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G .
ermany Methods: We develop a novel approach utilizing recurrent neural networks that are

able to predict muscle activity of the upper limbs associated with complex 3D human
arm motions. Therefore, motion parameters such as joint angle, velocity, acceleration,
hand position, and orientation, serve as input for the models. In addition, these models
are trained on multiple subjects (=5 including, 3 male in the age of 2642 years) and
thus can generalize across individuals. In particular, we distinguish between a gen-

eral model that has been trained on several subjects, a subject-specific model, and a
specific fine-tuned model using a transfer learning approach to adapt the model to a
new subject. Estimators such as mean square error MSE, correlation coefficient r, and
coefficient of determination R’ are used to evaluate the goodness of fit. We additionally
assess performance by developing a new score called the zero-line score. The present
approach was compared with multiple other architectures.

Results: The presented approach predicts the muscle activity for previously through
different subjects with remarkable high precision and generalizing nicely for new
motions that have not been trained before. In an exhausting comparison, our recurrent
network outperformed all other architectures. In addition, the high inter-subject varia-
tion of the recorded muscle activity was successfully handled using a transfer learning
approach, resulting in a good fit for the muscle activity for a new subject.

Conclusions: The ability of this approach to efficiently predict muscle activity contrib-
utes to the fundamental understanding of motion control. Furthermore, this approach
has great potential for use in rehabilitation contexts, both as a therapeutic approach
and as an assistive device. The predicted muscle activity can be utilized to guide func-
tional electrical stimulation, allowing specific muscles to be targeted and potentially
improving overall rehabilitation outcomes.
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Background

Human motion execution is the product of muscle contraction caused by muscle acti-
vation which, in turn, results from upstream motion planning of the motor cortical
areas. Motion is defined as a change in position over time, and this can be described
by parameters, such as time, direction, and velocity. Early motor control theories, such
as Pavlov’s view of movements as combinations of reflexes and Sherrington’s proposal
of reciprocal innervation to ensure coordinated movements, influenced the field [1, 2].
However, unlike Pavlov, Sherrington states that movements are generated by modula-
tion of parameters of reflexes [2]. Bernstein formulates the equivalence problem, which
highlights the redundancy in human motion where there are often more elemental vari-
ables than constraints associated with the movement [3]. For instance, when reaching a
target in three-dimensional space, the number of arm joint rotations is typically more
than three [4]. Bernstein’s theory suggests that the nervous system must choose a spe-
cific solution for each movement, taking into account the complex interplay between the
nervous system, the musculoskeletal system, and the environment [3]. He proposes the
existence of muscle synergy to simplify the control of multiple degrees of freedom [3,
5], which is compatible with Latash principle of abundance [4]. In the 1980s, Georgo-
poulos and colleagues found a correlation between the movement direction of the hand
and the motor cortical activity [6, 7]. Moreover, speed and, with a less prominent effect,
acceleration and position are continuously represented in motor cortical activity dur-
ing reaching [8, 9]. There is some controversy about whether the motor cortex repre-
sents so-called high-level features of the hand as described above (direction, speed, and
acceleration) or low-level features for muscle groups, such as muscle activity and force
[10-12]. Churchland and colleagues developed a dynamical system approach to better
understand the neural activity in the motor cortex [13]. Furthermore, the motor cor-
tex might be explained by utilizing a recurrent neural network (RNN) [14—-16] which
in itself exhibits dynamical behavior. These models show that preparatory activity sets
initial conditions that unfold predictably to control muscles during reaching. We might
assume that the preparatory activity draws on pre-learned inverse dynamics that gener-
ate the associated muscle activity with measurable angular position, velocity, and accel-
eration for each joint. For further clarification, the term “muscle activity” refers to the
neuronal signal at the muscle membrane that can be measured by surface electromyo-
graphy (EMG), as in other works [17-20].

Building on this thesis, we demonstrate that muscle activity can be generated arti-
ficially for known and unknown motion based on high-level motion features for each
joint (or for the hand instead), which is similarly represented in our brain [6—9]. For
this, we develop a recurrent neural network with long—short term dependencies in a
supervised learning session with motion parameters such as angular position, veloc-
ity, and acceleration of the arm. Previously trained motion can be generated with a
remarkable precision, while new motions that are not previously trained reach a high
precision in most cases. It has to be clarified that we do not aim to represent specific
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cortical activity but to show that muscle activity measured directly on the surface of
the arm can be predicted based on motion parameters.

This concept is based on the assumption that motion parameters, such as angular
motion, velocity, and acceleration, have a context to muscle activity. This assump-
tion is in line with Georgopoulos and colleagues’ findings regarding the correlation
between the movement direction of the hand and the motor cortical activity [6, 7].
This means that the specific parameters of a movement are encoded in the activity of
the motor cortex, which then influences the activity of the muscles involved in that
movement. Overall, this concept emphasizes the close relationship between motor
control and the parameters of movement, and suggests that the two are intimately
linked. Furthermore, it has been shown that the proprioceptive system which pro-
vides information about kinematic parameters, such as joint position, movement, and
load [21] is crucial for adaption in reaching motion. The information of the proprio-
ceptive system is transmitted to the central nervous system and integrated with other
sensory systems like the visual system to generate an overall representation of the
current body-state. Furthermore, the local loop in the spinal cord also has a direct
influence on the generation of motion, especially on the time component where local
parameters can be altered. This could be achieved by integrating additional hidden
variables; however, this is part of future work and not incorporated in the present
model.

There are several studies dealing with the inference of muscle activity based on meas-
ured motion parameters. According to the existing literature, two different approaches
can be used: an analytical or a machine learning method. The analytical method is
based on a biomechanical model that utilizes the given trajectory to compute muscle
activity [22, 23], while the machine learning approach often involves artificial neural
networks that directly learn the association between muscle and motion based on the
data rather than on predefined programmed instructions. In both cases, these models
often use joint angles, primarily those of the shoulder and elbow, or hand trajectories,
as input parameters to predict the corresponding muscle activity [18, 23-26]. The task
design, and thus the movements performed and muscle activity predicted, vary greatly
throughout the existing literature: from simple one-dimensional motion to rare three-
dimensional motions. Typically, 8 — 12 muscles are recorded from 5 — 9 participants. In
the following, we take a closer look at the different machine learning-based approaches,
where a feedforward network (FNN) is commonly used [17, 18, 26]. The performance
is typically evaluated using the mean squared error (MSE), root-MSE (RMSE), normal-
ized-RMSE (NRMSE), correlation coefficient r [27] or less commonly the coefficient of
determination R? and the variance accounted for (VAF), see "Evaluation method" sec-
tion. We present our results with several of these methods to facilitate comparability.
The comparison of different probabilistic methods by Johnsen and Fuglevand concludes
that the dynamic neural network, which is a FNN with some time-delayed inputs,
achieves good results with an average accuracy of r’= 0.40 for random three-dimen-
sional motions [19]. Several other studies reported also good results employing FNN.
Rittenhouse et al. achieved an average accuracy of 7= 0.66 with an FNN for a press-up
motion [26]. Tibold and Fuglevand also used an FNN and achieved a R?=0.43 for loaded
and unloaded random three-dimensional motion [17]. Alternatively, a probability-based
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prediction achieves the best accuracy with a VAF score of 69% and an RMSE of up to
0.037 for the teres major muscle for two-dimensional random movements [20].

Here, we developed a specific recurrent network which is the most appropriate model
for generating time series data due to its ability to recognize time dependencies in the
motion sequence, and thus is the canonical candidate to approach the relation between
motion and muscle activity. More precisely, we formed a Long—Short-Term Memory
(LSTM) network, which is a type of recurrent neural network that allows for stimulation
from earlier input remaining as hidden states to influence predictions at the current time
step. This enables recurrent networks to exploit a dynamically contextual window which
then can be utilized for time dependency of muscle activity. RNNs are not only suitable
for this special case, and they are also generally suitable for physiological applications
[28]. In addition to the recurrent network, we consider and evaluate other neural net-
work architectures. A vanilla feedforward neural network (FNN) is a base model which
allows the signal to only travel in one direction from input to output. Furthermore, a
convolutional neural network (CNN) is introduced, which extracts spatial and temporal
dependencies of the time series by applying different sized kernels and filters using the
whole movement (and not just one point in time) as input. Thereby, the motion data as a
whole are mapped to the muscle activity. Each neuronal network predicts the activity of
all muscle simultaneously taking the synergistic nature of agonist and antagonist muscles
into account. The performance of a model is presented by the mean square error (MSE)
as the loss function of the neural network as well as the correlation coefficient r (often
used squared 72) and the coefficient of determination R%. We further introduce a new
better-suited measure, the zero-line score, that adaptively rescales the loss function of
the muscle activity and compares the generated signal to the overall range of the muscle
activity and thus identifies similarities between both signals. Unlike the similar defined
R?, the zero-line score uses the zero-line rather than the signals mean as comparison.

The generalization properties of the architecture are mandatory for all kinds off appli-
cation along with the question of how transferable the feature is. We aim for a model
which can further extrapolate across multiple subjects as well as for new motions. To
provide a measure for generalization, we evaluate different disparate motions and trans-
fer learning across all feature combinations across multiple subjects. The muscle activity,
recorded by EMG, is known as a high inter-subject variable due to varying physiological
factors, slightly different electrode placement, and other skin conditions [29—34]. There-
fore, we evaluate models that have been trained on different individuals: we distinguish
between a general model trained on multiple subjects but exclude the data from the sub-
ject that is referred to test these models, a subject-specific model that is trained entirely
on this one subject, and a specific, fine-tuned model that uses the general model as a
basis and is then adapted to the specific subject afterwards.

To evaluate the true generalization properties of our approach, we go beyond generat-
ing muscle activity based on already known motions and predict new, unseen motions
covering a huge range of motions. Finally, we fall back on the input parameters we have
chosen: angular position, velocity, and acceleration. We further evaluate and quantify
the importance of all these motion parameters with respect to their contribution to gen-
erate artificial muscle activity or whether the redundancy of velocity and acceleration
due to their reproducibility by deriving the position can be observed as well. In addition,
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we check if the position and orientation for the hand alone, also known as end-effector
(EEF), are sufficient to drive the muscle activity of the upstream arm joints/segments,
which can be described by inverse kinematics based on the EEF.

The objective of this study is to showcase the feasibility of inducing muscle activity
via a kinematic representation. Previous research provides evidence that the brain’s
neural activity encodes kinematic representation to some extent [6-9]. In this study,
we substituted the neural representation of kinematics with actual measured kinematic
parameters to generate a movement command. As a result, we developed a powerful
generative model capable of generating muscle activity for new subjects and movements
based on motion parameters similarly represented in the brain [6—9]. This highlights the
close relationship between kinematic representations and muscle activity during motor
control. This does not only contribute to a deeper understanding of motion control but
has also practical applications in human—machine interaction and rehabilitation. In par-
ticular, this model addresses the crucial issue of subject-specific adjustments in myoe-
lectrical controlled systems, such as prostheses and exoskeletons. These systems rely on
the classification of residual signals to support or execute desired movements, and deep
learning models require large data sets to achieve the performance and robustness nec-
essary for real-world applications. The proposed muscle activity generation approach
can generate the necessary subject-specific data to improve the performance and robust-
ness of these systems. This generative approach has the potential to greatly benefit
prosthetic users by allowing them to improve upon their existing movements with high
robustness and accuracy. Additionally, it can go beyond the limitations of a set of pre-
programmed motions by exploring new, generative approaches that may produce less
accurate but more diverse and creative movements. Furthermore, in rehabilitation, the
generated muscle activity can serve as a building block for targeted functional electric
stimulation (FES) of paralyzed limbs to support movement.

Methods

In this section, the entire process from data acquisition to pre- and post-processing to
the construction of the different neural network architectures and their hyperparameter
tuning is outlined.

Experimental protocol

In total, five healthy subjects (2 female, 3 male in the age of 26 =+ 2 years) participated
in the experiment. They all have given their informed written consent to the study. The
study involving human subjects was reviewed and approved by the Ethics Committee
of the Ruhr-University Bochum. All methods were performed in accordance with the
relevant guidelines and regulations. Each subject performed 20 tasks with 18 repetitions
of each isotonic movement resulting in 360 motion sequences per subject. An isotonic
movement is caused by a muscular contraction that leads to a change in muscle length
and thereby causes a motion at the corresponding joint. The movements can be catego-
rized into three groups: simple motion, combined, and complex motion (Table 1). The
simple motions include shoulder flexion to 90 degrees, shoulder extension, shoulder
abduction to 90 degrees, elbow flexion, elbow flexion with a supinated forearm, wrist
flexion, wrist extension, and wrist pronation. Unless specified differently, all simple
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motions are performed to their maximum flexion and extension, respectively, as long
as it is comfortable, accepting a small inter-subject variability; there is no external target
that must be reached. The combined movements are composed of shoulder abduction
elbow flexion, shoulder flexion elbow flexion, and shoulder abduction wrist extension.
The complex movements try to mimic everyday activity’s as breaststroke (extend the
arm in front of the body center, pronate the forearm and perform a horizontal exten-
sion), relay handover (shoulder extension and pronation of the forearm, so that the relay
can be passed), reading a clock (raising the forearm in front of the body and pronation
of the forearm, so that the time can be read from the wristwatch), diagonal reach (using
the right hand to lightly touch the left arm at different heights), waving gestures, drawing
a circle in the air (in front of the body), and pointing to three points in space (Figs. 1 and
2). Each movement begins and ends in a rest position with the arm relaxed and hang-
ing parallel to the side of the body. The subjects are instructed to perform a controlled
movement and must not to use gravity to return to the rest position, e.g., in shoulder
abduction, the arm is first raised to a certain degree, followed by the downward move-
ment, which should be performed in a controlled active manner and not passively use
gravity.

Table 1 List of all exercises considered for this project, each task is repeated 18 times

Simple motion Shoulder flexion
Shoulder flexion (mix)
Shoulder extension
Shoulder abduction
Shoulder abduction (mix)
Elbow flexion
Elbow flexion (mix)
Elbow flexion with a supinated forearm
Wrist flexion
Wrist extension

Wrist pronation

Combined motion Shoulder abduction with simultaneous elbow flexion
Shoulder flexion with simultaneous elbow flexion
Shoulder abduction with simultaneous wrist extension

Complex motion Breaststroke
Relay handover
Reading a clock
Diagonal reach
Waving gestures
Drawing a circle

Pointing to three points in space*

All simple and complex movements were performed to a natural joint maximum. Shoulder flexion and abduction were
performed only to 90 degrees. Movements with the addition of (mix) are performed with arbitrarily changing endpoint, i.e.
the subjects are allowed to stop their movement before their natural joint maximum. *This movement is just performed by
the test subject
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The muscle activity of these movements is recorded at 2222 Hz using the Trigno Wire-
less EMG System (Delsys Inc., Boston, MA, USA) with two Quadro electrodes. The
skin preparation and placement of electrodes were performed according to the recom-
mendation of the SENIAM manuscript [35]. Eight EMG electrodes were placed on the
upper right arm on the following muscles: deltoid anterior, medial, and posterior, biceps
short head, triceps brachii lateral head, pronator teres, flexor carpi radialis, and exten-
sor carpi ulnaris (Fig. 1). The targeted muscles were selected according to an antagonis-
tic pattern and extended over several joints, thus covering multiple degrees of freedom.
Note that the musculoskeletal system has a certain redundancy and multiple muscles
contribute to one movement. We have selected only a representative selection of these
muscles. The EMG system is start and stop synchronized with the motion tracking from
Xsens Motion Capture via the Delsys trigger box. The EMG signal is processed with a
root mean square and sampled at a frequency of 60 Hz matching the timestamps of the
Xsens Motion Capture system. For this, we place a window of 200 ms around each Xsens
timestamp. Sequentially, we select all timestamps of the EMG signal that are within this
window and calculate their root mean square. In this way, the EMG signal is synchro-
nized with the Xsens data while being simultaneously smoothed and downsampled.
The Xsens Motion Capture system (Xsens Technologies B.V., P.O. Box 559, 7500 AN
Enschede, Netherlands) uses the upper body configuration including 11 sensors cover-
ing both arms and the torso, i.e., wrist, forearm, upper arm, shoulder for each side, ster-
num, pelvis, and head. The application and advanced N-pose calibration of the sensors
is performed according to their manual [36]. The Xsens Motion Capture samples with
a rate of 60 Hz. During the visual validation of the motion capture performance, it was
found that the abduction and adduction of the wrist is not very accurate and can deviate
up to a maximum of 20 degrees, therefore, simple and combined motions that include
wrist abduction and adduction were not included. This issue could be improved in the
future with the incorporation of additional sensors.
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Fig. 1 a Overview ofthe electrode (rectangles) placement on the right upper limb (deltoid posterior (1),
lateral (2) and anterior (3), biceps short head (4), triceps brachii lateral head (5), extensor carpi radialis longus
(6), pronator teres (7), and flexor carpi ulnaris (8) with the last two shaded), modified from [37]. b Overview
of the test setup with the subject standing in front of the screen and the following measurement device,
Delsys Trigno EMG System and Xsens motion capture system (motion sensor in orange) connected to the the
trigger module and the laptop
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During the experiment, the subjects stand in front of a screen showing the visual inter-
face which provides the instructions always starting with the resting position for 4 s sig-
naled by the ‘resting window’ Next, an instruction window pops up and refreshes every
7.5 s indicating the next repetition. During this time, the subject is asked to perform the
described movement repeatedly. To avoid muscle fatigue, 60 s of rest is granted after
each task.

Data preprocessing

The EMG signal is baseline corrected, and outliers are determined by considering val-
ues with six standard deviation of the mean. The detected outliers are mostly related to
cable movement and are fitted and subtracted by a spline. Afterwards, the EMG data is
smoothed with a root mean square (1) over a window size of 200 ms and simultaneously
downsampled to the synchronized Xsens frequency of 60 Hz. Further, for each subject
individually, all EMG and motion data channels are normalized between 0 and 1 and —1
and 1, respectively. The normalization is necessary due to huge differences between the
individual channels. Furthermore, the data are cut into motion sequences of 457 frames
where each motion sequence represents one completed motion to eliminate inter-trial
pauses. The onset and offset of motion sequences are dictated by instructed cues. By
using a fixed window size, we are able to include longer trials that encompass both active
and non-active states, thereby facilitating learning of both states. The Xsens motion cap-
ture system provides the hand position, orientation as well as angular position of each
joint. The latter includes the angular position of the shoulder, elbow, and wrist reflect-
ing shoulder abduction/adduction, shoulder extension/flexion, elbow extension/flexion,
elbow rotation, wrist abduction/adduction, and wrist extension/flexion is extracted. The
angular position is filtered by a third-order Savitzky—Golay filter [38] and then two times
discretely differentiated to compute the angular velocity and acceleration using the for-
ward difference operator Af : n + f(n + 1) — f (n). The angular position, angular veloc-
ity, and angular acceleration of each joint serve as input data for the following models. In
addition, the hand position, and orientation are used for the EEF-configuration and their
corresponding velocity-, and acceleration for the EEF*-configuration.

Neural network models

We investigate the relationship between motion input data and muscle activity that can
be learned by a neural network to generate an artificial muscle activity. The models are
trained on angular position, velocity, and acceleration for each joint to predict the corre-
sponding muscle activity. In a matter of supervised learning, we compare the predicted
muscle activity to the smoothed (1) recorded muscle activity. The recurrent neural net-
work is compared to two other network types: a basic vanilla feedforward network and a
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more complex convolutional network. Besides the different architectures, the models are
also evaluated on different training approaches. These approaches include training on
different subjects’ data: distinguishing between a general model that has been trained on
several subjects, a general model which was fine-tuned on subject-specific data, and an
exclusively subject-specific model trained on the data of one subject (the last recorded
subject) only. The architectures are evaluated by the general model trained and tested
on multiple subjects ("Comparison of the network architectures" section). For the evalu-
ation of the different training approaches, one subject is excluded from the training data
set to, later on, test the model on unseen subject data (Results "Performance for new sub-
jects" section). Therefore, the training set consists of 15 repetitions of # — 1 motions (all
motions except one), leaving 2 repetitions for » — 1 motion for the training set and one
repetition # — 1 motion for the validation set. The excluded » — 1 motion is later used to
evaluate the performance to generate new motions (Results "Generalization property for
new motion" section). Finally, we demonstrate with the Leave-One-Out (LOO) method
that the results obtained above can be reproduced with a separate subject from all other
subjects (see "Leave One Out method: determine variation between subjects” section).
In the LOO method, one other subject is left out of each run such that the model can be
evaluated based on this subject. After running across all subjects, the average value can
be determined. We also removed two motions from the pool and used these as a new
test data set for the new motion. These are a simple shoulder flexion and a complex relay
handover motion. In "How many repetitions of a motion are required for learning?" sec-
tion we analyze how many repetitions of a movement are required for learning.

The FNN is feed with a vector containing multiple motion sequences at ones, whereas
the LSTM and CNN are feed with one motion sequence at a time. Each neuronal net-
work predicts the activity of all muscle simultaneously taking the synergistic nature of
agonist and antagonist muscles into account.

All networks are implemented with the Keras API [39]. The networks use an adaptive
learning rate optimization algorithm called Adam [40] to change the learning rate and
weights to reduce the loss. The loss is the prediction error of the neural network com-
puted in our case by the mean squared error loss function (2). Through backpropagation,
the loss is transferred from one layer to another and the weights are modified depend-
ing on the losses so that the loss is minimized. The rectified linear activation function
(ReLu) (3) is used in the hidden layers which describe the transformation from input to
output from a node. To prevent overfitting, an early stopping with a patience of 5 epochs
and dropout layers (that can randomly set input units to zero) are implemented.

1 n
MSE = p Z(y; — %)% (2)
i=1

X lf X > 01
f(x) = max(x,0) = { 0 otherwise ¥
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Fig. 2 a Motion trajectory (in terms of angular position, velocity, and acceleration) and muscle biceps signal
as well as the artificially generated signal for flexion and extension of the elbow. b Visualization of the new
motion, pointing to three points in space (the three points are indicated by the black crosses and trajectory
indicated by the dashed line)

Recurrent neural networks

In general, recurrent neural networks (RNN) are specialized in time dependencies due
to their specific architecture that allows adding information of previous time steps to
the current one. Theoretically, all recurrent networks are stateful, however, in Keras, this
only applies within a batch. If an additional time sequence is separated into individual
batches, the previous information is lost since the states are initialized at the first time
step of a batch and reset to 0. Two possibilities are derived from this: either the batch
contains the entire sequence of one movement, or the state must be regained during
warm-up phase before the actual prediction of the current time step. The latter sugges-
tion can also be used for an online prediction of the muscle activity. In the following,
both approaches are applied beginning with the first approach, which trains and predicts
the whole sequence at once.

The recurrent network in this work consists of an input dropout and three hidden
Long Short-Term Memory (LSTM) [41] layers (256, 128, 64 nodes) and a TimeDistrub-
tion dense output (Fig. 3). The LSTM network is a type of RNN that overcomes the van-
ishing and exploding gradient problem of standard RNNs [41] by using gates to control
the memorizing process. The model is trained with a vector of dimension 3: total num-
ber of sequences, time steps of each sequence, and number of features. In the LSTM
layer, the return sequence and stateful parameter are enabled, which allows the LSTM
layer to predict the whole sequence at once. To obtain a good result at the beginning of
the sequence, the stateful parameter needs to be enabled. Thus, the memory states and
hidden states of the LSTM layer are saved from the former sequence and used as a rea-

sonable starting value for the next sequence. In our context, this works particularly well
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Fig. 3 Recurrent neural network architecture with a linear motion input (green circle), three LSTM hidden
(gray square), and linear muscle output (red circle) layer. The arrows that connect nodes hﬁ”, h?), and hﬁaj
back to themselves are representative for all LSTM gray square nodes. The dashed connection indicated a
dropout layer

because every sequence starts and ends at the same resting position ensuring that each
sequence has a very similar starting value range. However, the downside of this approach
is a slower backpropagation due to the length of a whole sequence.

In the second approach, the recurrent network is trained with fractures of the motion
sequence, called sub-sequences. Each sub-sequence only consists of a single data point
in time, which has to be predicted, and a few prior time steps i : 20 + i as a warm-up
phase, solely used to restore the correct time-dependent states of the recurrent net-
work. In addition, this approach benefits from two models, one for training using the
sub-sequence and one for prediction using the whole sequence again allowing different
batch sizes for training and testing. While it is more efficient to train with a higher batch
size it is necessary to predict with a batch size of one for each time step. Both mod-
els, the RNN and the sub-sequences model RNNseq have a similar architecture starting
with an input dropout followed by a LSTM layer(s) and a dense output layer. The stateful
parameter in the LSTM layer is enabled in both networks. The return sequence param-
eter is not needed in this scenario because we are not training on whole sequences. In
order to predict a whole sub-sequence in one, a new model needs to be defined using
the same weights as for the previously trained model. The architecture only differs in the
batch size parameter of one. The states will be rest after a full sequence prediction. This
approach can also be used for online generation of muscle activity.

Feedforward network

The vanilla feedforward network (FNN) is one of the more basic networks with a sim-
ple forward pass of information. The architecture is composed of three fully connected
hidden dense layers with 512, 256 and 128 nodes, and an 8-node output according to
the number of predicted EMG channels (Fig. 4). The model is trained with a batch size
of 128, i.e., the gradient is updated every 128th sample. In theory, it should be benefi-
cial to have additional information on previous time steps to predict the current time
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Fig. 4 Feedforward neural network architecture with motion input, three hidden, and muscle activity output
layer. The dashed connection between hﬁl) and h?) indicates the dropout layer

step. Therefore, we develop a vanilla network that is also fed with sequence informa-
tion (FNNseq) of additional previous time steps n — i = (n — 1,m — 2,n — 4,1 — 8,..),
which are added to the feature input vector. This information of previous time steps can
improve the prediction of the current step.

Convolutional neural network

Besides the recurrent, the convolutional neural network (CNN) is also able to capture
time dependencies through the application of relevant filters. The CNN works as a fea-
ture extractor that transforms the data into a form that is easier to process, with the
intention not to lose relevant information necessary for a good prediction. This is done
by the kernel and filter parameters in the convolutional layer. The CNN consists of an
input dropout layer with a rate of 0.1 followed by 5 one-dimensional convolution lay-
ers with decreasing number of convolutions (128, 128, 128, 128, 64) and kernel size of
(32, 8, 8, 4, 4) and a final output dense layer with 8 nodes (Fig. 5).

N Iy 5 iy 2 i el Iy 2 K@_’

128 128 128 128 64

Fig. 5 Convolutional neural network architecture with a motion input (green circle), three Conv1D hidden
(gray square), and linear muscle output (red circle) layer. The dashed connection indicates a dropout layer
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Hyperparameter tuning

All models were hyperparameter tuned using optuna for optkeras with enabled
pruning option on an evolutionary sampler [42]. Concerning a minimal validation error
the following parameters were optimized: batch size, number of layers, number of nodes,
the dropout rate, and number of filter and kernel size for the CNN.

Evaluation method

To evaluate the similarity with the smoothed original muscle activity and compare between
all artificially generated signals, the MSE (2) is computed and is also used as a loss func-
tion by the neural networks. For the MSE, a smaller value indicates a more similar signal.
The over-representation of lower values caused by the rest state and several inactive muscle
groups for most motions strongly influences the MSE, which in this case inherents lower
values than expected. Note that the MSE of the whole original data-set is only 0.0044 while
the signal is allowed to have values up to 1. Therefore, this metric is not ideal to compare
the results of different task designs. Besides the MSE also the correlation coefficient r (4) is
commonly used to evaluate the difference between the original and predicted signal [27].
The correlation coefficient describes the relationship or rather the connection between two
signals, where 0 indicates a lack of correlation, 1 perfect correlation, and —1 a negative cor-
relation. Usually r? is used instead to restrict the value between 0 and 1. Various works [27]
used the r? to quantify their prediction. It is important to note that 7* is not only independ-
ent of the magnitude of the original data values, which is desired, but also only sensitive to
relative changes between original and generated data. For instance, a predicted signal which
is exactly half of the value of the original signal still has a correlation coefficient of 1. This is,
however, not ideal to quantify the goodness of a fit. Both, the timing and in particular the
amplitude of muscle activity are crucial for a realistic generation of artificial muscle activity.
Therefore, the coefficient of determination R? (5), which should not be confused with 72, is
better suited to rate a fit in this context. R> measures how well the predicted value matches
the original value by considering the distance relative to the average of the original signal
(5). The R? reaches from any negative number to 1 indicating a perfect match.

Motivated by the weakness of the MSE to be sensitive to the over-representation of lower
values and the R? using a mean signal comparison, we introduce a new rating, the so-called
zero-line score (6) which calculates a zero line signal comparison. With the mean square
value of the original signal as a baseline, a score of 0 indicates an approximation as poor as
the zero line signal itself, while a value of 100 signifies perfect alignment. The smaller the
values of the original signal are, causing a closer resolution of the zero-line score, the more
difficult it becomes to reach a high zero-line score for the artificially generated signal. This
is due to the fact that the smallest possible zero-line score value decreases. For instance, the
data used to evaluate the general model, the zero-line score can hypothetically attain a value
of approximately —5000, that describes the error between the original signal and a hypothet-
ical signal containing the respectively more distant limit O or 1 at each time step. The zero-
line score is especially useful for capturing the error of muscle activity for multiple channels,
which are of different magnitude. The main difference between the zero-line score and the
R? is the comparison of the MSE with the zero lines signal and the mean signal, respectively.
The zero-line score is especially recommended for signals that have long periods of inactivity,
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i.e., signals close to zero. In the following, we will present all our results for the RNN with the
MSE, 7%, R* and zero-line score to allow a comparison with other works.

X=X =)
i=1
E p ’ (4)
S — %)% > (yi — y)?
i=1 i=1

i i — xi)?
R=1-—, 5)
; (i —5)?
i (i — x:)?
Zy=100- |1 - (6)
> (i —0)?
i=1

y;: original data

x;: predicted data

y,x: average of the original/predicted data

n: number of data

Note that the zero-line score Z, as well as the R* can easily reach values smaller than
zero, e.g., when the predicted signal is higher than twice the original signal.

Results

The results part is structured into several interrelated sections. First, we assess the
overall suitability of various network architectures in generating synthetic mus-
cle activity by comparing the prediction outcomes. Following this, we examine the
model’s ability to generalize beyond the training data by predicting muscle activity
for previously unseen subjects and motions. We then investigate the significance of
input data in the model and explore how inter-subject variability affects the results. In
addition, we determine the minimum number of repetitions required for learning and

compare the effectiveness of subject-specific versus general models.

Comparison of the network architectures

Across all architectures, the artificial muscle activity is approximated reasonably close
(Fig. 6). In the following, the architectures are evaluated based on a general model
containing train and test data from multiple subjects. Thereby, the recurrent neural
network outperforms the others with a zero-line score of 88.13 and an R? value about
0.85 (Table 2). The sub-sequence based online recurrent neural network achieves the
lowest score of 83.33. The scores for each channel reveal a higher accuracy for the
second and third channels, which represent the deltoid muscle activity.
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Fig. 6 Muscle activity for all eight channels (blue) and the artificial generated muscle activity (orange). The
artificial activity is generated on the general training approach using an RNN architecture, evaluated by the
zero-line score. The muscle activity corresponds to the following motions: elbow flexion (mix), shoulder
extension, shoulder flexion with simultaneous elbow flexion, elbow flexion with a supinated forearm,

shoulder flexion with simultaneous elbow flexion, shoulder flexion with simultaneous elbow flexion, shoulder

abduction, waving gestures, breaststroke, elbow flexion, and wrist flexion

Table 2 Overview of the performance for all architectures (recurrent neural network (RNN), sub-
sequenced input recurrent neural network (RNNseq), feedforward neural network (FNN), sub-
sequenced input feedforward neural network (FNNseq), convolutional neural network (CNN)) and
channels (electrodes 1-8) with the general approach (training and testing on multiple subjects)
evaluated by the zero-line score Z,, mean square error MSE, the squared correlation coefficient r?,
and the coefficient of determination R

1 2 3 4 5 6 7 8 Average
RNN Z, 89.53 91.89 90.31 88.75 81.27 89.45 80.55 80.44 88.13
MSE  0.0009  0.00131 0.00285 0.00203 0.00269 0.00066 0.00066 0.00081 0.00149
r2 088156 0.89965 087858 0.84992 0.77071 0.87266 0.79592 0.80298 0.85597
R? 087719 089916 087292 08474 075624 08695 077816 078616 0.84904
RNNseq  Z; 86.24 90.34 86.78 84.71 69.16 84.42 76.11 72.94 83.33
MSE 000119 0.00156 0.00388 0.00275 0.00443 0.00098 0.00081 0.00113 0.00209
FNN Z, 88.39 90.97 90.06 8843 63.58 88.59 79.81 82.19 85.21
MSE  0.001 000146 0.00292 0.00208 0.00523 0.00071 0.00068 0.00074 0.00185
FNNseq  Z, 88.6 9167 89.74 88.57 7535 86.73 7821 81.71 86.81
MSE 000102 0.00139 0.00311 0.00214 0.00356 0.00085 0.00077 0.00078 0.0017
CNN Zs 88.49 9124 89.78 88.25 71.94 86.59 79.89 81.0 86.18
MSE  0.00099 0.00141 0.003 0.00212 0.00403 0.00084 0.00068 0.00079 0.00173

Page 15 of 29
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Performance for new subjects

The next step is to evaluate how the model predicts new unseen subjects. For this
purpose, the general model from the "Comparison of the network architectures"
section is first tested on a separate subject. In this setup, all architectures reach a
significantly lower similarity between 30 and 40 (Table 3). This is not surprising due
to inter-subject variance for further information see "Discussion” section.

To improve the performance, we apply a subject-specific fine-tuning on the general
model using transfer learning with a weight initialization strategy [43]. Thereby, the
weights of the original general model are used as a pre-training status which is then
updated on the subject-specific data. This approach leads to a significant increase in per-
formance for all architectures and rer values to the multiple-subject setting described in
the"Comparison of the network architectures” section with a slightly higher maximum

Table 3 All architectures (recurrent neural network (RNN), sub-sequenced input recurrent neural
network (RNNseq), feedforward neural network (FNN), sub-sequenced input feedforward neural
network (FNNseq), convolutional neural network (CNN)) are tested on the same test data set of
the separate subject and evaluated by the zero-line score Z, mean square error MSE, the squared
correlation coefficient r, and the coefficient of determination R?

General Fine-tuned Subject-specific
RNN Z 3552 88.21 85.16
MSE 0.00747 0.00137 0.00172
r 03338 0.86077 0.83648
R? 0.21422 0.85634 081915
RNNseq Z, 41.23 83.36 77.12
MSE 0.00681 0.00193 0.00265
FNN Z, 36.68 83.83 85.74
MSE 0.00733 0.00187 0.00165
FNNseq Z 40.71 87.95 85.67
MSE 0.00714 0.00145 0.00173
CNN Zs 4261 80.18 86.56
MSE 0.00665 0.0023 0.00153

The results are presented as an average over all channels, with the bold number indicating the highest score

—— others
1004 == RNN
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0 L

general fine-tuned sub.-spez.
Fig. 7 New subject performance for the RNN (orange bar) of the general, fine-tuned and subject-specific
model. The other network architectures (RNNseg, FNN, FNNseq and CNN) are represented by the black lines
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of 88.21 for the zero-line score and around 0.86 for the R? value for the RNN (Table 3,
Fig. 7). For comparison, we further train a model purely on one subject’s data, i.e. the
data from the previously separate subject, resulting in a subject-specific model. This
model again has a high performance of Z_ > 80 across most architectures (Table 3, Fig. 7)
but remains behind the fine-tuned model. We further comp general approach with the
subject-specific approach in "Subject-specific or general model" section.

Generalization property for new motion

Thus far, we have shown that we can predict muscle activity with different architec-
tures and also generate subject-specific muscle activities. The natural consequence of
this is to go beyond can we generate new motion that has not been learned before. For
this, all models are tested on a new motion not seen before, pointing to 3 points in
space (Fig. 2b) for the separated subject introduced in "Performance for new subjects"
section. We want to emphasize that we evaluate a new type of movement only for
the separated subject. The new motion is not performed by any of the other subjects.
Overall, the fine-tuned models reach a consistently higher accuracy than the general
and subject-specific model, led by the RNN and CNN with 72 (Table 4, Fig. 8). Previ-
ously, the R* reached similar high rankings as the zero-line score see Table 2 and 3,
but for the new motion, the R? remain comparatively low for the fine-tuned model at
0.36 (Table 4). In all cases, the fine-tuned models also outperform the subject-specific
model for a more detailed comparison see "Subject-specific or general model" section.
Note that the R* can be negative if the numerator MSE which is proportional to the
MSE is greater than the sum of the squared differences between y; and y (5) as it is the
case for general model predicting a new motion (Table 4). EMG channels that tend
to have a large contribution to the motion and, therefore, have increased amplitudes
achieve higher accuracy R*=0.67401 and Z,= 85.32 in generating new motions com-
pared to channels with reduced activity R>=0.39 and Z,= 73.2 (Fig. 9).

Table 4 All architectures (recurrent neural network (RNN), sub-sequenced input recurrent neural
network (RNNseq), feedforward neural network (FNN), sub-sequenced input feedforward neural
network (FNNseq), convolutional neural network (CNN)) are tested on a new motion from the
separate subject and evaluated by the zero-line score Z, mean square error MSE, the squared
correlation coefficient r?, and the coefficient of determination R?

General Fine-tuned Subject-specific
RNN Z, 5342 71.6 68.15
MSE 0.01286 0.00784 0.00879
r 0.64099 0.71044 0.7245
R? —-0.05092 0.35933 0.28147
RNNseq Zs 49.22 71.27 67.39
MSE 0.01401 0.00793 0.009
FNN Zs 50.39 67.33 64.76
MSE 0.01369 0.00902 0.00973
FNNseq Z, 37.51 70.99 6947
MSE 0.01786 0.00829 0.00873
CNN Zs 47.87 71.63 68.22
MSE 0.01439 0.00783 0.00877

The results are presented as an average over all channels, with the bold numbers indicating the highest score
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Fig. 8 New motion performance for the RNN (blue bar) of the general, fine-tuned and subject-specific
model. The other network architectures (RNNseq, FNN, FNNseq and CNN) are represented by the black lines

Zs

. deltoid anterior
1- 85.32

0-
. tricpes brachii lateral head

5s

Fig. 9 Muscle activity (blue) from a new motion (pointing into 3 points in space) and the artificial generated
muscle activity (orange). The artificial activity is generated after fine-tuning using an RNN architecture

Input parameter validation
Until now, we generated artificial muscle activity for known and new motions based on the
chosen input parameter angular position, angular velocity, and angular acceleration for each
joint (shoulder, elbow, and wrist). However, from an analytical viewpoint, the latter param-
eters are redundant since velocity and acceleration can be derived as the first and second
derivatives of the position, respectively. Note that with integration on one, the velocity and
position can be accumulated from the acceleration, and thus up to numerical precision, only
one of the three quantities is needed to describe motion. Therefore, we want to test whether
one of these three parameters is sufficient enough as input for a neural network to provide a
similar good abstraction for generating known (Table 6) and new muscle activity (Fig. 10 or
Table 5). To this end, we train the RNN separately on each input parameter and compare the
ability to generate motions to the previous results using all three input quantities simultane-
ously. Furthermore, instead of testing the motion for each joint as before, we want to con-
sider the position and orientation of the hand as input data, the so-called end effector (EEF)
and (EFF+) if the corresponding velocity and acceleration are included as well.

The RNN trained with all input parameters still outperforms all other approaches with
a reduced number of input data for a new subject and new motion (Tables 5, 6). The
result is particularly evident in the case of the new motion prediction (Fig. 10). For the
general and fine-tuned approaches, the accuracy drops from a score of 71.55 for solely
using the angular position to 57.49 for the acceleration input. A similar trend can be
observed for the subject-specific models. The EEF and EEF* achieve comparable results
to the RNN trained with all parameters. However, the subject-specific model slightly
outperforms the other models with a score of 71.98.
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Fig. 10 The recurrent neural network (RNN) is separately trained on several parameters: angular position
(ang), angular velocity (vel), and angular acceleration (acc) from each joint as well as on the end-effector (EEF)
position and orientation of the hand and EEF* with additional velocity and acceleration of the EEF. The RNN
is tested on a new motion from the separate subject a-c and evaluated by zero-line score Z,. The results are
presented as an average over all channels

Leave-One-Out method: determine variation between subjects

In the previous prediction, we choose always to test on the same separate subject and the
same new motion, to compare the different approaches with each other. The results will
likely vary slightly across individuals as well as the results will differ for new motions.
How does subject variation affect our results? Therefore, we want to use the Leave-One-
Out (LOO) method to determine the variation between subjects. In the LOO method,
one other subject is left out of each run, such that the model can be evaluated based
on this subject. After running across all subjects, the results are averaged and displayed
with the standard deviation to indicate the variance (Fig. 11). In contrast to "Perfor-
mance for new subjects” section, where only one subject was tested as an example, the
LOO method is used in this Section to make a more general statement about the influ-
ence of different subjects. Since the new motion (3 points in space) used prior is not
performed by all subjects, two other movements are removed from the pool and used
as a test data set for the new motion. These two consist of simple shoulder flexion and
a complex relay handover motion. The score of the new motions is average over both
new motions. The subsequent calculations have been conducted with the RNN model.
As suspected, the variability for the general and fine-tuned model is lower in contrast
to the new subject and new motion model. The variability for the new motion decreases
again with the fine-tuned model. In addition, the black dashed line indicates the result
of the original approach (see "Comparison of the network architectures, Performance for
new subjects, Generalization property for new motion" sections). The original model is
in most cases within the standard deviation of the LOO method and is thus reproduc-
ible. The slightly better result of the initial approach in the general model could be due
to a higher number of training data, since two motions as described above were removed

for the LOO to be used as a new motion.
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Fig. 11 Average performance and standard deviation with the Leave-One-Out method (n=4) for all models
based on the RNN architecture. The black dashed line represents the result from the original approach (see
"Comparison of the network architectures, Performance for new subjects, Generalization property for new
motion" sections) with a separated test subject and new motion (3 points in space) used there

How many repetitions of a motion are required for learning?

Furthermore, we want to evaluate how many repetitions of a motion are required to
learn the motion. The repetition rate is analyzed by training the general model with dif-
ferent numbers of repetitions (1 ~ 7%, 3,5,8,10,12,15 ~ 100% of data) (Fig. 12). Sur-
prisingly, a single repetition already achieves a score of 67 for the general model and 55
for the subject-specific model. The accuracy increases steadily with the quantity of data
until about 70% is reached in the general model. Between 100% and 70% no improvement
is seen. This tendency does not occur in the new subject or new motion configuration;
they are less affected by the number of repetitions. In contrast to the general model, the
increasing amount of repetitions lead to a further increase in the subject-specific model
score. We empathize that the overall number of data used by the subject-specific model
is always lower compared to data of the general model using 4 subjects, and, therefore,
has 4 times higher number of repetitions, respectively (see "Discussion” section).
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Fig. 12 a Decaying amount of repetitions (from 100% ~ 15 repetitions to 7% ~ 1repetition) predicted by
the general model with the RNN architecture. b Decaying amount of repetitions (from 100% ~ 15 repetitions
to 7% ~ 1repetition) predicted by the subject-specific model with the RNN architecture

Subject-specific or general model

The EMG signal has a high inter-subject variability which makes it hard to predict across
subjects. However, in practice, an adaptation to a new subject is often required. The
subject-specific model is explicitly trained on this subject during the first application. In
contrast, the general model is trained on multiple subjects in advance and benefits from
a larger data set to potentially generalize across subjects. The question is whether a sub-
ject-specific model is superior to a general model. Therefore, we apply the LOO method
introduced above and generate 5 subject-specific models (i.e., one for each subject) and
equivalent to that an added-general model trained on all 5 subjects at once. Note that
this added-general model should not be mistaken with the general model from all previ-
ous "Comparison of the network architectures — How many repetitions of a motion are
required for learning?" sections which is always trained on #n = 4 subjects. In the first
step, each model is tested on already known motions of the trained subjects. For the sub-
jects-specific model, we train on subject x and test on subject x. Similarly, for the added-
general model, which is trained on all subjects (n = 5) and also tested on all subjects. In
the second step, each model is tested on the new motions of the trained subjects in the
same way as described above using the shoulder flexion and a relay handover motion. In
the first step, the added-general model slightly outperforms the average subject-specific
models (Fig. 13). The standard deviation from the subject-specific is remarkable small
compared to the second step. For new motions, the score of the subject-specific varies
between widely 23 — 78 (Fig. 13). The added-general model is again slightly above the
average subject-specific model.
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Fig. 13 aThe subject-specific models (1-5) are tested on themself. The added-general model (n=5) is
tested on all subjects. b The subject-specific models (1-5) are tested on themself for the new motions. The
added-general model (n=>5) is tested on all subjects for the new motions

Discussion
The underlying motivation of this work is to demonstrate that artificial muscle activity
of known and unknown motion can be generated based on motion parameters such as
angular position, acceleration, and velocity of each joint (or the end-effector instead),
which are similarly represented in our brains [6—9]. For this purpose, we develop a neu-
ral network with a recurrent architecture that is trained in a supervised learning session.
Alternative architectures are also elaborated and tested for comparison. Furthermore,
we evaluate different training approaches: the general model, the fine-tuned one, and
the subject-specific model. All architectures and the majority of the other training
approaches produce good artificial muscle activity for previously trained movements. In
addition, we also generate artificial muscle activity on new motion, i.e., types of motions
that were previously not used to train the network. Naturally, this is a much more chal-
lenging task, and trained motions achieve higher similarities than these new motions.

The general setting of comparing different neural network architectures is described
in "Comparison of the network architectures” section. The RNN outperforms the other
architectures for most muscle activity. In all models, the zero-line score is higher for the
second and third channels likely due to an unbalanced amount of data. These two chan-
nels represent the shoulder abduction and flexion, which have a higher presentation in
the recorded motion, whereas wrist motions are less represented and tend to have lower
approximation values (channels seven and eight).

While the general model shows an exceedingly good approximation for all subjects
included in the training data, it does not generalize well for new subjects data (Table 3).
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That is most likely due to the high inter-subject variation of the recorded muscle activ-
ity [28]. To minimize these differences primarily caused by varying skin conditions a
normalization factor is already calculated and applied for each subject [44]. However,
the normalization only accounts for a linear relationship between the subjects; in addi-
tion, there are likely to be additional changes in shape caused by individual anatomy and
slightly inconsistent placement of the sensors [29-34]. Thus, we must further enhance
the model so that it can more accurately predict new subjects’ data as well. The fine-
tuned model starts with the weights of the general model, which are further fine-tuned
by an additional short training session with the data of the new subject utilizing transfer
learning [28, 43]. There are other fine-tuning approaches, however, weight initialization
seems to be the most promising for muscle data [45, 46]. Alternatively to the fine-tuned
model, a subject-specific model that is purely trained on one subject’s data can also be
used. The latter has the same amount of data for training compared to the fine-tuning
step of the so called model but has a higher number of epochs. However, it misses the
weight initialization step of the fine-tuned model based on the larger dater set of the
other subjects. Overall, the fine-tuned model outperforms the average subject-specific
model (Fig. 13) both for predicting the subjects data and for new motions. Interestingly,
the subject-specific model seems to have a high variance between different subjects for
new motions (Fig. 13). This suggests that the subject-specific model does not generalize
well in some cases. In comparison, a model trained on multiple subjects seems to be less
vulnerable. The influence of the different subjects to a model trained on multiple sub-
jects can be seen in the LOO approach (Fig. 11).

The input parameter validation reveals that a combination of angular position, veloc-
ity, and acceleration results in a slightly higher overall accuracy than each parameter on
its own, especially by being more robust for new motions (Table 5). This is consistent
with findings in motor cortical activity during reaching where besides the movement
direction also less dominant correlations as velocity and acceleration are represented [8,
9]. From an analytical point of view, the redundancy of input parameters, for example,
velocity as the derivative of position and the integral of acceleration, should not increase
the accuracy of the overall model. In contrast to biological systems, and especially the
neuronal system, a high degree of redundancy is present. The artificial neural networks
inspired by these also exhibit an increase in performance, stability, and faster conver-
gence due to the application of redundancy [47, 48]. The EEF? as an alternative input
parameter reaches similar high scores for the fine-tuned model as the RNN with angu-
lar position, velocity, and acceleration of each joint. Note that the variation in the EEF
may be lower than the variation of the overall sum of all joints in the arm. That could
be explained by the fact that the arm has seven degrees of freedom, whereas only six
degrees are sufficient to describe the EEF. The former allows choosing slightly differ-
ent trajectories ending at the same position and orientation of the hand. The addition of
velocity and acceleration parameters as further input, which was previously shown ben-
eficial, for the angular position of all joints, causes the EEF™ to be able to achieve slightly
higher scores for the fine-tuned model.

In an additional step, we verified that our models can generate muscle activity based
on new motions. This reveals the true ability to abstract the relationship between motion

parameters and muscle activity. As expected, the accuracy for predicting new motions is



Schmidt et al. BioMedical Engineering OnLine (2023) 22:63 Page 24 of 29

lower than for the trained motions with a zero-line score of 72 and 7*=0.71 compared to
a zero-line score of 88 and r*=0.86 for known motions. However, the artificial signal still
follows the trend of the original signal well (Fig. 9). Our results are in line with previous
works as [19, 26] (see "Background" section) using similar approaches but different task
designs and achieving an average r* of 0.40 and 0.66 for new 3D motions, respectively.
The comparatively lower values of R? of 0.36 compared to 0.86 for known motions is due
to the fact that the shape and timing is well matched (latter indicated by a high * value)
but the amplitude tends to undershoot the original signal here (Fig. 9).

We also investigate how much data are needed for the RNN to learn to predict muscle
activity based on motion data. The amount of data is given by three factors: the number
of subjects, the number of motions, and their repetitions. The evaluation of the results
of the LOO method has confirmed that, especially for new subjects, the prediction accu-
racy depends on the subject itself and is very variable compared to other new subjects
(Fig. 11). Thus, it makes little sense to vary the number of subjects between 1 — 5 in this
framework to see how many subjects are required. The second factor, the influence of
the number of motions and especially the exact nature of the motions, is part of further
work. The number of repetitions of a movement has a clear effect on the performance of
the model. Saturation is already reached with 10 repetitions for the general model using
data of 4 subjects so the model does not improve significantly with more repetitions.
However, the subject-specific model continues to improve as the number of repetitions
increases. This is most likely due to the fact that the general model is based on multiple
subjects, and thus even if each movement is repeated only once, the actual repetition
rate adds up to the number of subjects, whereas in the subject-specific model there is
only one person and thus only one actual repetition of the movement. It is also remark-
able that even one repetition achieve a score of 67 for the general model and 54 for the
subject-specific model (Fig. 12). This indicates that repetition of the same motion alone
is not necessarily crucial for a good generalization of the model.

Most models generate muscle activity using an entire motion sequence and thus work
offline. The RNNseq and FNNseq model are based on sub-sequences and are thus suit-
able for online prediction, however, it leads to a slightly decrease in overall accuracy.

The recorded muscle activity includes an over-representation of the zero line repre-
senting an inactive state of the corresponding muscle. Initially, the motion sequences
are already cut to eliminate inter-trial pauses. However, due to the different lengths of
each single task, the sequence still incorporates some zero line signals to ensure that
all sequences have the same length. Further, not all recorded muscles are active in each
motion. Most tasks are designed to activate only certain muscle groups such that all
the other channels have a resting signal close to zero. Ensuring the same signal length
is especially important for the CNN, while the RNN and FNN can cope with different
sequence lengths. While the representation of the zero line itself is meaningful, as it rep-
resents the non-active state which is crucial for learning, this over-representation of low
values leads to inherently smaller values in the MSE metric, which can easily be mis-
interpreted. As a result, the zero lines are easily predicted by all models, but learning
other values becomes more challenging, and the model naturally tends to form lower
peak muscle activity values overall. The newly introduced zero-line score differs from
the R? by accounting for the zero line whereas the R? accounts for the mean value of the
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signal and thus is naturally suited for rating EMG signals accounting for the over-repre-
sentation of the zero line.

The RNN receives the highest score for all motions used for training with a zero-line
score of 88, while new motions reach an average value up to 72 for the zero-line score
and a 7?= 0.81. We emphasize that a theoretical 100 cannot be achieved in real-word
applications due to the generalization by training the networks with different subjects,
as mentioned before. Furthermore, we already described above that it is more difficult to
achieve a high zero-line score for data containing many zero signal segments. Note that
the MSE achieves very low values of 0.00066 and 0.00131 (Table 2), respectively. Finally,
even for a hypothetical perfect test environment in which a subject can perform two
exactly identical movements, it is not clear whether the corresponding muscle activities
must also be perfectly matched. Consequently, our models achieve a very high degree of
similarity, that can also be seen in Fig. 6.

This work is valuable to support EMG-based classifiers for myoelectrical controlled
devices which requires additional data to improve further performance and generaliza-
tion. In addition, a transfer to a functional electrical stimulation (FES) protocol is con-
ceivable to support the movement of paralyzed limbs. Many studies have already shown
that FES has a high impact for rehabilitation of stroke patients [49-52]. The approach
involves approximating the relationship between muscle activity and force and then
transferring this to stimulation patterns. Our model, is founded on a comprehensive data
set that encompasses various motion types and many repetitions, see "How many repeti-
tions of a motion are required for learning?" section. Featuring data from five healthy
subjects, excels at predicting muscle activity similar to the original subjects (see "Leave
One Out method: determine variation between subjects") but may have limited accu-
racy for individuals in a rehabilitation setting. For this, recruiting a more diverse group
of subjects will supposedly improve the accuracy and generalizability of the model and
expand our understanding of muscle activity generation. This is particularly important
given the high inter-subject variation in muscle activity and the need in rehabilitation
context to also account for age-related and pathological differences. For further work,
we will also test our model for the vice versa approach predicting the motion parameters
we used in this work as input values from EMG signals to gain more insight into the
complex relation between motion and muscle activity. Furthermore, it will be interesting
to combine this model with a biomechanical model and compare the expected outcome.

Conclusions

This work shows that artificial muscle activity of known and unknown motion can be
generated based on motion parameters such as angular position, acceleration, and veloc-
ity of each joint (or the end-effector instead), which are similarly represented in our
brains [6—9]. The dynamic behavior of the motor cortex might be best explained by a
recurrent neural network [49-52], which also achieves remarkable results in our case.
We obtain outstanding results predicting muscle activity through different subjects.
Moreover, the model generalizes over a wide range of motions including new motions. A
transfer learning approach was successfully used to overcome the challenging variations
in muscle activity between subjects, resulting in a good adaptation of muscle activity for
a new subject. The efficient prediction of muscle activity is relevant for the fundamental



Schmidt et al. BioMedical Engineering OnLine (2023) 22:63 Page 26 of 29

understanding of movement control and the rehabilitation process of neuromuscular
diseases with myoelectric prostheses using functional electrical stimulation.

Appendix
See Tables 5 and 6

Table 5 Recurrent neural network (RNN) is separately trained on several parameters: angular
position (ang), angular velocity (vel), and angular acceleration (acc) from each joint. As well as on
the end-effector (EEF) position and orientation of the hand and EEF+ with additional velocity and
acceleration. The RNN is tested on a new motion from the separate subjects and evaluated by zero-
line score Zs and mean square error MSE

RNN General Fine-tuned Subject-specific
All Zs 5342 71.6 71.33
MSE 0.01286 0.00784 0.00791
Ang Z, 3649 71.55 6138
MSE 0.01753 0.00785 0.01066
Vel Z 45.22 60.7 60.4
MSE 0.01512 0.01085 0.01093
Acc Z, 40.3 57.49 58.96
MSE 0.01648 0.01173 0.01133
EEF Z 59.26 694 71.98
MSE 0.01124 0.00845 0.00773
EEFt Z 4271 71.44 70.79
MSE 0.01581 0.00788 0.00806

The results are presented as an average over all channels, with the bold numbers indicating the highest score

Table 6 Recurrent neural network (RNN) is separately trained on several parameters angular
position (ang), angular velocity (vel), and angular acceleration (acc) from each joint. As well as on
the end-effector (EEF) position and orientation of the hand and EEF+4 with additional velocity and
acceleration. The RNN is tested on the same test data set of the separate subject and evaluated by
the zero-line score Zs and mean square error MSE

RNN General Fine-tuned Subject-specific
All Z, 3552 88.21 85.16
MSE 0.00747 0.00137 0.00172
Ang Zs 2893 80.16 72.86
MSE 0.01923 0.00823 0.0023
Vel Zs 27.0 84.72 69.24
MSE 0.00846 0.00177 0.00356
Acc Zs 5.66 84.08 7718
MSE 0.01093 0.00184 0.00264
EEF Z 39.81 87.57 83.56
MSE 0.00697 0.00144 0.0019
EEF* Zs 3041 89.48 86.37
MSE 0.00806 0.00122 0.00158

The results are presented as an average over all channels, with the bold number indicating the highest score
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Abbreviations

EMG Electromyography

EEF End-effector

FES Functional electrical stimulation
MSE Mean square error

RMSE Root mean square error

NRMSE Normalized root mean square error
r Correlation coefficient

R Coefficient of determination
VAF Variance accounted for

Zs zero-line score

FNN Feedforward neural network
RNN Recurrent neural network

LSTM Long short-term memory

CNN Convolutional neural network

Acknowledgements

This work is supported by the Ministry of Economics, Innovation, Digitization and Energy of the State of North
Rhine-Westphalia and the European Union, grants GE-2-2-023A (REXO), [T-2-2-023 (VAFES) and RooWalk-HRW - FKZ
165V9069. We acknowledge support by the Open Access Publication Funds of the Ruhr-Universitat Bochum.

Author contributions
MDS conceived and conducted all experiments as well as analyzed the results. The original manuscript was written by
MDS and reviewed by all authors TG, II. All authors read and approved the final manuscript.

Funding

Open Access funding enabled and organized by Projekt DEAL. This work is supported by the Ministry of Economics,
Innovation, Digitization and Energy of the State of North Rhine-Westphalia and the European Union, grants GE-2-2-023A
(REXO) and IT-2-2-023 (VAFES), and the Federal Ministry of Education and Research, grant 163V9070 (RooWalk-HRW).

Availability of data and materials
The data sets used and/or analysed during the current study are available from the corresponding author on reasonable
request.

Declarations

Ethics approval and consent to participate

The study involving human subjects was reviewed and approved by the Ethics Committee of the Ruhr-University
Bochum. All methods were performed in accordance with the relevant guidelines and regulations. All participants gave
their written consent.

Consent for publication
Not applicable

Competing interests
The authors declare that they have neither a financial nor a non-financial competing interest.

Received: 27 October 2022 Accepted: 16 May 2023
Published online: 24 June 2023

References
1. Charles SS. Reciprocal innervation of antagonistic muscles. Fourteenth note-on double reciprocal innervation. Proc
R Soc Lond B Biol Sci. 1909;81(548):249-68.

2. Latash M. Evolution of motor control: from reflexes and motor programs to the equilibrium-point hypothesis. J Hum
Kinet. 2008;19(2008):3-24.

3. Bernstein N. The co-ordination and regulation of movements. Pergamon Press, Oxford. 1966.

4. Latash ML.The bliss (not the problem) of motor abundance (not redundancy). Exp Brain Res. 2012;217:1-5.

5. Latash ML. One more time about motor (and non-motor) synergies. Exp Brain Res. 2021;239(10):2951-67.

6. Georgopoulos AP, Kalaska JF, Caminiti R, Massey JT. On the relations between the direction of two-dimensional arm

movements and cell discharge in primate motor cortex. J Neurosci. 1982,2(11):1527-37.

7. Georgopoulos AP, Caminiti R, Kalaska JF, Massey JT. Spatial coding of movement: a hypothesis concerning the cod-
ing of movement direction by motor cortical populations. Exp Brain Res. 1983;49(Suppl. 7):327-36.

8. Ashe J, Georgopoulos AP. Movement parameters and neural activity in motor cortex and area 5. Cereb Cortex.
1994;4(6):590-600.

9. Moran DW, Schwartz AB. Motor cortical representation of speed and direction during reaching. J Neurophysiol.
1999,82(5):2676-92.

10. Todorov E. Direct cortical control of muscle activation in voluntary arm movements: a model. Nat Neurosci.
2000;3(4):391-8.

11. Mussa-lvaldi FA. Do neurons in the motor cortex encode movement direction? An alternative hypothesis. Neurosci
Lett. 1988;91(1):106-11.



Schmidt et al. BioMedical Engineering OnLine (2023) 22:63

20.

21.
22.

23.

24.

25.

26.

27.

28.

29.

30.

31

32.

33.
34,
35.
36.
37.
38.
30.
40.
41,
42,
43,
44,
45,
46.

47.

48.

. Evarts EV. Relation of pyramidal tract activity to force exerted during voluntary movement. J Neurophysiol.

1968;31(1):14-27.

. Churchland MM, Cunningham JP, Kaufman MT, Foster JD, Nuyujukian P, Ryu SI, Shenoy KV. Neural population

dynamics during reaching. Nature. 2012;487(7405):51-6.

. Michaels JA, Dann B, Scherberger H. Neural population dynamics during reaching are better explained by a dynami-

cal system than representational tuning. PLoS Comput Biol. 2016;12(11): 1005175.

. Sussillo D, Churchland MM, Kaufman MT, Shenoy KV. A neural network that finds a naturalistic solution for the

production of muscle activity. Nat Neurosci. 2015;18(7):1025-33.

. Stroud JP, Porter MA, Hennequin G, Vogels TP. Motor primitives in space and time via targeted gain modulation in

cortical networks. Nat Neurosci. 2018;21(12):1774-83.

. Tibold R, Fuglevand AJ. Prediction of muscle activity during loaded movements of the upper limb. J Neuroeng

Rehabil. 2015;12(1):1-12.

. Prentice SD, Patla AE, Stacey DA. Artificial neural network model for the generation of muscle activation patterns for

human locomotion. J Electromyogr Kinesiol. 2001;11(1):19-30.

. Johnson LA, Fuglevand AJ. Evaluation of probabilistic methods to predict muscle activity: implications for neuropro-

sthetics. J Neural Eng. 2009;6(5): 055008.

Anderson CV, Fuglevand AJ. Probability-based prediction of activity in multiple arm muscles: implications for func-
tional electrical stimulation. J Neurophysiol. 2008;100(1):482-94.

Tuthill JC, Azim E. Proprioception. Curr Biol. 2018;28(5):R194-203.

Nakamura Y, Yamane K, Fujita Y, Suzuki . Somatosensory computation for man-machine interface from motion-
capture data and musculoskeletal human model. IEEE Trans Rob. 2005;21(1):58-66.

Murai A, Takeichi K, Miyatake T, Nakamura Y. Musculoskeletal modeling and physiological validation. In: 2014 IEEE
International Workshop on Advanced Robotics and its Social Impacts, IEEE, 2014, pp. 108-113.

Laursen B, Segaard K, Sjegaard G. Biomechanical model predicting electromyographic activity in three shoulder
muscles from 3d kinematics and external forces during cleaning work. Clin Biomech. 2003;18(4):287-95.
Mosafavizadeh M, Wang L, Lian Q, Liu'Y, He J, Li D, Jin Z. Muscle activity prediction using wavelet neural network. In:
2013 International Conference on Wavelet Analysis and Pattern Recognition, IEEE, 2013, pp. 241-246.

Rittenhouse DM, Abdullah HA, Runciman RJ, Basir O. A neural network model for reconstructing EMG signals from
eight shoulder muscles: consequences for rehabilitation robotics and biofeedback. J Biomech. 2006;39(10):1924-32.
Bi L, Guan C, et al. A review on EMG-based motor intention prediction of continuous human upper limb motion for
human-robot collaboration. Biomed Signal Process Control. 2019;51:113-27.

Mao S, Sejdic E. A review of recurrent neural network-based methods in computational physiology. IEEE Transac-
tions on Neural Networks and Learning Systems 2022.

Sheng X, Lv B, Guo W, Zhu X. Common spatial-spectral analysis of EMG signals for multiday and multiuser myoelec-
tric interface. Biomed Signal Process Control. 2019;53: 101572.

Farina D, Jiang N, Rehbaum H, Holobar A, Graimann B, Dietl H, Aszmann OC. The extraction of neural information
from the surface EMG for the control of upper-limb prostheses: emerging avenues and challenges. IEEE Trans Neural
Syst Rehabil Eng. 2014;22(4):797-809.

Araujo R-C, Duarte M, Amadio A-C. On the inter-and intra-subject variability of the electromyographic signal in
isometric contractions. Electromyogr Clin Neurophysiol. 2000;40(4):225-30.

Nordander C, Willner J, Hansson G-AA, Larsson B, Unge J, Granquist L, Skerfving S. Influence of the subcutane-

ous fat layer, as measured by ultrasound, skinfold calipers and BMI, on the EMG amplitude. Eur J Appl Physiol.
2003;89(6):514-9.

Hogrel J-Y, Jacques D, Marini J-F. Variability of some SEMG parameter estimates with electrode location. J Electro-
myogr Kinesiol. 1998;8(5):305-15.

Farina D, Cescon C, Merletti R. Influence of anatomical, physical, and detection-system parameters on surface EMG.
Biol Cybern. 2002;86(6):445-56.

Konrad P. Emg-Fibel. Eine praxisorientierte Einflihrung in die kinesiologische Elektromyographie. http://www.velam
ed.com/wp-content/uploads/EMG-FIBEL-V1.1.pdf. 2011.

UG Myn, MVN Link, and MVN Awinda. Xsens MVN user manual, 2017. [Online] Accessed 05 Mai 05 2020.
easydrawingart.com. How to draw arms, 2021. [Online]. Accessed 16 Jun 2021.

Savitzky A, Golay MJE. Smoothing and differentiation of data by simplified least squares procedures. Archive Loca-
tion: World Publisher: American Chemical Society; 2002.

Chollet F. Keras. https://github.com/fchollet/keras, 2015. [Online]. Accessed 5 May 2020.

Kingma DP, Jimmy B. Adam: a method for stochastic optimization. arXiv preprint arXiv:1412.6980 2017.

Hochreiter S, Schmidhuber J. Long short-term memory. Neural Comput. 1997,9(8):1735-80.

Akiba T, Sano S, Yanase T, Ohta T, Koyama M. Optuna: a next-generation hyperparameter optimization framework. In:
Proceedings of the 25rd ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, 2019.
Sinno Jialin Pan and Qiang Yang. A survey on transfer learning. IEEE Trans Know! Data Eng. 2009;22(10):1345-59.
Halaki M, Ginn K. Normalization of EMG signals: to normalize or not to normalize and what to normalize to. Com-
putational intelligence in electromyography analysis-a perspective on current applications and future challenges,
2012, pp. 175-194.

Lehmler SJ, Rehman MS, Glasmachers T, lossifidis I. Deep transfer-learning for patient specific model re-calibration:
application to sSEMG-Classification. http://arxiv.org/abs/2112.15019arXiv: 2112.15019 [cs.LG], p. 14, 2021.

Lehmler SJ, Saif-Ur-Rehman M, Tobias G, lossifidis I. Deep transfer learning compared to subject-specific models for
SEMG decoders. J Neural Eng. 2022. https://doi.org/10.1088/1741-2552/ac9860.

Medler DA, RW Dawson MRW, et al. Using redundancy to improve the performance of artificial neural networks.

In: Proceedings of the Biennial Conference-Canadian Society for Computational Studies of Intelligence, Canadian
Information Processing Society, 1994; pp. 131-138.

IzuiY, Pentland A. Analysis of neural networks with redundancy. Neural Comput. 1990;2(2):226-38.

Page 28 of 29


http://www.velamed.com/wp-content/uploads/EMG-FIBEL-V1.1.pdf
http://www.velamed.com/wp-content/uploads/EMG-FIBEL-V1.1.pdf
https://github.com/fchollet/keras
http://arxiv.org/abs/1412.6980
http://arxiv.org/abs/2112.15019
https://doi.org/10.1088/1741-2552/ac9860

Schmidt et al. BioMedical Engineering OnLine (2023) 22:63 Page 29 of 29

49. ThrasherTA, Zivanovic V, Mcllroy W, Popovic MR. Rehabilitation of reaching and grasping function in severe hemi-
plegic patients using functional electrical stimulation therapy. Neurorehabil Neural Repair. 2008,22(6):706-14.

50. Bhatia D, Bansal G, Tewari RP, Shukla KK. State of art: functional electrical stimulation (FES). Int J Biomed Eng Technol.
2011,5(1):77-99.

51. Meadmore KL, Exell TA, Hallewell E, Hughes A-M, Freeman CT, Kutlu M, Benson V, Rogers E, Burridge JH. The applica-
tion of precisely controlled functional electrical stimulation to the shoulder, elbow and wrist for upper limb stroke
rehabilitation: a feasibility study. J Neuroeng Rehabil. 2014;11(1):1-11.

52. Alon G, Levitt AF, McCarthy PA. Functional electrical stimulation (FES) may modify the poor prognosis of stroke survi-
vors with severe motor loss of the upper extremity: a preliminary study. Am J Phys Med Rehabil. 2008;87(8):627-36.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions . BMC




	The concepts of muscle activity generation driven by upper limb kinematics
	Abstract 
	Background: 
	Methods: 
	Results: 
	Conclusions: 

	Background
	Methods
	Experimental protocol
	Data preprocessing
	Neural network models
	Recurrent neural networks
	Feedforward network
	Convolutional neural network

	Hyperparameter tuning
	Evaluation method

	Results
	Comparison of the network architectures
	Performance for new subjects
	Generalization property for new motion
	Input parameter validation
	Leave-One-Out method: determine variation between subjects
	How many repetitions of a motion are required for learning?
	Subject-specific or general model

	Discussion
	Conclusions
	Appendix
	Acknowledgements
	References


