worlds: reaching as high performance in
knee joint torque prediction as CNN models, while being as robust as NMS models.

Methods
Experimental Data
Data were collected at the Roessingh Research & Development (RRD), in Enschede
the Netherlands, as part of the MyLeg project. Ten able-bodied subjects (sex: 4m,
6f, age: 23.7 ± 2.4 years, length: 173.8 ± 6.4 cm, weight: 71.0 ± 8.8 kg), partici-
pated in this study. The protocol was reviewed and approved by Medical research
Ethics Committees United (MEC-U) Nieuwegein, the Netherlands, with trial number
NL67247.044.18. The participants provided their written informed consent before
inclusion in the study.

Bipolar EMG was recorded from four muscles on both legs: rectus femoris (RF),
vastus lateralis (VL), biceps femoris (BF) and semitendinosus (ST). All EMG electrodes
were placed according to SENIAM guidelines [135]. The data was acquired using the
Cometa Wave electrodes at a sampling frequency of 2000 Hz. The RF, VL, BF and ST
were included for this study since the intended application is for a prosthetic knee
and these muscles extend over the knee. The RF and VL contribute to knee extension,
whereas the BF and ST contribute to knee flexion. Kinematics were measured using
eight IMUs (Xsens Link, Enschede, The Netherlands), placed on the sternum, pelvis
and bilaterally on the thigh, shank and foot of the subject. Data was recorded with
a sampling frequency of 240 Hz. Joint angles were reconstructed from Xsens MVN
software. Only knee joint angles in the sagittal plane were used in this study. EMG
and kinematics were time synchronized and resampled to 1000Hz.

Each subject was measured four times: three measurements were conducted on
three subsequent days on day 1, 2 and 3 and the last measurement was four days
later on day 7. The subjects were measured during the same time slot on each day.
Before each measurement the EMG of the maximal voluntary contraction (MVC) of
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complex and difficult to work with. Furthermore, the mapping of EMG to muscle
activation is based on models that are difficult to validate because activations cannot
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resulted in an average normalized root mean squared error (NRMSE) of 24.0% ±
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estimate muscle activation which was used as input for the Hill-Type model. System
identification from EMG signals was used to estimate the elbow angle. The average
RMSE over trials was 1.45 Nm on a range of 25 Nm (5.8% error). Only one subject
was used and three trials were conducted on the same day. Although these studies
show lower accuracy than machine learning or neuromuscular modeling, the idea of
combining neuromuscular modeling with machine learning still holds promise.
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estimation. Despite these positive results, to our knowledge, no commercial product
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of a prosthetic knee. One of the reasons is that prostheses need to be used in daily
life and need to function every day reliably, being robust to different environmental
conditions, such as electrode placement and skin conditions, but little is known of
the behavior of these approaches over multiple days.

The goal of this study was to compare three model types to predict knee joint
torque from EMG, to be used for multi-day control of a transfemoral prosthesis in
non-weight bearing situations. In this work we used a convolutional neural network
(CNN) using recurrent layers to predict knee joint torque, as this architecture is
useful for biomedical time series modeling [154]. To our knowledge, CNNs have
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Figure 6.1: Non-weight-bearing setup: subject is seated on a stool with one foot slightly lifted off the
ground.

each muscle was measured to normalize EMG. The subjects were asked to perform a
trial containing a set of activities, including level-ground walking, stair ascent/descent,
ramp ascent/descent, sit-stand motions and non-weight-bearing activities on a stool.
Only the non-weight-bearing activities were used in this study as these form the
starting point for safely implementing a torque estimation strategy. The subject had
to sit on a stool and lift one leg off the ground (knee approximately 90 degrees), as
can be seen in Figure 6.1. Then, the subject had to fully extend the knee while keeping
the foot perpendicular to the lower leg. After, the subject performed maximal plantar
flexion of the ankle, followed by maximal dorsiflexion. The knee was then brought
back to a knee angle of approximately 90 degrees. Then, only knee extension and
flexion needed to be performed. Lastly, only ankle plantar- and dorsiflexion needed
to be performed while keeping the knee angle at 90 degrees. After, the foot was
set down on the ground and the routine was repeated with the other leg. The trial
in which this routine was included, was performed twenty times. Then, the routine
was slightly changed for another twenty trials: the subject had to first perform ankle
plantar- and dorsiflexion, then the combination of both knee and ankle extension
and flexion, and finish off with only knee extension and flexion. Although ankle
movements were performed, only the knee joint torque was of interest for this study.
In total forty trials were performed.
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Methods

Data pre-processing
The smoothed rectified envelope (SRE) of the raw EMG data of the four muscles
(RF, VL, BF, ST) was obtained by high-pass filtering at 20 Hz, rectifying and low-pass
filtering at 6Hz. All filters were zero-lag 2nd order butterworth filters. The SREs
were normalized by values obtained from the MVCs. Torque reference data was
obtained using OpenSim 4.1, an open source software kit to develop musculoskeletal
models and make dynamic simulations [170]. First, the OpenSim lower extremity and
torso model Gait2392 was scaled using subject body measures to create a subject-
specific model. knee joint torque was obtained using the measured kinematics and
the Inverse Dynamics tool, without using external ground reaction forces. Next, the
torque was low-pass filtered using a 2nd order zero-lag butterworth filter with a cutoff
frequency of 1Hz. The resulting knee joint torque was used to train and calibrate
the developed models in this study. Muscle moment arms and muscle tendon unit
lengths of the MTUs were extracted from the scaled model. These parameters were
used in the NMS and Hybrid models.

Convolutional Neural Network
The first data pipeline contained a machine learning model, consisting of a convolu-
tional neural network (CNN) which maps the windowed SREs to knee joint torque.
SREs were windowed using a window of 128 ms and a stride of 16 ms. Correspond-
ing knee joint torques were windowed as well and the average torque value over a
window was used as reference.

The CNN extracts local features from input images, using a convolutional layer
with a local receptive field. It then uses layers with certain activation functions to
map these features to the desired output. In this work a Long Short Term Memory
(LSTM) layer was added to the CNN. An LSTM is an artificial recurrent neural network
architecture [155], which has internal mechanisms that can regulate the flow of
information and learn which data in a sequence is important to keep or discard. For
this study, no fixed CNN model architecture was used. The model architecture was
determined using Bayesian optimization by minimizing the loss between predicted
and reference torque for all subjects on a training set of the first measurement day.
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Figure 6.1: Non-weight-bearing setup: subject is seated on a stool with one foot slightly lifted off the
ground.

each muscle was measured to normalize EMG. The subjects were asked to perform a
trial containing a set of activities, including level-ground walking, stair ascent/descent,
ramp ascent/descent, sit-stand motions and non-weight-bearing activities on a stool.
Only the non-weight-bearing activities were used in this study as these form the
starting point for safely implementing a torque estimation strategy. The subject had
to sit on a stool and lift one leg off the ground (knee approximately 90 degrees), as
can be seen in Figure 6.1. Then, the subject had to fully extend the knee while keeping
the foot perpendicular to the lower leg. After, the subject performed maximal plantar
flexion of the ankle, followed by maximal dorsiflexion. The knee was then brought
back to a knee angle of approximately 90 degrees. Then, only knee extension and
flexion needed to be performed. Lastly, only ankle plantar- and dorsiflexion needed
to be performed while keeping the knee angle at 90 degrees. After, the foot was
set down on the ground and the routine was repeated with the other leg. The trial
in which this routine was included, was performed twenty times. Then, the routine
was slightly changed for another twenty trials: the subject had to first perform ankle
plantar- and dorsiflexion, then the combination of both knee and ankle extension
and flexion, and finish off with only knee extension and flexion. Although ankle
movements were performed, only the knee joint torque was of interest for this study.
In total forty trials were performed.
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filtering at 6Hz. All filters were zero-lag 2nd order butterworth filters. The SREs
were normalized by values obtained from the MVCs. Torque reference data was
obtained using OpenSim 4.1, an open source software kit to develop musculoskeletal
models and make dynamic simulations [170]. First, the OpenSim lower extremity and
torso model Gait2392 was scaled using subject body measures to create a subject-
specific model. knee joint torque was obtained using the measured kinematics and
the Inverse Dynamics tool, without using external ground reaction forces. Next, the
torque was low-pass filtered using a 2nd order zero-lag butterworth filter with a cutoff
frequency of 1Hz. The resulting knee joint torque was used to train and calibrate
the developed models in this study. Muscle moment arms and muscle tendon unit
lengths of the MTUs were extracted from the scaled model. These parameters were
used in the NMS and Hybrid models.

Convolutional Neural Network
The first data pipeline contained a machine learning model, consisting of a convolu-
tional neural network (CNN) which maps the windowed SREs to knee joint torque.
SREs were windowed using a window of 128 ms and a stride of 16 ms. Correspond-
ing knee joint torques were windowed as well and the average torque value over a
window was used as reference.

The CNN extracts local features from input images, using a convolutional layer
with a local receptive field. It then uses layers with certain activation functions to
map these features to the desired output. In this work a Long Short Term Memory
(LSTM) layer was added to the CNN. An LSTM is an artificial recurrent neural network
architecture [155], which has internal mechanisms that can regulate the flow of
information and learn which data in a sequence is important to keep or discard. For
this study, no fixed CNN model architecture was used. The model architecture was
determined using Bayesian optimization by minimizing the loss between predicted
and reference torque for all subjects on a training set of the first measurement day.
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The loss function used in this study was the mean-squared error over the corre-
lation coefficient.

loss =
1
n

∑n
i=1(Yi − Ŷi)

2

r2
(6.1)

r =

{
corr(Y, Ŷ ) > 0

1e-2 otherwise
(6.2)

Herein is Y the reference torque and Ŷ the estimated torque. Correlation values
less than zero were set to 1e-2 to avoid numerical instability. By using the correlation
coefficient in combination with the mean squared error the shape of the curve of the
torque prediction could also be taken into account (correlation coefficient), while still
penalizing large deviations (mean squared error). Each model architecture existed of
a variable number of convolutional layers with relu activation, an LSTM layer, a drop
out layer with variable dropout rate and a final dense layer with linear activation.
The used hyperparameters and corresponding search space were: the number of
convolutional layers {1,2,3,4}, the number of filters in the convolutional layer {16,
32, 64}, the convolutional kernel size {3,5,7}, the number of LSTM units {16,32,64},
whether to use batch normalization after each layer {True,False}, and the drop out
rate {0.01,0.1,0.2,0.3,0.4}. The optimizer was Adam with a learning rate of 0.001. The
optimization routine ran for 200 iterations. During each iteration a model was trained
with a maximum of 100 epochs. Training was stopped early if the loss did not reduce
for 5 epochs. Overview of the fully-optimized architecture is shown in the results
section.

After hyperparameter optimization the optimized model architecture was used
for all subjects. The model was trained per leg of each subject, to make the model
subject specific. The predicted torque was low-pass filtered with a second order
zero-lag low-pass filter and a cut-off frequency of 1 Hz to obtain a smooth prediction.

NMS model
The second data pipeline used a neuromusculoskeletal model (NMS model) which
maps EMG to knee joint torque. In this work we implemented Hill-typemuscle models
as described by Thelen [171] [42]. The NMS model consists of four parts:
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Methods

Neural activation dynamics
The muscle activity a was determined by a first order differential equation [171] and
a non-linear transfer function [164].

u̇ =
emg − u

τa(u, emg)
(6.3)

a =
eAu − 1

eA − 1
(6.4)

Herein is emg the SRE of the muscle of interest, u the neural activation and a the
muscle activation. A determines the shape of the transfer function. τa is a time
constant that varies with activation level.

τa(u, emg) =

{
τact(0.5 + 1.5u) SRE > u

τdeact/(0.5 + 1.5u) otherwise
(6.5)

The time constant for activation τact and the time constant for deactivation τdeact

were parameters that were optimized.

Contraction dynamics
The muscle fiber force is described by equation (6.6).

Fm = Fmax0(afv(l̇m)fa(lm) + fp(lm) + dm l̇m) cosα(lm) (6.6)

Herein is Fm the muscle fiber force, Fmax0 the maximal isometric force, a the muscle
activity, fv the force-velocity relationship, fa the active force-length relationship,
fp the passive force-length relationship, dm the velocity damping factor and α the
pennation angle. All relationships depend on the normalized muscle fiber length lm
and its derivative the normalized fiber velocity l̇m. The fiber length was normalized
by the optimal fiber length at maximal isometric force, lopt0. The normalized fiber
length was adjusted for activation level in fa as described by Miller et al. [42], Lloyd
and Besier [172]. The tendon force Ft was depended on the tendon strain ϵt (6.8) via
the tendon length lt (6.7) as described by Thelen [171]. The tendon length depended
on the muscle-tendon length lmt which was determined using the scaled Gait2392
model using the corresponding joint angles.

lt = lmt − lm cosα(lm) (6.7)

ϵt =
lt − lslack
lslack

(6.8)
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coefficient in combination with the mean squared error the shape of the curve of the
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penalizing large deviations (mean squared error). Each model architecture existed of
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rate {0.01,0.1,0.2,0.3,0.4}. The optimizer was Adam with a learning rate of 0.001. The
optimization routine ran for 200 iterations. During each iteration a model was trained
with a maximum of 100 epochs. Training was stopped early if the loss did not reduce
for 5 epochs. Overview of the fully-optimized architecture is shown in the results
section.
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for all subjects. The model was trained per leg of each subject, to make the model
subject specific. The predicted torque was low-pass filtered with a second order
zero-lag low-pass filter and a cut-off frequency of 1 Hz to obtain a smooth prediction.
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The second data pipeline used a neuromusculoskeletal model (NMS model) which
maps EMG to knee joint torque. In this work we implemented Hill-typemuscle models
as described by Thelen [171] [42]. The NMS model consists of four parts:
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constant that varies with activation level.
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(6.5)

The time constant for activation τact and the time constant for deactivation τdeact
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The muscle fiber force is described by equation (6.6).
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length was adjusted for activation level in fa as described by Miller et al. [42], Lloyd
and Besier [172]. The tendon force Ft was depended on the tendon strain ϵt (6.8) via
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The normalized fiber length lm was determined by finding the root of the equilibrium
equation (6.9) using sequential least squares programming.

|Ft − Fm| = 0 (6.9)

Joint Mechanics
The muscle force Fmj was multiplied with corresponding moment arm rj to obtain
the torque contribution of muscle j. The knee joint torque was obtained by summing
all the muscle torque contributions. The moment arms r were determined using the
scaled Gait2392 model using the corresponding joint angle.

∑
Fmjrj (6.10)

Optimization routine
For each muscle made subject specific by optimizing hyperparameters. These hyper-
parameters and corresponding search spaces for each muscle were: the activation
and deactivation time constants τact {10-80, step=0.1} and τdeact{10-80, step=0.1}, the
shape factor of the non-linear transfer functionA {-3 - -0.01, step=0.001}, the isomet-
ric strength coefficient cstr {0.5-1.5, step=0.05}, the slack coefficient cslack {0.85-1.15,
step=0.05}, and the optimal fiber length coefficient copt0 {0.85-1.15, step=0.05}. The
latter three coefficients adjust parameters from the contraction dynamics:

F̂max0 = cstrFmax0 (6.11)

l̂slack = cslacklslack (6.12)

l̂opt0 = copt0lopt0 (6.13)

A Bayesian optimization routine was used to find the optimal hyperparameters using
the same loss function as seen in equation (6.1). The optimization routine ran for
2000 iterations per leg per subject on the training set of the first day. The predicted
torque was low-pass filtered with a second order zero-lag low-pass filter and a cut-off
frequency of 1 Hz to obtain a smooth prediction.

Hybrid model
The third data pipeline contained a Hybrid model which consists out of parts of both
the CNN and NMSmodel. A CNN was used to replace the activation component of the
NMS model described by equation (6.3)-(6.5). The CNN model architecture was built
from the hyperparameters found by the optimized ML model. The activation of the
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last dense layer of the ML model was changed from a linear to a sigmoid function, to
limit the output activation per muscle between zero and one. Hereafter a simplified
force component of the NMS model was used, which is described by equation (6.14).
The difference with equation (6.6) is the removal of the passive force component to
simplify the model. Next to that, only two coefficients were optimized, cstr and cslack
to further simply the model. This was necessary as the optimization routine would
be too complex otherwise and no adequate solution would be reached.

Fm = Fmax0(afv(l̇m)fa(lm) + dm l̇m) cosα(lm) (6.14)

The training process was a combination of the CNN andNMS calibration. First the NMS
parameters were adjusted based on the SREs without any activation dynamics for 500
iterations using a Bayesian optimization routine as described before. Hereafter the
CNN part of the model was used to estimate the activation based on the windowed
SREs and trained for 10 epochs. After this, the NMS parameters were adjusted again,
this time using the CNN-based activations as input, again for 500 iterations and
then the CNN was trained again for 10 epochs. Hereafter the NMS parameters and
CNN-parameters were optimized for a final time. The loss function was the same as
for CNN and NMS models, see equation (6.1).

Windowed SREs were used as input and mapped onto muscle activations by the
CNN. These predicted activations were used as input for the remaining NMS model.
Windowed muscle-tendon lengths and moment arms were used in this remaining
NMS model. The predicted torque was low-pass filtered with a second order zero-lag
low-pass filter and a cut-off frequency of 1 Hz to obtain a smooth prediction.

Data evaluation
Three different models were trained for each leg from each subject. A fixed train/test
split of 80/20% was made on data from the first measurement day. All models were
trained and validated on the training set (80%), in which a shuffled train/validate split
of 80/20% was made. All models were tested on the test set (20%) and all data from
remaining measurement days. This separation in data was made for the intended
application: it would be ideal to train a model on just one day and to have it perform
well on every other day. With this method, robustness of all models against varying
circumstances could be tested.

The performance metric used for this study was the normalized root mean
squared error (NRMSE (%)), calculated by equation (6.15). x̂ denotes the predicted
data point, with x as reference,N equals the total number of data points of which
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The normalized fiber length lm was determined by finding the root of the equilibrium
equation (6.9) using sequential least squares programming.

|Ft − Fm| = 0 (6.9)

Joint Mechanics
The muscle force Fmj was multiplied with corresponding moment arm rj to obtain
the torque contribution of muscle j. The knee joint torque was obtained by summing
all the muscle torque contributions. The moment arms r were determined using the
scaled Gait2392 model using the corresponding joint angle.

∑
Fmjrj (6.10)

Optimization routine
For each muscle made subject specific by optimizing hyperparameters. These hyper-
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F̂max0 = cstrFmax0 (6.11)

l̂slack = cslacklslack (6.12)

l̂opt0 = copt0lopt0 (6.13)

A Bayesian optimization routine was used to find the optimal hyperparameters using
the same loss function as seen in equation (6.1). The optimization routine ran for
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Hybrid model
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t indicates one specific data point. max(xt) andmin(xt) are the highest and the
lowest torque reference value respectively of all trials of one leg and are used to
normalize the data.

NRMSE(%) =

√
1
N

∑N
t=0(x̂t − xt)2

max(xt)−min(xt)
· 100% (6.15)

Robustness was indicated by not-significant differences at the 0.05 significance level,
in mean NRMSE values on different measurement days.

Statistical Analysis
To analyze the performance of the models, NRMSEs of all legs, of all trials from
separate days were computed with each model. A Mixed Model analysis with Šidák
correction was used to determine significance (α = 0.05) between the general
performance of each model compared to one another and the performance of each
model from day to day, compared by day and by model. A log transformation was
performed on the NRMSE values to get normally distributed data.

Software
All models were built in Python 3.9. The CNNs were built using Tensorflow 2.4 [173]
and Bayesian hyperparameter optimization was done using Optuna 2.0 [174]. The
Mixed Model analysis was performed using IBM SPSS Statistics Version 27.

Results

Table 6.1: Optimized architecture of the CNN model and the CNN part of the hybrid model.

Layer Size No. parameters Notes

Batch Normalization 128
Convolutional layer 1D 32 928 kernel size 7, relu activation
Batch Normalization 128
Convolutional layer 1D 32 7200 kernel size 7, relu activation
Batch Normalization 128
Convolutional layer 1D 32 7200 kernel size 7, relu activation
Batch Normalization 128
LSTM 64 24832 tanh activation, sigmoid recurrent activation
Batch Normalization 256
Dropout rate 0.1
Fully connected layer 1 or 4 65 or 260 linear (CNN) or softmax (Hybrid) activation
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Results

CNN hyperparameter optimization led to the following architecture: three convolu-
tional layers, with 32 filters and a kernel size of 7 and an LSTM layer with 64 filters.
Batch normalization was applied between each layer and a dropout rate of 0.1 was
used. For the CNN part of the Hybrid version a similar architecture was used. See
also table 6.1. An example of the torque predictions by the three different type of
models can be seen in figure 6.2.

Figure 6.2: Example of torque estimation on the test set of one subject by the three different models
over the four measurement days. In black the reference torque, in red the predicted torque by the
CNN model, in blue by the NMS model and in green by the Hybrid model.

Model comparison
Overall results are shown in figure 6.3 and the comparison of models over days is
shown in figure 6.4A. Average NRMSE was 9.2 ± 4.4% for the CNN model, 14.3 ±
4.2% for the NMS model and 12.4 ± 3.4% for the Hybrid model. The CNN model
outperformed the NMS and Hybrid models overall (resp. p<1e-4, p<1e-4), on day
1 (resp. p<1e-4, p<1e-4), day 2 (resp. p=0.007, p=0.019), day 3 (resp. p=0.004,
p=0.029) and on day 7 (resp. p=0.001, p=0.015). The Hybrid model outperformed the
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t indicates one specific data point. max(xt) andmin(xt) are the highest and the
lowest torque reference value respectively of all trials of one leg and are used to
normalize the data.
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1
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Robustness was indicated by not-significant differences at the 0.05 significance level,
in mean NRMSE values on different measurement days.
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To analyze the performance of the models, NRMSEs of all legs, of all trials from
separate days were computed with each model. A Mixed Model analysis with Šidák
correction was used to determine significance (α = 0.05) between the general
performance of each model compared to one another and the performance of each
model from day to day, compared by day and by model. A log transformation was
performed on the NRMSE values to get normally distributed data.

Software
All models were built in Python 3.9. The CNNs were built using Tensorflow 2.4 [173]
and Bayesian hyperparameter optimization was done using Optuna 2.0 [174]. The
Mixed Model analysis was performed using IBM SPSS Statistics Version 27.

Results
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Batch Normalization 128
Convolutional layer 1D 32 7200 kernel size 7, relu activation
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Batch Normalization 128
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Batch Normalization 256
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CNN model, in blue by the NMS model and in green by the Hybrid model.
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NMS model overall (p=0.001) and on day 1 (p=0.001).

Figure 6.3: Average NRMSE (± SD) per model over all days. Asterisks indicate significance level:
p < 0.05 = ∗, p < 0.01 = ∗∗, p < 0.001 = ∗ ∗ ∗

Model performance over days
Performance of the models over days is shown in figure 6.4B. For the CNN the error
was 5.8 ± 1.6% on day 1, 10.0 ± 5.2% on day 2, 11.0 ± 4.1% on day 3 and 10.2 ±
3.9% on day 7. The error on day 1 differed significantly from the other 3 days (resp.
p<1e-4, p<1e-4, p<1e-4). No significant difference was observed between day 2,
3 and 7. For NMS the error was 14.2 ± 3.4% on day 1, 13.4 ± 3.0% on day 2, 15.2
± 5.1% on day 3 and 14.6± 4.9% on day 7. No significant difference was observed
between day 1, 2, 3 and 7. For Hybrid the error was 10.0 ± 1.6% on day 1, 12.6 ±
2.4% on day 2, 14.1± 4.2% on day 3 and 13.1± 3.5% on day 7. The error on day 1
differed significantly from the other 3 days (resp. p=0.002, p=0.001, p=0.004). No
significant difference was observed between day 2, 3 and 7.

Discussion
The main goal of this study was to find the most suitable model to predict knee
joint torque from EMG, to be used for multi-day control of a prosthetic knee joint in
non-weight bearing situations. Three different models were developed and validated
on both legs of ten able-bodied subjects, using multi-day measurements. The CNN
model had the overall lowest prediction error (9.2 ± 4.4%) and performed signifi-
cantly better than NMS and Hybrid on all days. To the best of our knowledge, our
convolutional neural network was the first of its kind able to successfully predict knee
joint torque from EMG input data. Next to that, we implemented state-of-the-art NMS
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A B

Figure 6.4: Average NRMSE (± SD) per day per model (A) and per model per day (B). Asterisks indicate
significance level: p < 0.05 = ∗, p < 0.01 = ∗∗, p < 0.001 = ∗ ∗ ∗

models which showed robustness from day to day. We also successfully combined a
convolutional neural network and a Hill-type muscle model to create a Hybrid model,
which is also first of its kind. This Hybrid model was able to outperform NMS. This
study indicates that convolutional neural networks are a suited approach to be used
in knee joint torque estimation over multiple days.

The CNN showed the lowest error on the training day and had an increased error
on subsequent days, which was in line with our expectations. However, the increase
in error did not continue after day 2 and results showed that the CNN was robust
over the other three days, showing no significant differences between day 2, 3 and
7. This is not completely in line with expectations from related work. Convolutional
neural networks are known to have robustness issues [175–177]. For example, if
electrodes are placed differently on day 2 and MVC values differ from day to day,
the EMG envelope images that are created can differ too much from day 1 for the
CNN to make a good prediction. This may explain the significant differences between
day 1 and all other measurement days. However, our findings show no significant
differences between day 2, 3 or 7, thus being robust over days, which contradicts
literature. A possible explanation is that the variance in EMG envelopes, and thus
the input data for the CNN, within a subject is small enough to be handled by the
CNN. Another explanation is that the output of the CNN used in this study is low-pass
filtered to smooth any outliers, improving the NRMSE and robustness. Next to that,
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NMS model overall (p=0.001) and on day 1 (p=0.001).

Figure 6.3: Average NRMSE (± SD) per model over all days. Asterisks indicate significance level:
p < 0.05 = ∗, p < 0.01 = ∗∗, p < 0.001 = ∗ ∗ ∗

Model performance over days
Performance of the models over days is shown in figure 6.4B. For the CNN the error
was 5.8 ± 1.6% on day 1, 10.0 ± 5.2% on day 2, 11.0 ± 4.1% on day 3 and 10.2 ±
3.9% on day 7. The error on day 1 differed significantly from the other 3 days (resp.
p<1e-4, p<1e-4, p<1e-4). No significant difference was observed between day 2,
3 and 7. For NMS the error was 14.2 ± 3.4% on day 1, 13.4 ± 3.0% on day 2, 15.2
± 5.1% on day 3 and 14.6± 4.9% on day 7. No significant difference was observed
between day 1, 2, 3 and 7. For Hybrid the error was 10.0 ± 1.6% on day 1, 12.6 ±
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convolutional neural network was the first of its kind able to successfully predict knee
joint torque from EMG input data. Next to that, we implemented state-of-the-art NMS
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Figure 6.4: Average NRMSE (± SD) per day per model (A) and per model per day (B). Asterisks indicate
significance level: p < 0.05 = ∗, p < 0.01 = ∗∗, p < 0.001 = ∗ ∗ ∗

models which showed robustness from day to day. We also successfully combined a
convolutional neural network and a Hill-type muscle model to create a Hybrid model,
which is also first of its kind. This Hybrid model was able to outperform NMS. This
study indicates that convolutional neural networks are a suited approach to be used
in knee joint torque estimation over multiple days.

The CNN showed the lowest error on the training day and had an increased error
on subsequent days, which was in line with our expectations. However, the increase
in error did not continue after day 2 and results showed that the CNN was robust
over the other three days, showing no significant differences between day 2, 3 and
7. This is not completely in line with expectations from related work. Convolutional
neural networks are known to have robustness issues [175–177]. For example, if
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the EMG envelope images that are created can differ too much from day 1 for the
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related work suggested that a black-box machine learning method could predict
torque values outside of a physiologically plausible space [160]. We were able to
develop a CNN model with low pass filter, which was able to predict torques within a
small range of the reference value. This study showed that a CNN model is suited for
torque estimation within plausible ranges.

Compared to related work, our study shows similar results for the CNN model.
To our knowledge no studies into the performance of knee joint angle or torque
prediction over multiple days were conducted, thus only the first day performances
could be compared. We observed an average error rate of 5.8± 1.6% on day 1, which
is comparable with related work. Huang et al. [153] reported an average error of
4.9% and Gautam et al. [154] reported an average error of 8.1% for knee joint angle
prediction. Zhang et al. [159] reported an average error of 0.7-6.7% for ankle torque
prediction.

The NMS model did not differ significantly over days as expected and is the only
model that met our definition of robustness. It was expected that robustness was
shown over every measurement day [160, 163]. Related work showed the model’s
ability to predict torque in untrained activities, thereby proving its robustness by
their definition [163]. Our definition of robustness is different since it refers to time
and not the model’s ability to predict untrained activities. To our knowledge, little
related work investigated robustness from day to day. Just one study calibrated
the NMS model on one day and tested the model the day after, but did not test for
between-days variance [160]. This study showed that NMS is also robust over multiple
days. The error observed on day 2, 3 and 7 by the NMS model was significantly higher
than the error of the CNN model, which was not expected. Next to that, the average
NRMSE of 14.3± 4.2% was slightly higher than observed in related work. Durandau
et al. [163] reported an average error of 10-11% and Zhang et al. [159] reported an
average error of 2-12%. It could be that the model was too complex for the task
that was performed. Furthermore, the activities performed in this study find the
physiological boundaries of the knee angle and thus of the muscle parameters, which
might cause this model to perform less compared to findings in literature.

The performance of the Hybrid model was midway between the performance
of the CNN model and NMS. It was not as robust as NMS and did not reach as
high performance as the CNN model, thus it did not meet our expectation. Similar
robustness behavior was found compared to the CNN model: robustness was found
over day 2, 3 and 7. This can be explained by the fact that Hybrid and CNN models
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both make use of a CNN, of which its robustness was explained before. The error
overall and on day 1 was significantly lower than that of NMS, thus combining NMS
with a CNN can lead to better performing models. A possible explanation is that the
muscle activation computed by the CNN is more accurate than the muscle activation
calculated by the activation component of the NMS model. The Hybrid model thus
uses the best features of both the CNN model and NMS: the CNN is used to find
a better relation between EMG and muscle activation, and the NMS components
provide information about the underlying process of biomechanical movement.

Compared to related work of Hybrid modeling, we found an average NRMSE
of 10.0 ± 1.6% on day 1. As no multi-day studies into knee joint angle or torque
prediction based on EMG were performed to our knowledge, we cannot compare
the results of the other days to related work. Cimolato et al. [168] found an average
NRMSE of 24.0% with their Hybrid model and Xu et al. [169] found an average RMSE
of 5.8% with their Hybrid approach. The application of Xu et al. was on the upper
limb which is different from our application in the lower limb. This might explain
the difference in error rate compared with our study as the system that needs to
be modeled around the elbow is less complex than around the knee. Our Hybrid
approach has an error rate which falls between these two studies.

The findings of this study are promising for the use in a transfemoral prosthesis.
The CNNmodel proves to be the best of three models to be used for knee joint torque
estimation. However, future work remains to investigate if this finding extends to
an online application with amputees as well. The input of the CNNs were windowed
to obtain EMG images, which would introduce a real-time delay of the window size
(128ms) + sampling period (16 ms). Output was filtered by a second order low-pass
filter with a cut-off frequency of 1Hz, which would cause an additional real-time delay
of 1 sample (16 ms), resulting in a total delay of 160 ms. Therefore, with the intended
use in mind, it is essential to test performance of these models in real-time using
an actual transfemoral prosthesis, using amputees instead of able-bodied subjects.
Furthermore, the sample size of ten subjects is limited and could be extended for
a more clear result between the different models. Another limitation of this study
is that the influence of the maximum voluntary contractions on the EMG data and
model performance have not been investigated. The MVC that was performed for
this study cannot be done by a transfemoral amputee. An extension of this study
should investigate the use of different MVCs, for instance by using a submaximal
contraction to estimate maximum contraction as proposed by Kishimoto et al. [149]
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related work suggested that a black-box machine learning method could predict
torque values outside of a physiologically plausible space [160]. We were able to
develop a CNN model with low pass filter, which was able to predict torques within a
small range of the reference value. This study showed that a CNN model is suited for
torque estimation within plausible ranges.

Compared to related work, our study shows similar results for the CNN model.
To our knowledge no studies into the performance of knee joint angle or torque
prediction over multiple days were conducted, thus only the first day performances
could be compared. We observed an average error rate of 5.8± 1.6% on day 1, which
is comparable with related work. Huang et al. [153] reported an average error of
4.9% and Gautam et al. [154] reported an average error of 8.1% for knee joint angle
prediction. Zhang et al. [159] reported an average error of 0.7-6.7% for ankle torque
prediction.

The NMS model did not differ significantly over days as expected and is the only
model that met our definition of robustness. It was expected that robustness was
shown over every measurement day [160, 163]. Related work showed the model’s
ability to predict torque in untrained activities, thereby proving its robustness by
their definition [163]. Our definition of robustness is different since it refers to time
and not the model’s ability to predict untrained activities. To our knowledge, little
related work investigated robustness from day to day. Just one study calibrated
the NMS model on one day and tested the model the day after, but did not test for
between-days variance [160]. This study showed that NMS is also robust over multiple
days. The error observed on day 2, 3 and 7 by the NMS model was significantly higher
than the error of the CNN model, which was not expected. Next to that, the average
NRMSE of 14.3± 4.2% was slightly higher than observed in related work. Durandau
et al. [163] reported an average error of 10-11% and Zhang et al. [159] reported an
average error of 2-12%. It could be that the model was too complex for the task
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physiological boundaries of the knee angle and thus of the muscle parameters, which
might cause this model to perform less compared to findings in literature.
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high performance as the CNN model, thus it did not meet our expectation. Similar
robustness behavior was found compared to the CNN model: robustness was found
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with a CNN can lead to better performing models. A possible explanation is that the
muscle activation computed by the CNN is more accurate than the muscle activation
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Chapter 6. Multi-day EMG-based knee joint torque estimation

and investigate how different MVCs affect the model performances.

Conclusion
This study provides new insight into what modeling framework performs best in
predicting knee joint torque from EMG data during non-weight bearing activities
in healthy subjects. Three models (CNN model, neuromusculoskeletal model and
a Hybrid model) were designed and tested on multi-day measurements to gain
knowledge about the robustness of each model to time-varying parameters. Results
indicate that the CNN model performed best compared to the other models (NRMSE
9.2± 4.4%) and that the Hybrid model (NRMSE 12.4± 3.4%) was able to outperform
the neuromusculoskeletal model (NRMSE 14.3± 4.2%). The NMS model was the only
model that was robust over all days. The CNN model and Hybrid models showed
only significant differences in performance between the first day and all other days,
a promising finding for the robustness of each model. These results contribute to the
development of a direct control scheme for a transfemoral prosthesis by providing a
clear comparison of all three modeling frameworks evaluated over multiple days.
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Chapter 7

Discussion

The general aim of this thesis was to investigate data-driven intent recognition strate-
gies in the lower-limb using electromyography. Electromyography is an interesting
signal to use for intent recognition. EMG is a measure of motor intent and it can be
measured before actual movement onset [22]. This would enable the realization of
integration of neural commands in current prosthetic control strategies [19, 21, 44].
By using neural commands, the user has the possibility to gain more direct control
over his or her prosthetic joint, leading to more intuitive prostheses [44, 178]. Myo-
electric data-driven approaches have the possibility to create this intuitive control,
but they face one major drawback: the need for large amounts of data. Due to EMG’s
stochastic and non-stationary nature, a lot of data is necessary to capture all variation
that could exist during daily usage of one user, but also the variation that exists
between users. The first step to realize more available data in different conditions it
was to facilitate data collection. Hereafter, data-driven approaches were developed
and implemented to showcase the possibilities of machine learning approaches in
myoelectric control strategies. As the machine learning approaches are to be used
in prosthetic control, these approaches were evaluated on multiple days as well.
Based on the general objective, this thesis aimed to answer the following research
questions:

How could large scale data collection using different ambulant measurement systems
for EMG and kinematics be facilitated?
We showed that by using cross-correlation of acceleration signals that systems can be
synchronized with high accuracy. Synchronization of wearable motion capture and
electromyography measurement systems enabled the collection of a large database
(chapter 2). Next to that we collected one of the largest databases with free transi-
tioning between gait-related activities, while measuring kinematics and (multi-array)
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EMG (chapter 3). This database shows excellent correlation in terms of kinematics
and EMG with other online available databases.

To what extent could data-driven feature selection improve handcrafted feature sets
for intent recognition?
Data-driven feature selection outperforms the use of handcrafted features (chapter 4).
We showed that by selecting features in amore objective manner that we can improve
upon commonly used feature sets. The optimized feature set relatively decreased
overall error by 10.9-11.6% and transitional error by 8.2%-14.1% compared with
state of the art on multiple data sets.

How do EMG-based intent recognition systems behave over multiple days? And
to follow-up on this, how could intent recognition systems be adjusted to function
properly over multiple days?
Multi-day evaluation of intent recognition systems based on electromyography is
important (chapter 5 & 6). Adaptation strategies are required to combat concept
drift and simple approaches seem to function better. In chapter 5 we showed that
a baseline error rate increased from 5.9 ± 2.0% on day 1 to 9.4 ± 2.4% on day 2,
which is a relative increase of 59%. By using entropy based adaptation this relative
increase could be reduced to 36%, from 5.5 ± 2.0% on day 1 to 7.5 ± 2.1% on day 2.

What data-driven techniques are suited for direct voluntary control?
Data-driven torque estimation is a valuable tool to be used for direct control over a
prosthetic joint. We compared three different strategies (chapter 6): convolutional
neural networks, neuromuscular modeling and a combination of the two. Although
the error of the data-driven convolutional neural network did increase from day 1 to
day 2 it remained the best performing model over all days, significantly outperform-
ing the other models on all days. These results suggest that data-driven approaches
are well suited for torque estimation.

While each chapter gave insight into a specific topic, in this discussion we will take a
look at the overarching themes of the chapters and gain more insight into important
factors for myoelectric data-driven intent recognition.

108
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EMG and big data
Wearable sensors have becomemore reliable over the years and give rise to the ability
to collect data more easily. However, using multiple modalities during measurements
is not trivial, especially in out-of-the-lab settings. In chapter 2 we investigated a
synchronization strategy that enabled us to collect large amounts of data inside
and outside the lab (chapter 3). In this work we have shown that cross correlation
of acceleration is an excellent strategy to synchronize measurement systems and
has the added benefit of continuous synchronization. This is especially helpful in
settings where data loss occurs or where (experimental) measurement systems fail
to record full measurement trials. If recording is stopped unexpectedly or data
loss occurs due to signal instability, it is difficult to synchronize two measurement
systems. For instance the start/stop pulse could be lost or due to clock drift one
pulse could be insufficient to synchronize long-lasting measurements. In this work
we showed that by using an additional accelerometer we could synchronize wearable
motion capture and electromyography measurement systems while maintaining
high synchronization precision, with jitter below the inter-sample time of the motion
capture system. Next to that we were able to model the clock drift that naturally
occurs in two time-dependent systems, and correct for this clock drift. In this way,
the relation in time between kinematics and EMG remained valid throughout hour
long trials. This cleared the way to use wearable measurement systems in- and
outside the lab. The major advantage of using wearable systems is that people can
be measured in an environment closer resembling daily life conditions. By looking at
free transitioning between various gait-related activities, more insight can be gained
in daily life usage and possibly lead to more robust intent recognition.

These wearable measurement systems enabled us to collect one of the largest
databases with free transitioning between gait-related activities, while measuring
kinematics and (multi-array) EMG. Various smaller databases exist, such as the EN-
ABL3S database containing 10 able-bodied individuals collected by Hu et al. [65] or
the database collected by Camargo et al. [66] containing 22 able-bodied individuals.
Our database shows excellent correlation in terms of kinematics with other online
available databases. Compared with an optical marker-based database [64] we have
shown that our data from wearable sensors correlates up to 0.99. Next to that, this
database enabled further studies into data-driven approaches. One of such applica-
tions of online available databases is user independent learning, where data from
other users form the basis for intent recognition systems. In this way algorithms could
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be used ‘right out-of-the-box’. We did not investigate such approach in this work, but
studies in literature show promising results [126, 140, 141, 144]. For instance Bhakta
et al. [140] showed that by using user independent data, the steady-state error was
around 10% compared to 3% for user dependent data. Although this difference
seems large, only a limited amount of data of a user would be necessary to reach
lower error rates using user independent data. This was shown by Woodward et al.
[126], where the authors used user independent data to enhance the performance
of user dependent algorithms. In this way the amount of training data required was
reduced while reaching low error rates. These studies show that there is a major
benefit in sharing data and making data publicly available, to come up with better
performing data driven intent recognition systems. Improving upon user indepen-
dent learning would possibly lead to a universal motion intent recognition system.
This system can be implemented on lower-limb prostheses and only would require
some minor tweaking to make it work for novel users. This would mean a huge step
in acceptability of prostheses as accuracy would be high with minimal training. This
would reduce clinical burden as less time is needed to train the algorithms on the
prosthesis. Next to that, it will reduce the training time of the user as the prosthesis
is already able to sense the motion intent of the user and act accordingly.

Data-driven intent recognition
To translate the vast amount of sensor information into meaningful intent, one
needs a way to do this automatically [18]. Creating these relations for a couple of
sensor streams would be manageable by hand, but as the amount of sensor data
increased drastically over time, this no longer a feasible approach. This is one of the
reasons that data-driven intent recognition has become more popular in the past few
years [15, 18], as data-driven algorithms are able to find relations between sensor
data and motion intent automatically, with limited human interference. However,
these algorithms could suffer from robustness issues for unseen activities [160, 161].
A machine learning algorithm learns the relations between input and output on
the data it has seen and has difficulty extrapolating to other tasks. Nonetheless,
these algorithms give the possibility to go beyond state-of-the-art intent recognition
by learning the relations between complex input data and meaningful intent. In
this work we have found that myoelectric data-driven intent recognition seems to
be a feasible approach to be used for prosthetic control, as performance is high
and possibly higher than current state of the art. Using a data-driven approach we
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have seen that we are able to outperform state-of-the-art feature sets for pattern
recognition (chapter 4) and that we are able to outperform physics-based modeling
approaches with convolutional neural networks (chapter 6).

The features used in myoelectric pattern recognition have been used for decades.
The Hudgins features, introduced by Hudgins et al. [83] in 1993, in combination with
autoregressive coefficients [179] form the time-domain autoregressive (TDAR) feature
set, which is one of the most commonly used feature sets in literature for lower-
limb myoelectric pattern recognition. Although this seems to result in satisfactory
classification performance in literature [31, 140, 143, 144], the question arosewhether
we could improve this in a data-driven way. In chapter 4 we have seen that by using
a meta-heuristic, we can come up with a feature set that improves on state-of-
the-art feature sets, validated on two different data sets. Our optimized feature
set GM-06 relatively decreased overall error by 10.9-11.6% and transitional error
by 8.2%-14.1% compared with state of the art on both data sets, showcasing the
potential of data-driven feature selection. We see that in literature as well. Xi et al.
[87] investigated motor intent recognition using EMG in the lower limb, focusing on
eight different activities of daily living. They managed to improve the accuracy from
64% to 97% by using a correlation based genetic algorithm. The need for feature
extraction can also be automated by using deep learning approaches which is seen
more often in intent recognition [140, 180]. For instance Su et al. [103] removed the
need for feature engineering by applying a convolutional neural network for intent
recognition. They showed that they could reach similar performance as state of the
art, with an accuracy of around 94-95%. We see something similar happening in
upper limb where more research has been done into feature selection [181]. This
has been done as early as 1997 by Farry et al. [182] utilizing genetic programming
for feature selection. Luo et al. [85] applied a genetic algorithm for feature selection
in movement classification based on EMG. The authors improved state of the art
by increasing the accuracy of hand gesture recognition from 91% to 97.7%, while
reducing the number of necessary features. Côté-Allard et al. [38] showed that
combining handcrafted features with learned features, that is features extracted
from a trained deep learning algorithm, could lead to higher classification accuracy
for upper limb pattern recognition. Handcrafted feature groups reached an accuracy
of around 30-48%, whereas learned features could reach an accuracy up to 81%.
These studies showcase that data-driven approaches are worthwhile to investigate
and implement in myoelectric pattern recognition to improve state-of-the-art intent
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recognition systems. Better performing intent recognition would provide more
intuitive control. The question arises whether the accuracy of these intent recognition
algorithms is high enough to be clinically viable. Next to a control that is easy to
use and intuitive, one of the most important aspects for prosthetic control is safety.
Although we have showcased that we can reach overall errors as low as 3%, this would
still mean that approximately 1 in 30 steps is erroneous. It remains unknown whether
these errors are noticeable by the user and if they would lead to unsafe situations. For
instance a misclassification of walking on uneven terrain with level-ground walking
might not lead to any unsafe behavior of the prosthesis. However, when stair climbing
is wrongly recognized while someone is walking on level-ground, this behavior of the
prosthesis might lead to falls. Before algorithms are to be used in clinic we needmore
extensive testing of data-driven intent recognition approaches. In this way a clinical
threshold for accuracy can be determined which users deem acceptable and what
accuracy we need to strive for when developing intent recognition systems. Another
question that arises is that it is currently not known how ‘simple’ heuristic rule based
intent recognition systems perform [9, 15] and thus it is difficult to know exactly what
performance gain we have achieved compared to current implemented heuristic
rule based algorithms in prostheses. Nonetheless, keeping in mind all limitations,
improving on the performance of intent recognition systems probably leads to better
performing prostheses and thereby might lead to higher prosthesis acceptance by
individuals with an amputation.

One of the most futuristic approaches of data-driven motion intent recognition is
to look at direct voluntary control based on electromyography. This would mean that
a user would be able to have more control over the prosthetic limb and coming closer
to a replacement of the missing limb. However, doing so is also one of the most
challenging topics in intent recognition. In chapter 6 we have investigated one of the
approaches towards direct voluntary control over a knee joint. We compared state-
of-the-art neuromuscular modeling with data-driven convolutional neural networks
and created a combination of both. The ability to generalize of machine learning
approaches is commonly questioned [21] and it is believed that machine learning
algorithms lead to solutions that lie outside the boundaries of the physiological
space [21, 160, 183]. However, in our work we have not seen these issues. We did
not test our models on other activities, which is seen as robustness in other studies,
but we have seen that machine learning models are capable of reaching satisfactory
accuracy over multiple days of use, up to 10%. Possibly this error can be reduced
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with a human-in-the-loop approach, instead of using an offline analysis. The error
rate of the machine learning models did increase significantly from day 1 to 2, but
hereafter the error rate remained stable over time and was lower than that of the
neuromuscular modeling approach. However, it should be noted that our study
focused only on non-weight-bearing activities. The main challenge lies with weight-
bearing activities as EMG artifacts start to play a large role. The question arises how
well these results would translate to a setting that is closer resembling a daily activity,
for instance during stair ascent, containing more artifacts. Comparing these results to
literature we have seen that data-driven or machine learning approaches are capable
of reaching low error rates. For instance Huang et al. [153] reported an average error
of 4.9% and Gautam et al. [154] reported an average error of 8.1% for knee joint angle
prediction. However, the most interesting part of our study was the combination
of both worlds, that is combining machine learning with neuromuscular modeling.
Although the hybridmodel did not performas expected, it is a very interesting topic for
future research. This would mean that the physiological boundaries that are present
in neuromuscular modeling could be used in combination with the excellent accuracy
found by data-driven approaches. One of these exciting examples is by Vittorio
et al. [184], where AI solutions are incorporated with neuromuscular models, hence
combining the best of both worlds. These models give more insight into the human
biomechanical function. These insights can then be translated into better performing
models, reaching higher accuracy and capable of better recognizing the motion intent
of the user for direct control. These algorithms can then be implemented in state-
of-the-art research prostheses and be evaluated, hopefully leading towards faster
implementation in commercial products as well.

Multi-day evaluation
Single measurements do not guarantee well performing algorithms over longer
periods of time. Current myoelectric control systems require frequent retraining due
to non-stationarity of EMG. This hinders the usability of myoelectric control systems
and application in real-world situations [17, 112]. Studies in multi-day evaluation
of upper limb intent recognition showed that the daily increase in error rate could
be up to 20-30% [108, 109, 112]. In our research we found similar results. In this
work we showed that a baseline error rate increased significantly from 5.9± 2.0%
on day 1 to 9.4 ± 2.4% on day 2, which is a relative increase of 59%. Most studies
show the performance of their (data-driven) approaches on single measurements
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only, which leads to a distorted view of their possible application over longer periods
of time [18, 24, 112]. In chapter 6 we have seen that the error rate of the machine
learning approach differed significantly from day 1 to 2 as well, increasing from 5.8
± 1.6% on day 1 to 10.0 ± 5.2% on day 2. However, the error rate stabilized and
did not significantly differ between day 2, 3 and 7 in both studies. There are various
underlying reasons why these errors increase over time and over days. The input
signal could change due to different placement of electrodes, donning and doffing of
prostheses, fatigue of the user, limb position and contraction force intensity [21, 112].

To realize robust control of myoelectric intent recognition systems, it is important
that algorithms are able to account for the changes in input signal [18, 21]. The nature
of gait enables such adaptations to be done automatically. It is a cyclic pattern and
deviations from that pattern could also be sensed more easily than in adaptation
of for instance direct control methods, where we do not know exactly what a user
really wanted to do when mispredicting the intent. This predictability of gait related
activities is what Spanias et al. [124] implemented in their gait pattern estimator.
The authors labeled new steps based on the prediction of the previous stride, and
used this input to update the forward predictor. In this way they leveraged the cyclic
nature of gait, i.e. activity recognition on the previous strides. They applied this
in an online setting with transfemoral amputees [124]. Using the adaptive system
they reduced the error rate from 4.4% to 4.0% for the forward predictions. In this
work we were unable to replicate that result, as our backward predictor did not
decrease the error rate compared to baseline. This could be due to the error rate
our backward predictor had, failing to update the forward predictor accordingly.
Backward prediction can still be an interesting option to update pattern recognition
systems, although we have shown in this work that other adaptation strategies might
work better. In chapter 5 we have comparedmultiple adaptation strategies, which can
counter the increase in daily error rate. One of these strategies was based on entropy,
a measure of certainty an algorithm has in its prediction, and used that to update the
algorithm accordingly. By using entropy based adaptation the relative increase could
be reduced to 36% compared to 59% from baseline, from 5.5± 2.0% on day 1 to 7.5
± 2.1% on day 2. Next to that, by using entropy based adaptation the error rate was
significantly lower on day 2 and 3 compared to baseline. Entropy based adaptation
is simple to implement and does not require additional labeled data to function. For
direct control systems other strategies are necessary. In upper-limb applications,
research has been done into co-adaptation [21, 185, 186], where user and prosthesis
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both learn to reach optimal solutions without too extensive calibration routines.
For instance Yeung et al. [186] investigated the effect of adapting machine learning
algorithms at the same time that a user learned to use the system. The authors
trained five able-bodied subjects to use an intent recognition system with virtual
feedback, either solely based on ‘user-training’ or training with machine learning
adaptation. They showed that by using a co-adaptation strategy, that is training the
user and the algorithm at the same time, the completion rate of the able-bodied
subjects using a pattern recognition based system could increase from 51% to 85%.
Next to that the input signal itself could be more robust, by implanting electrodes,
removing the influence of confounding factors such as electrode placement, donning
and doffing of prostheses and skin conditions, which are next steps in optimizing
myoelectric motion intent recognition systems.

Limitations
One of the major limitations of this thesis is the absence of patient data. Data in the
studies described in this thesis came from able-bodied subjects, instead of individuals
with an amputation for example. The question arises whether the results we found
will translate properly to a patient population. Individuals with an amputation have
different gait patterns and it is unknown whether our algorithms perform equally
in those circumstances. Next to that, individuals walking on a powered prosthesis
might also show differences in gait patterns and again the question arises how
algorithms will perform in those cases. The expectation is that as we developed
our algorithms to be subject specific, the algorithms are able to work for users with
more advanced prostheses as well. This does mean that patient data is necessary
before algorithms can be properly trained and implemented. Another limitation is
that we have not looked at algorithm performance in a daily life setting. Although
we performed measurements outside laboratory environments, we did not perform
any measurements in a home environment, or measured subjects over a prolonged
period of time when they used a system based on intent recognition at home. This
means that subjects were not measured in their default environment and thus it is
unknown whether our measurements are ecologically valid. For now, for the current
state of research these measurements will suffice, however, if we want to move
forward in myoelectric intent recognition we need more data concerning at home
use. Our wearable set-ups would enable such measurements, but the subjects might
feel observed and start to behave unnaturally. These limitations should be kept in
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Backward prediction can still be an interesting option to update pattern recognition
systems, although we have shown in this work that other adaptation strategies might
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± 2.1% on day 2. Next to that, by using entropy based adaptation the error rate was
significantly lower on day 2 and 3 compared to baseline. Entropy based adaptation
is simple to implement and does not require additional labeled data to function. For
direct control systems other strategies are necessary. In upper-limb applications,
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mind when designing a study that enables at home monitoring.
In this work we only evaluated our models offline. However, looking at literature,

it can be expected that offline and online performance does not differ a lot. For
instance Hu et al. [33] showed that they managed to reach an offline accuracy of 2.1%
versus an online accuracy of 0.9%. The reason for the higher accuracy is probably
that the system not only responds to the user, but that the user is also able to learn
how to use the system accordingly. The adaptability of the user can therefore play
a major role in the acceptance of a prosthesis with a more sophisticated control
mechanism. Next to that we evaluated various frameworks with each other, with
the same evaluation strategy to show which framework works best for a certain
area of application, for instance convolutional neural networks for direct control and
entropy adaptation for multi-day usage of pattern recognition systems. Although the
question of online performance remains, data from able-bodied subjects suffices to
compare the various frameworks. Another limitation is that we did not consider the
influence of noise on the various frameworks. In real-life settings situations occur
that generate noise on the algorithm inputs. It could be that certain algorithms are
better at handling noisy input data than others. For example, translating results from
non-weight-bearing to a weight-bearing situation might change the results we found.
Therefore, our results should be viewed with these limitations in mind.

Next to that the models were trained on machines with a lot of processing power.
The question arises whether these results could be reached in online evaluation as
well, while being implemented on embedded systems with low processing power and
a certain power consumption [187]. These factors are now not taken into account
in our studies. However, it can be expected that the amount of processing power
would only increase, or model training and deployment becomes easier over time.
For instance Nvidia launched the Jetson Nano [188], a powerful mini computer that
is able to do complex calculations. Or the lightweight tensor processing units (TPUs)
developed by Google [189] that are designed to be used in combination with deep
learning frameworks. Next to that smart design of algorithms could result in lower
computational requirements, while retaining high accuracy, notably MobileNet [190].

Recommendations for future work
More data needs to be shared in the research community, especially data from indi-
viduals with an amputation. Good efforts have already been done in the upper limb
with for instance the NinaPro databases [98] and the CapgMyo databases [191]. The
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time has come to extend the amount of lower-limb kinematic, kinetic and electromyo-
graphy data as well, enabling research into new possibilities, training algorithms on
vast amounts of data to reach better performing intent recognition systems. Next to
that, evaluation protocols need to be standardized [18, 97] and more benchmark data
sets created, to objectively evaluate novel data-driven intent recognition approaches.
Without standardization of evaluation protocols, it is difficult to compare various
studies. It should be described in detail how systems are evaluated, especially in
machine learning studies. This enables us to compare new approaches against state
of the art without necessarily compare on all existing data sets, which would be very
time-consuming.

Another interesting field of research is to augment existing data [192]. This
augmentation is done using generative adversarial networks (GANs). Most prominent
examples of GANs are ‘deepfakes’, where images are generated or altered using
these types of networks. In the field of myoelectric data these networks could use
data to generate new combinations of variation that exist between users, to augment
existing data sets. An interesting example is the work by Hu et al. [192]. They used a
GAN to augment the existing data recorded from four individuals with a transfemoral
amputation. In this way deep neural networks could be trained on more data to
reach a higher accuracy. The authors managed to have a relative decrease of the
error rate of 30% using augmented data. It is important to note that GANs can only
operate within the variability that is already in the data, not come up with true novel
data. By combining all available data from able-bodied subjects and subjects with an
amputation we might be able to train GANs to come up with novel data that might
lead to higher intent recognition performance.

Next to traditional surface EMG other strategies are possible as well. For in-
stance intramuscular EMG, which can be implanted and shows promising results
for long-term stability of EMG signals [21]. Implantation of EMG also removes the
need for a user to reattach electrodes and would make the overall system easier to
use, while providing high quality EMG signals. Implantation of electrodes has been
done in research settings, for example with Implantable Myoelectric Sensor (IMES)
electrodes [19, 21]. Another futuristic approach is targeted muscle re-innervation
(TMR), where nerves of lower leg muscles are reattached to upper leg muscles. In this
way, the nerves originally innervating lower leg muscles, can now innervate existing
upper leg muscles. This enables measuring a control signal to be used for direct
control over the ankle. This technique has been successfully applied in the upper
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extremity, but now is seen more often in the lower limb as well [19].
The question also arises whether electromyography is necessary in pattern recog-

nition at all. Other sensors could also fill this gap. One interesting upcoming area is
to use cameras for environment detection. At the moment motion intent is recog-
nized through the user activity and to some extent by mechanical sensors. However,
only limited information about the environment itself is used for intent recognition.
Mechanical sensors can only provide information on the current terrain, for instance
the inclination angle while standing on a ramp, but no information is available for
upcoming environment changes. Using depth cameras could provide information
on the upcoming terrain, such as stairs, before we would be able to reliably detect
it. [187, 193]. Terrain identification can play a crucial role in intent recognition, al-
though currently the processing power required for real-time image processing is
one of the drawbacks [193]. Next to that, the amount of studies into the topic and in-
tegration within a prosthesis are limited. For instance Zhang et al. [148] implemented
a depth camera in a powered prosthesis and evaluated the system with four trans-
femoral amputees. They measured the individuals with an amputation with a passive
prosthesis and a powered prosthesis containing the depth camera during gait-related
activities and obstacle crossings. Compared to a passive prosthesis the amputees
were better capable of adapting in nonrhythmic locomotion tasks and showing better
stability. This also raises the question whether the placement of electrodes is worth
it if other sensors could also provide the same information. The question whether
placing EMG electrodes is worth it is especially relevant for a state-machine approach,
but for direct control electromyography still seems like the most viable option, as no
other modalities seem like a better option to have a neural interface with the body.

General Conclusion
The general aim of the research described in this thesis was to investigate data-driven
intent recognition strategies in the lower-limb using electromyography. We have
seen that large scale data collection could be facilitated using wearable sensors in-
and outside a lab-setting. Using accelerometer data various measurement systems
can be reliably and continuously synchronized. Using data-driven approaches feature
sets can be selected that result in better pattern recognition performance compared
to state of the art and data-driven approaches are also feasible for realizing direct
control over a prosthetic joint in the lower limb. Finally multi-day evaluations are
important for intent recognition systems as error rates could vary over multiple
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days and simple adaptation strategies can be implemented to tackle this increase in
error rates. As discussed before, to accelerate the development of data-driven intent
recognition, the research community needs to make more data publicly available and
we need to think about standardizing evaluation strategies. Data-driven approaches
have the potential to reach higher performance in intent recognition than current
state of the art and this will lead to more intuitive prostheses in the lower limb,
possibly resulting in higher acceptance rates of said prostheses by individuals with
an amputation.
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extremity, but now is seen more often in the lower limb as well [19].
The question also arises whether electromyography is necessary in pattern recog-

nition at all. Other sensors could also fill this gap. One interesting upcoming area is
to use cameras for environment detection. At the moment motion intent is recog-
nized through the user activity and to some extent by mechanical sensors. However,
only limited information about the environment itself is used for intent recognition.
Mechanical sensors can only provide information on the current terrain, for instance
the inclination angle while standing on a ramp, but no information is available for
upcoming environment changes. Using depth cameras could provide information
on the upcoming terrain, such as stairs, before we would be able to reliably detect
it. [187, 193]. Terrain identification can play a crucial role in intent recognition, al-
though currently the processing power required for real-time image processing is
one of the drawbacks [193]. Next to that, the amount of studies into the topic and in-
tegration within a prosthesis are limited. For instance Zhang et al. [148] implemented
a depth camera in a powered prosthesis and evaluated the system with four trans-
femoral amputees. They measured the individuals with an amputation with a passive
prosthesis and a powered prosthesis containing the depth camera during gait-related
activities and obstacle crossings. Compared to a passive prosthesis the amputees
were better capable of adapting in nonrhythmic locomotion tasks and showing better
stability. This also raises the question whether the placement of electrodes is worth
it if other sensors could also provide the same information. The question whether
placing EMG electrodes is worth it is especially relevant for a state-machine approach,
but for direct control electromyography still seems like the most viable option, as no
other modalities seem like a better option to have a neural interface with the body.

General Conclusion
The general aim of the research described in this thesis was to investigate data-driven
intent recognition strategies in the lower-limb using electromyography. We have
seen that large scale data collection could be facilitated using wearable sensors in-
and outside a lab-setting. Using accelerometer data various measurement systems
can be reliably and continuously synchronized. Using data-driven approaches feature
sets can be selected that result in better pattern recognition performance compared
to state of the art and data-driven approaches are also feasible for realizing direct
control over a prosthetic joint in the lower limb. Finally multi-day evaluations are
important for intent recognition systems as error rates could vary over multiple
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days and simple adaptation strategies can be implemented to tackle this increase in
error rates. As discussed before, to accelerate the development of data-driven intent
recognition, the research community needs to make more data publicly available and
we need to think about standardizing evaluation strategies. Data-driven approaches
have the potential to reach higher performance in intent recognition than current
state of the art and this will lead to more intuitive prostheses in the lower limb,
possibly resulting in higher acceptance rates of said prostheses by individuals with
an amputation.
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Summary

Summary
Data-driven intent recognition using electromyography (EMG) has the potential to
make actuated prosthesis more intuitive. Although electromyography has its chal-
lenges, it also forms an opportunity to realize more intuitive control of prostheses
through intent recognition. Compared with mechanical sensors it can provide more
appropriate information on what a user wants to do, instead of what the user is
doing. However, data-driven approaches require a lot of data. Therefore, large scale
data collection needed to be facilitated. In chapter 2 we developed and validated
a synchronization method for wearable motion capture and EMG measurement
systems. Using continuous cross-correlation of acceleration signals we managed
to obtain satisfactory synchronization results below the sampling frequency of the
slowest modality. Using this new synchronization technique we collected a large
database, MyPredict, one of the biggest of its kind, containing 55 able-bodied subjects
measured in 85 measurement moments. These data sets contain kinematic and EMG
data from subjects performing gait-related activities such as stair climbing and ramp
walking, freely transitioning from one activity to the next. This database, containing
three data sets MyPredict 1-3, is described in chapter 3.

Using our novel database, we investigated the use of genetic algorithms to con-
struct optimized feature sets to be used in lower limb prosthetic control in chapter
4. Four different optimized feature sets were constructed based on the results of
the genetic algorithm. These four optimized feature sets were compared against the
best performing state-of-the-art feature set on two different data sets. All optimized
feature sets outperformed the state-of-the-art feature set on the MyPredict 1 data
set and most optimized feature sets outperformed state-of-the-art on the ENABL3S
data set. These results showcase the possibilities of data-driven feature selection
and the potential to optimize current control systems.

Myoelectric pattern recognition systems suffer from increase in error rate over
time, which could lead to unwanted behavior. This so-called concept drift in myo-
electric control systems could be caused by fatigue, sensor replacement and varying
skin conditions. To circumvent concept drift, adaptation strategies could be used to
retrain a pattern recognition system, which could lead to comparable error rates over
multiple days. In chapter 5 we investigated whether concept drift is an issue in lower
limb pattern recognition and we compared three adaptation approaches, entropy-
based, based on backward prediction and a combination of the two to circumvent
this concept drift using the MyPredict 3 data set. We concluded that an adaptation
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strategy is necessary as the baseline error rate significantly increased from day 1 to
day 2. Although none of the adaptation strategies was as good as using ground truth
labels for retraining, the entropy-based adaptation worked best overall. However,
backward prediction might be beneficial to use in stair climbing scenarios.

Direct control using surface electromyography enables more intuitive control
of a transfemoral prosthesis. However, EMG is a noisy signal which can vary over
time, giving rise to the question what approach for knee torque estimation is most
suitable for multi-day control. In chapter 6 we compared three different modelling
frameworks to estimate knee torque in non-weight-bearing situations usingMyPredict
3. The first model contained a convolutional neural network which mapped EMG to
knee torque directly. The second used a neuromusculoskeletal model which used
EMG, muscle tendon unit lengths and moment arms to compute knee torque. The
third model (Hybrid) used a CNN to map EMG to specific muscle activation, which
was used together with NMS components to compute knee torque. CNN had the best
performance in general and on each day. The Hybrid model was able to outperform
NMS. The NMS model showed no significant difference between measurement days.
The CNN model and Hybrid models had significant performance differences between
the first day and all other days. CNNs are suited for multi-day torque estimation in
terms of error rate, outperforming the other two model types. NMS was the only
model type which was robust over all days.

Finally, in chapter 7 the main findings of this thesis are discussed, as well as
the limitations and future recommendations. Summarizing, many data-driven ap-
proaches are suitable to increase the performance of intent recognition systems
compared to state-of-the-art. However, the amount of data and standardization
of evaluation protocols remains a critical point of attention moving forward. Data-
driven intent recognition has the potential to make prostheses more intuitive, thereby
possibly leading to better prosthesis control.
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Samenvatting

Samenvatting
Data-gedreven intentie detectie met behulp van elektromyografie (EMG) kan mogelijk
gemotoriseerde protheses intuïtiever te maken. Elektromyografie heeft zijn uitdagin-
gen, maar het vormt ook een kans om intuïtieve controle van protheses mogelijk te
maken met behulp van intentie detectie. In vergelijking met mechanische sensoren,
kan het informatie leveren over wat een gebruiker wil doen, in plaats van wat een
gebruiker aan het doen is. Echter, data-gedreven toepassingen hebben veel data
nodig. Daarom moest data verzameling op grote schaal worden mogelijk gemaakt.
In hoofdstuk 2 hebben we een synchronisatie methode ontwikkeld en geëvalueerd
voor draagbare meetsystemen van kinematica en EMG. Door middel van continue
cross-correlatie van acceleratie signalen kregen we adequate synchronisatie resul-
taten onder de sample tijd van de traagste modaliteit. Door deze synchronisatie
methode konden we een grote database verzamelen, MyPredict, een van de groot-
ste van zijn soort, met daarin 55 proefpersonen zonder amputatie gemeten in 85
meetmomenten. Deze data sets bevatten kinematica en EMG van proefpersonen die
allerlei loop-gerelateerde activiteiten uitvoeren, zoals traplopen, helling lopen en vrij
overgaan van een activiteit naar de volgende. Deze database, met daarin drie data
sets, MyPredict 1-3, is beschreven in hoofdstuk 3.

Gebruikmakend van onze nieuwe database, hebben we onderzocht of een genetic
algorithm een nieuwe optimale feature set kon maken die gebruikt zou kunnen
worden voor controle van een beenprothese in hoofdstuk 4. Vier verschillende feature
sets zijn geoptimaliseerd gebaseerd op de resultaten van het genetic algorithm. Deze
vier optimale feature sets zijn vergeleken met de beste state-of-the-art feature set
gebruikmakend van twee verschillende databases. Alle geoptimaliseerde feature sets
hadden een hogere accuraatheid dan de state-of-the-art feature set op de MyPredict
1 data set en de meeste feature sets werkten beter dan state of the art op de online
beschikbare ENABL3S data set. Deze resultaten laten de mogelijkheden zien van
data-gedreven feature selectie en de mogelijkheid om huidige prothese controle te
optimaliseren.

Systemen die myoelectrische patroon herkenning gebruiken, hebben last van
een toename van foutpercentage over de tijd, wat kan leiden tot ongewenst gedrag
van deze systemen. Om deze toename, ook wel concept drift genoemd, tegen te gaan
kunnen adaptatie strategieën gebruikt worden om patroon herkenning systemen te
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opnieuw te trainen om zo een vergelijkbaar foutpercentage over verschillende dagen
te krijgen. In hoofdstuk 5 hebben we onderzocht of concept drift ook een rol speelt
in patroon herkenning in de onderste extremiteit en hebben we drie verschillende
adaptatie strategieën vergeleken om concept drift te voorkomen. Deze drie adaptatie
strategieën, gebaseerd op entropy, gebaseerd op backward prediction en gebaseerd
op een combinatie van beiden, zijn geëvalueerd met behulp van MyPredict 3. We
concludeerden dat een adaptatie strategie noodzakelijk is voor patroon herkenning
systemen gebaseerd op EMG, gezien de basis foutpercentage significant toenam
van dag 1 op dag 2. Hoewel geen enkele adaptatie strategie zo goed was als het
gebruik van de werkelijke labels voor het opnieuw trainen van de classifiers, liet de
adaptatie strategie gebaseerd op entropy de beste resultaten zien over het algemeen.
Daarnaast kan backward prediction ook goed zijn om te gebruiken bij traplopen.

Naast patroon herkenning, kan directe controle met behulp van EMG leiden tot
een intuïtieve controle van een bovenbeen prothese. In hoofdstuk 6 vergeleken
we drie verschillende modellen die knie moment kunnen schatten in niet-gewicht-
dragende situaties met behulp van MyPredict 3. Het eerste model bestond uit een
convolutional neural network (CNN) dat EMG direct omzette in knie moment. Het
tweede model bestond uit een neuromusculair model (NMS) dat EMG, spierpees
lengte en moment armen gebruikte om het kniemoment te berekenen. Het derde
model (Hybrid) gebruikte een CNN om zo EMG om te zetten in spier activatie, wat
samen gebruikt werkt met NMS componenten om zo het kniemoment te berekenen.
Het CNN-model had de beste prestatie over het algemeen en per dag. Het hybride
model had een betere prestatie dan NMS. Het NMS-model was het enige model
dat geen significante verschillen liet zien over de verschillende dagen. Het CNN
en hybride model hadden significante verschillen tussen dag 1 en de rest van de
dagen. CNNs zijn geschikt voor meerdaagse knie moment schattingen op basis van
foutpercentage en presteren beter dan de andere twee modellen.

Ten slotte worden de hoofdbevindingen van deze thesis besproken in hoofdstuk 7,
net als de beperkingen van de thesis en aanbevelingen voor vervolg onderzoek. In het
kort, vele data-gedreven toepassingen zijn geschikt om de prestatie van intentie detec-
tie systemen te verbeteren in vergelijking met state of the art. Echter, de hoeveelheid
data en standaardisatie van evaluatie protocollen zijn een kritiek aandachtspunt voor
de toekomst. Data-gedreven intentie detectie heeft de mogelijkheid om protheses
intuïtiever te maken, wat mogelijk kan leiden tot betere prothese controle.
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Dankwoord

Dankwoord
Na 3 jaar en een beetje is het zo ver, het is af! ‘Het ging niet altijd zoals het was gepland’
is misschien een licht understatement. Tijdens het werk voor deze thesis zijn er mooie
hoogtepunten geweest, maar ook zeker diepe dalen. Uiteindelijk heeft het geleid tot
eenmooie thesis al zeg ik het zelf. Het hoofdstuk ‘promoveren’ kan numooi afgesloten
worden en we kunnen gaan kijken wat de toekomst te bieden heeft. In de afgelopen
jaren zijn er veel mensen betrokken geweest en die wil ik natuurlijk hierbij bedanken.

Allereerst Erik, jouw begeleiding heeft er voor gezorgd dat mijn werk telkens toch
naar een hoger niveau kon en je hebt me alle ruimte gegeven om mijzelf te ontwikke-
len. Jouw steun in lastige momenten, jouw nuchtere inzicht en visie hebben mij
ontzettend geholpen. Met name hoe om te gaan in lastige situaties als het project
weer in de soep dreigde te lopen of als studenten toch niet helemaal werkte naar
mijn (soms te hoge) verwachtingen. Wat hier zeker bij hielp is dat we qua humor ook
aardig op dezelfde golflengte zaten en dat sarcastische opmerkingen ook heerlijk
over en weer konden gaan. Jouw inzet voor RRD is zeker bewonderingswaardig, maar
ook hoeveel tijd je in de begeleiding hebt kunnen steken ondanks al je steeds groter
wordende verantwoordelijkheden. Ik prijs mezelf daarom ook erg gelukkig dat ik
jouw als begeleider heb mogen hebben!

Jaap, jouw nuchterheid en helicopterview hebben mij altijd in een goede richting
weten te sturen. Ik weet dat mijn plannen altijd erg ambitieus waren en dat be-
noemde je dan ook, maar je gaf me wel de mogelijkheid om dingen verder uit te
zoeken en er zelf achter te komen wat ik dan wel of niet haalbaar vond. Ik heb altijd
met veel bewondering gekeken naar hoe jij snel een situatie wist te overzien en om
zo alles te sturen dat het voor iedereen goed uitkwam. Bedankt voor de mooie jaren.

Mannes, hoewel je pas het laatste jaar bij het team bent gekomen, heb ik veel gehad
aan onze discussies en jouw kijk op het promoveren. Je wist de juiste vragen te stellen
die mij hebben geholpen verder te kijken en te denken. Dankjewel!

I also would like to thank the members of the graduation committee for that were
willing to accept the task of reviewing this thesis, providing suggestions and being
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I also would like to thank the members of the graduation committee for that were
willing to accept the task of reviewing this thesis, providing suggestions and being

145



586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte586065-L-bw-Schulte
Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022Processed on: 7-11-2022 PDF page: 154PDF page: 154PDF page: 154PDF page: 154

present at my PhD defence.

Veel van het onderzoek, maar ook veel onderzoeken die het proefschrift niet hebben
gehaald, waren niet mogelijk zonder studenten. Jelle, Ruben, Kaz, Semjon, bedankt
voor jullie inzet tijdens de stages en de fijne samenwerking. Joost, jouw hoge stan-
daard, doelmatigheid en integriteit heeft mij veel geleerd en we hebben heel fijn
kunnen samenwerken. Ook al moesten we steeds creatiever worden met het uit-
breken van Covid en liep het niet altijd zoals gepland, heb je een fantastisch resultaat
neer weten te zetten. Parham, thank you for all your hard work. Although sometimes
it seemed a bit too much, you still managed to fight through and I am proud of the
result you managed to achieve. Marijke, wat hebben wij fijn samengewerkt. Bedankt
voor jouw oneindige vrolijkheid tijdens die dagenlange metingen en je gigantische
inzet. Uiteindelijk heeft dit zelfs tot een mooie publicatie mogen leiden #trots!

Het fijne aan deze promotie was wel de plek waar het mocht gebeuren. RRD heeft
altijd een fijne werksfeer gehad, met een leuke groep junioren waarbij we allemaal
eigenlijk in hetzelfde schuitje zaten. Marit, Marijke, Silke, Tessa, Roos, Eline 2, Jule,
Mattiènne, Luca, Marian, Bouke, Kira, Lena, Cindy en Eline 3, bedankt voor de leuke
tijd, de gezellige avonden en de steun in de afgelopen 3-4 jaar. In het bijzonder Marit,
voor alle gezelligheid, gesprekken en frustratie delingen. Hoewel ik mij afvraag hoe
veel werk we hebben kunnen verzetten in kamer 18, was het erg fijn om alle onzeker-
heden te delen, frustraties te uiten over bijvoorbeeld verschrikkelijke artikelen en
met elkaar nieuwe ideeën te bespreken. Of zoals in de woorden van Jasper: ‘Zet die
twee in een kamer en naast veel gegiechel komen er ook nog eens goede ideeën uit
voort’. Je kritische blik op mijn posters/presentaties/artikelen heeft er voor gezorgd
dat alles toch weer een stukje beter werd. Dankjewel! Ik ben blij dat je 8 december
aan mijn zijde staat.

‘Zucht’, ‘Daar is hij weer’ of ‘Wat heb je nu weer gesloopt?’, woorden die ik veel heb
gehoord als ik weer bij beheer binnenstapte. Jos, Wendy, Leendert, ontzettend be-
dankt voor jullie inzet en de mogelijkheden die jullie mij gaven om alles toch weer
een stukje sneller of efficiënter te maken. Allereerst natuurlijk voor het bouwen
van de mooie machine die zwaar te lijden had onder mijn machine learning geweld.
Na een tijdje bleek de koeling het werk niet meer aan te kunnen en werd Marit
langzamerhand gek van het continue draaien van de ventilatoren, dus moest er iets
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anders verzonnen worden. Ik heb jullie denk ik niet eerder zo blij gezien met het
knutselen met buisjes, lichtjes en gadgets om waterkoeling in de machine te zetten.
Ik denk dat we mooie limieten hebben kunnen opzoeken om zo alles zo efficiënt
mogelijk te laten draaien. Jos en Wendy, bedankt voor het elke keer meedenken
om het (netwerk) technisch allemaal te laten werken. Leendert, bedankt voor jouw
enthousiasme en het meedenken voor nieuwe meetopstellingen. De gigantische berg
data die we hebben kunnen verzamelen is alleen maar mogelijk geweest met jouw
inzet.

Familie, vrienden, de mooie mensen van MSCS, bedankt! Iedereen heeft stiekem toch
weer bijgedragen aan dit werk, aan de ene kant als luisterend oor, aan de andere
kant als afleiding of toch weer met een stiekem goed idee. Robert, Paassen, Paashaas,
met name jij bedankt voor er zijn in het hele (studie) traject en ik ben blij dat je ook
naast me staat op 8 december.

Pap, mam, bedankt voor jullie oneindige steun. Ook al begrepen jullie er niet al-
tijd alles van, jullie waren altijd bereid te luisteren en goed advies te geven. Het
vertrouwen dat jullie in mij hebben heeft me altijd erg goed gedaan en mocht het
tegen zitten weet ik dat ik altijd bij jullie terecht kan. Bedankt!

Eline, als iemand het zwaar heeft gehad in de afgelopen jaren was jij het wel. Als ik
weer chagrijnig of onzeker was over wat ik numoestmetm’n (PhD) levenwas jij er voor
me als luisterend oor, steun en toeverlaat. De stabiele basis die jij verzorgde heeft
mij de kans gegeven om te bouwen aan dit onderzoek en mij verder te ontwikkelen.
Ik ben ontzettend blij dat jij in mijn leven bent, luf joe!
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