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Abstract
Background: Clinically available myoelectric PR controllers deteriorate under conditions that generate
interface noise, such as electrode liftoff or wire failure. Previous solutions relied on additional processing
steps like signal denoising and controller adaptation to mitigate these negative effects. However, there
are no clinically practical controllers that are inherently robust to interface noise. This paper investigated
the use of data-driven methods to build clinically practical, noise tolerant PR control strategies for
transradial prostheses.

Methods: We developed a data augmentation protocol to increase training data variability and two deep
neural networks (MLP and CNN) to compress redundancies across a six-channel EMG array to a latent
space that is robust to noise. Using data from fourteen intact limb subjects and seven below-elbow
amputee subjects, we evaluated �ve control strategies: an LDA classi�er (LDA), an existing adaptive LDA
classi�er that recalibrates after discarding noisy EMG channels (LDA-), an LDA classi�er trained with an
augmented data set (LDA+), an LDA classi�er trained with MLP-aligned latent variables of an augmented
data set (MLP-LDA), and an LDA classi�er trained with CNN-aligned latent variables of an augmented
data set (CNN-LDA). We computed the classi�cation accuracies on clean signals and signals that had
interface noise in up to four channels.

Results: Compared to the baseline LDA method, LDA+ and MLP-LDA signi�cantly increased classi�cation
accuracy on noisy data but decreased accuracy on clean data. On the other hand, LDA- and CNN-LDA
improved noise tolerance while maintaining high performance with clean data.

Conclusion: The CNN-LDA control strategy is robust to multichannel interface noise and can improve the
reliability and usability of PR-based upper limb prostheses.

Background
Major upper limb amputations cause impairments that inhibit basic activities of daily living such as
eating and dressing [1]. Myoelectric prostheses have the potential to restore some lost functionality,
thereby helping users to regain their independence and improve their quality of life. Commercial devices
employ two main types of control systems: amplitude-based direct control and pattern recognition (PR)
control. 

Direct control uses electromyographic (EMG) signals measured from agonist-antagonist muscle pairs to
control prosthesis movements [2]. Each muscle pair activates one degree-of-freedom (DOF); thus, the
dexterity of a direct controlled prosthesis is limited by the number of distinct muscle sites that can be
individually contracted. Although co-contractions can be used to toggle between DOFs, this renders the
control method less intuitive. Furthermore, while direct control is reliable, it requires manual tuning to
accommodate the unique muscle anatomies of each user. 
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PR control methods measure EMG signals from an array of electrodes and learn the patterns of muscle
activity that correspond to intended movements [3–5]. Typically, PR controllers use a classi�er to classify
descriptive features extracted from windowed EMG signals. Use of linear discriminant analysis (LDA)
classi�ers is common as they are computationally simple to train and implement. PR control has been
shown to improve functional outcomes for prosthesis users, provided the EMG interface is stable and the
signals are repeatable [6].

However, regular usage of myoelectric prosthesis gives rise to various sources of signal disturbances that
degrade classi�cation accuracy [7–12]. Changes in residual limb volume, limb position, and socket
loading can cause electrodes to intermittently lose contact with the skin. Signal abnormalities stemming
from electrode or wire failures also occur with prolonged prosthesis use [8,13,14]. Interface noise in just
one channel is often detrimental to the accuracy of PR control strategies, rendering the device unusable
until it can be recalibrated [8,9].

Previous studies have proposed several approaches to resolve the effects of interface noise. For example,
signal processing algorithms can be used to denoise affected channels before classi�cation [7,15–21].
The generalizability of these methods is limited, however, as most focus on �ltering out periodic noise
(eg. electrical noise) and do not address the effects of intermittent noise signals [22]. Another approach
uses control strategies that adjust their classi�er parameters to adapt to changes in EMG signals [23–
25]. Of note is a fast-retraining LDA method that detects and removes noisy channels before recalibrating
its weights [9]. Though they can increase classi�cation accuracy, these adaptive control methods require
additional processing steps during classi�cation. 

One promising solution exploits the signal redundancies across EMG channels to build a classi�er that is
inherently robust to interface noise. Since surface electrodes measure diffuse muscle activity, an array of
surface EMG signals contains overlapping neural information. These redundant signals can therefore be
compressed into a low-dimensional manifold that retains discriminative features and is less sensitive to
input disturbances [26–29]. Using this concept, prior works have employed spatial �ltering, linear
factorization, and data fusion to build robust classi�ers [30–32]. However, these examples used setups
that are not yet clinically practical (eg. high-de�nition EMG arrays).

To train an accurate PR controller, it is essential that the training data typi�es signals in real scenarios.
For example, performing dynamic arm movements during training data collection instead of maintaining
a static position signi�cantly improves LDA classi�cation performance across different limb
positions [33,34]. By increasing training data variability, classi�ers are encouraged learn discriminative
features that are consistent across sources of variance, thus preventing over�tting. However, it is a
challenge to physically collect enough data to su�ciently represent realistic scenarios. To alleviate the
burden of extensive training data collection, data augmentation can be used to arti�cially introduce
variability in a systematic manner [35–37].

As the variance of the training data increases and the data become more complex, simple linear
classi�ers may not be equipped to adequately model hidden structures. Deep learning models are known
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for their ability to learn complex nonlinear relationships within large datasets. Speci�cally, deep encoders
compress high-dimensional inputs into low-dimensional latent subspaces [38]. A desirable characteristic
of these manifolds is that large disturbances in the input have minimal effects on their latent
representations. Depending on the model’s loss function, the latent space can be optimized for a speci�c
objective, such as reconstructing or classifying the input.

Convolutional neural networks (CNNs) are another useful deep learning tool [39,40]. CNNs are commonly
used for image processing applications where the relative locations of pixels are crucial to the underlying
structure. While sequential neural networks use �attened vectors as inputs, CNNs preserve spatial
relationships by allowing multidimensional input matrices. Thus, CNNs are well-equipped to disentangle
EMG signal redundancies, which are dependent on electrode locations [37,41–44].

The objective of this study was to develop a clinically feasible, noise-tolerant myoelectric PR controller
that classi�es hand and wrist movements. To that end, we explored the use of data augmentation and
deep learning techniques to uncover a latent subspace in which movement classes are separable and
robust to interface noise. We trained �ve control strategies and evaluated their performances on normal
EMG data and EMG data that contained up to four channels of interface noise. These strategies included
a conventional LDA algorithm, an adaptive LDA algorithm, an LDA algorithm trained with an augmented
data set, an LDA algorithm that classi�es latent EMG variables computed by a multilayer perceptron, and
an LDA algorithm that classi�es latent EMG variables computed by a CNN. We hypothesized that the
CNN control strategy would be the most accurate non-adaptive classi�er across all noise conditions
because it preserves spatial dependencies and contains nonlinearities.

Methods
The following experiment was approved by the Northwestern Institutional Review Board. Fourteen
individuals with intact limbs (ITL) and seven individuals with below-elbow amputations (AMP, Table 1)
participated in this study after providing written informed consent. Due to partial data loss, results from
one ITL participant and one AMP participant were excluded from the �nal analysis. 

Table 1

Amputee Subject Demographics
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Subject Age Gender Time Since Amputation Level Of Amputation DOFs Controlled

AMP1 73 M 32 years Transradial 3DOF

AMP2 33 M 5 years Wrist disarticulation 3DOF

AMP3 65 M 6 years Transradial 2DOF

AMP4 56 M 40 years Transradial 2DOF

AMP5 48 M 11 months Transradial 2DOF

AMP6 19 M 10 months Transradial 2DOF

 

Experimental Setup
For ITL participants (Fig. 1a), six channels of EMG signals were collected using dry stainless-steel bipolar
electrodes (Motion Control Inc.) that were embedded in an adjustable armband. The electrodes were
equally spaced around the subject’s right arm, with the reference electrode positioned just distal to the
olecranon. An HTC Vive tracker was attached to the dorsal side of the armband and used to track the
participant’s limb position. Participants also wore an orthosis around the wrist and hand to promote
isometric contractions that would more closely resemble amputee contractions. Finally, a 400g weight
was attached to the distal end of the orthosis to simulate the weight of a prosthesis. 

Due to the unique size and anatomy of each residual limb, dry electrode setups that are not speci�cally
customized for an amputee are prone to electrode liftoff. Hence, we used wet electrodes for AMP
participants to prevent unwanted interface noise (Fig. 1b). Six channels of EMG signals were collected
using adhesive Ag/AgCl bipolar electrodes (Bio-Medical Instruments) that were secured under a silicone
liner. The electrodes were equally spaced around the subject’s residual limb and the reference electrode
was placed just distal to the olecranon. An adjustable lightweight frame was fastened around the
residual limb and lengthened to match the subject’s intact limb length. A 400g weight was attached to the
distal end of the frame to simulate the weight of a prosthesis.

Data Collection Protocol
All data collection was conducted in an HTC Vive virtual reality environment (Fig. 1c). Each participant
collected a training data set and a test data set during one experimental session. EMG signals were
sampled at a rate of 1 kHz, band-pass �ltered between 70-300 Hz, and segmented into 200 ms windows
in 25 ms increments. In addition to a hardware gain of 2 and a software gain of 1000, there were channel-
speci�c software gains that were customized for each subject. These channel gains were calculated by
scaling the signals in each channel to span the output range of -5V to 5V. Although the channel gains
were calculated using the training data set alone, they were applied to the training and test data sets.
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To collect training data, the subject performed hand and wrist gestures while moving their arm around the
workspace. This simple training protocol has been shown to achieve high real-time performance [33,34].
All ITL subjects and two AMP subjects completed seven gestures (rest, wrist �exion/extension, wrist
pronation/supination, hand open/close), corresponding to a 3DOF controller. Based on clinician input and
to minimize fatigue, the remaining four AMP participants completed �ve gestures (rest, wrist
pronation/supination, hand open/close), corresponding to a 2DOF controller. Each gesture was held for
2.5 seconds and repeated �ve times, resulting in 12.5 seconds (500 overlapping windows) of clean
training examples per gesture. 

To collect test data, the subject performed the trained hand and wrist gestures in four limb positions (Fig.
2a). Each gesture was held for 2.5 seconds and repeated �ve times. Therefore, each participant had 50
seconds (2000 overlapping windows) of clean test data for each gesture. 

O�ine Analyses
After EMG data collection, all further analyses were conducted o�ine on a Windows 10 laptop computer
with 16GB RAM, an Intel Core i7-9850H CPU at 2.60GHz, and a 4GB NVIDIA Quadro T1000 GPU. These
analyses included training data augmentation, training �ve control strategies, testing those strategies,
and statistical evaluations. 

Training Data Augmentation
We constructed an augmented training data set by systematically corrupting up to four channels in
copies of the original raw training signals. The augmented data contained one clean copy of the original
data and eight noisy copies. Within the eight noisy copies, there were two copies of data that had one
noisy EMG channel, two copies that had two noisy channels, two copies that had three noisy channels,
and two copies that had four noisy channels. We evenly distributed 12 types of synthetic noise into all
possible channel combinations. These synthetic noise types included �atlining, in which the signal was
completely attenuated to 0V, �ve levels of Gaussian noise centered at 0V (σ = 1,2,3,4,5V), �ve levels of 60
Hz noise (amplitude = 1,2,3,4,5V), and a randomized mixture of all noise types. 

Control Strategies
Five control strategies were trained and evaluated in this study. Before we trained the controllers, four
time-domain features were extracted from the training data sets: mean absolute value, waveform length,
zero crossings, and slope sign changes.

Traditional LDA Classi�ers
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Three control methods were based on the traditional LDA classi�er algorithm. 

1. Baseline LDA (LDA) – To act as the baseline model, an LDA classi�er was trained with the original
training data set. This algorithm is used in most clinically available PR systems and therefore
demonstrates what current prosthesis users experience. 

2. Augmented LDA (LDA+) – To investigate how data augmentation affects the reliability of a standard
LDA algorithm, we trained an LDA classi�er with the augmented training data set. 

3. Adaptive LDA (LDA-) – We implemented an existing fast-retraining LDA classi�er that circumvented
signal disturbances by adjusting its LDA weights after removing noisy EMG channels [9]. First, we trained
an LDA classi�er with the original training data set and stored the class mean and covariance matrices.
During classi�cation, we omitted the elements corresponding to noisy EMG channels from the mean and
covariance matrices and recalculated the LDA weights. Then, we removed the noisy EMG channels from
the classi�er inputs and used the new LDA weights to classify the remaining signals. In practice, this
control strategy requires a fault detector to detect noisy signals. However, we excluded this step and
instead assumed that a perfect fault detector was used. Thus, the LDA- classi�er shows the best-case
scenario for an adaptive LDA control system. When there were no noisy channels, the LDA- classi�er was
identical to the baseline LDA classi�er.

Neural Network-Aligned Classi�ers
The remaining two control strategies comprised two stages: a latent encoder network that aligned the
EMG inputs to a low-dimensional manifold and an LDA classi�er that classi�ed these latent variables
(Fig. 2d). One control strategy used a multilayer perceptron network (MLP-LDA) while the other used a
convolutional neural network (CNN-LDA). Both models were implemented using Keras 2.3.1 with the
Tensor�ow backend. 

We used �ve-fold cross-validation with the augmented training data set to tune each model’s
hyperparameters. To avoid overlapping training and validation data, each fold corresponded to one
gesture repetition. After the hyperparameters were determined, we trained the �nal models with the entire
augmented training data set.

Both networks were trained using the Adam optimization algorithm with a learning rate of 0.001 and
mini-batch gradient descent with 30 training epochs and a batch size of 128. To accelerate training time,
we used a minmax scaler to standardize the input features between [0,1] and applied batch normalization
after each hidden layer.

4. Multilayer perceptron-aligned LDA (MLP-LDA) - We trained a fully connected �ve-layer neural network
(Fig. 2b) to take in a 24 by 1 EMG feature vector and output a 4 by 1 latent feature vector z and a
predicted gesture label y. 
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The �rst four hidden layers aligned the EMG inputs to the latent space. We applied ReLU activation
functions after the �rst three layers and a linear activation function after the fourth layer. Based on our
cross-validation results, we found that classi�cation accuracy improved as the dimensionality of the
latent space increased but began to plateau after a dimensionality of 4. Thus, we set the latent dimension
to 4. We also regularized the weights of the fourth layer with L1 regularization (λ= 10e-5) to encourage
sparsity and improve generalization. 

The last hidden layer in the MLP was a linear classi�er that used a softmax activation function to
classify the latent features. The network was trained to minimize the categorical cross entropy loss
between the predicted class and the ground truth, thus optimizing linear separability between movement
classes in the latent space. 

Since neural network classi�ers are prone to over�tting, we trained an LDA classi�er with the latent
features of the augmented data set and used it in tandem with the MLP network to form the MLP-LDA
control strategy (Fig. 2d). During classi�cation, the EMG input vectors were passed through the MLP
encoder to compute the latent features z, which were then fed to the LDA classi�er to obtain gesture
predictions.

In total, the MLP had 1267 trainable parameters. 

5. Convolutional neural network-aligned LDA (CNN-LDA) - We trained a CNN (Fig. 2c) with the same
objectives as the MLP: to output a 4 by 1 EMG latent feature vector z and a predicted gesture label y. 

While the inputs for the previous control strategies were 24 by 1 feature vectors, the CNN input was a 6 by
4 feature matrix, corresponding to the 6 EMG channels and 4 time-domain features. This enabled the 2-
dimensional convolutional layers to exploit the spatial relationships between EMG channels and learn
more robust latent representations. 

The �rst �ve hidden layers served as the encoder, starting with two convolutional layers with ReLU
activation functions. Then, we �attened the output of the convolutional layers before passing it through
two sequential layers with a ReLU and a linear activation function, respectively. Thus, the latent encoder
modules of the CNN and MLP each had three ReLU functions and one linear function. Like the MLP, the
layer preceding the bottleneck was regularized with L1 regularization (λ=10e-5) and the latent space had
a dimensionality of 4. 

The last layer of the CNN classi�ed the latent feature vector z using a softmax activation function. The
CNN was trained to minimize the categorical cross entropy loss between the predicted class and the
ground truth, once again to encourage linear separability between the class latent representations.

Finally, we trained an LDA classi�er with the augmented training data set after it was aligned by the CNN.
The CNN-LDA control strategy (Fig. 2d) used the CNN encoder to compute latent variables z which were
then classi�ed with the LDA classi�er.
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In total, the CNN had 12999 trainable parameters. 

Evaluation
To evaluate control performance and robustness, we calculated the o�ine classi�cation accuracies of
each control strategy on clean and noisy test data. Since it was impractical and challenging to introduce
interface noise in a controlled manner during data collection, we constructed noisy test data o�ine by
fusing the original test raw signals with examples from a real noise database. 

Real Noise Database
The effects of four noise types were investigated in this study: broken wires, moving broken wires,
contact artifacts, and loose electrodes. A database containing 25 seconds (1000 overlapping windows)
of each type was collected from one ITL subject (Fig. 3). Since the housing of the armband prevented
access to individual electrodes, this database was recorded using the wet electrode setup. Although all
six channels were recorded, only the affected noisy channel was stored in the database.

To simulate the broken wire and moving broken wire conditions, one wire was cut at the connection point
between the wire and the electrode. For the broken wire condition, the subject maintained a 90-degree
angle at the elbow throughout data collection. For the moving broken wire condition, the subject moved
their arm around freely in a workspace that contained sources of electrical noise, such as monitors and
laptops. For the contact artifact condition, the electrode was tapped approximately every 200 ms. Finally,
for the loose electrode condition, the electrode was peeled off and gently shifted around the surface of
the subject’s skin throughout signal recording. 

Fusion of Test Signals and Real Noise 
We constructed four noisy test sets, each containing a distinct number of noisy EMG channels (1 to 4
channels). Each noisy set started as a copy of the clean test raw signals. We then systematically
superimposed pseudorandomized samples from the real noise database onto the copy, ensuring that all
combinations of affected channels and noise types were equally represented. To maintain signal
ampli�cation consistency, the subject-speci�c channel gains were applied to the noise windows
according to the channels with which they were being fused. Signals were then truncated to stay within
the output range of [-5V, 5V]. Finally, we extracted the four time-domain features from the noisy test
signals.

Statistical Analyses
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The statistical analyses were conducted separately for ITL and AMP populations. We used linear mixed
effects models to evaluate the statistical effects of each control algorithm with respect to the baseline
LDA method. Initially, we �t a model with classi�cation accuracy as the response variable, the control
strategy (LDA, LDA+, LDA-, MLP-LDA, and CNN-LDA), number of noisy electrodes (0-4), and their
interactions as �xed factors, and the subject identi�er as a random factor. Statistical signi�cance was
judged based on a signi�cance level of α= 0.05. After observing that all interaction factors were
statistically signi�cant (p < 0.001), the data were separated by the number of noisy electrodes. These
data sets were used to �t �ve new models that each had the control strategy as a �xed factor and subject
identi�er as a random factor. We used the Bonferroni method to correct for multiple comparisons. 

Results
The classi�cation accuracies of the �ve control strategies and summary of the statistical models are
shown in Fig. 4. 

Interface noise degrades LDA accuracy 
Under standard conditions, the baseline LDA classi�er decoded gestures with average accuracies of
79.92 ± 1.14% and 78.10  ± 1.66% for ITL and AMP participants respectively. When noise was present in
just one channel, the accuracies dropped to 61.55 ± 0.98% and 41.74 ± 1.62%, demonstrating that a
minor change in input signals can have a large impact on control performance, particularly for AMP
subjects. As the number of corrupted channels increased, the accuracy continued to decrease.

Data augmentation may increase noise tolerance, but at a
cost
For the AMP population, augmenting the training data set with synthetic noise increased the robustness
of an LDA classi�er. Compared to the 36.36% drop in baseline LDA accuracy between the noiseless and
single channel conditions, the LDA- accuracy decreased by only 4.19%. Consequently, the LDA- control
strategy signi�cantly outperformed the baseline LDA control strategy for all noisy conditions (p < 0.001).
However, with an accuracy of 59.12 ± 1.79%, the LDA- algorithm was also signi�cantly worse at
classifying clean signals compared to the baseline LDA algorithm (p < 0.001).

The trends for the LDA- classi�er were different in ITL subjects. Its outcomes were signi�cantly worse
compared to those of the baseline LDA classi�er for the noiseless and single channel noise conditions (p
< 0.001), but not signi�cantly different for the remaining noisy conditions.

Neural network models outperform non-adaptive LDA
algorithms
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Generally, the neural network-aligned methods improved overall outcomes compared to all non-adaptive
LDA methods. Across all test sets, MLP-LDA had average accuracies of 64.84% (ITL) and 58.88% (AMP),
which were 18.72% and 7.73% higher than LDA+ accuracies. MLP-LDA also improved classi�cation of
noisy signals by 15.77% (ITL) and 25.22% (AMP) compared to the baseline LDA classi�er. However, there
were statistically signi�cant drops in accuracy on clean signals (ITL: 6.13%, AMP: 6.18%). Thus, at best,
MLP-LDA had a 73.78 ± 0.99% accuracy for ITL subjects and a 71.92 ± 1.72% accuracy for AMP subjects.

In contrast, the CNN-LDA control strategy signi�cantly improved classi�cation of noisy EMG signals (p <
0.001) without decreasing accuracy on clean EMG signals (p = 1.000). CNN-LDA classi�ed normal
signals with an accuracy of 80.25 ± 1.21% (ITL) and 78.91 ± 1.89% (AMP), exhibiting the best
performances across all �ve control strategies. Unsurprisingly, these accuracies decreased as noise was
introduced into the system. However, CNN-LDA scored 65.52 ± 0.90 % (ITL) and 53.49 ± 1.71% (AMP)
with four noisy channels, meaning that at its worst, it still performed better than baseline LDA did with
only one noisy channel. Therefore, CNN-LDA was the most accurate and robust non-adaptive control
strategy.

CNN-LDA eliminates need for controller adaptation
Overall, CNN-LDA and LDA- achieved similar performances. For AMP participants, the decrease in
accuracy from LDA- to CNN-LDA for noisy data ranged from 1.61% for single-channel noise to 7.20% for
four-channel noise. For ITL subjects, CNN-LDA accuracies surpassed LDA-, with improvements ranging
from 0.79% for single-channel noise and 6.87% for four channel noise. Although we did not statistically
compare these differences, it is unlikely that they would cause signi�cant clinical impact. Thus, CNN-LDA
was functionally equivalent to an adaptive LDA control system with a perfect fault detector.

LDA components illustrate performance differences
To visualize the underlying mechanisms of the non-adaptive classi�ers, we plotted the �rst three LDA
components of the clean training data, clean test data, and noisy test data for subject AMP5 (Fig. 5). For
baseline LDA and LDA+, we used the projection matrices from the trained LDA classi�ers to reduce the
high-dimensional input features. For MLP-LDA and CNN-LDA, we aligned the input feature data to their
latent manifolds through the MLP and CNN encoders before applying the projection matrices from their
corresponding LDA classi�ers. 

CNN-LDA was the only control strategy that maintained separable clusters across all three data sets,
explaining why it was able to effectively classify both clean and noisy signals. In contrast, LDA and MLP-
LDA clusters lost their separability when noise was introduced, thus depicting their lower noise tolerance.
The LDA+ clean test set clusters did not match the clean training set clusters; therefore, the decision
boundaries computed from the training set were not able to delineate the gestures in clean test data set.
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Neural network methods require longer processing times
In Table 2, we show the processing times of each control method to assess their practicality in clinical
settings. Notably, the initial training processing times for the neural network methods, which included
data augmentation time, were substantially longer than those for the traditional LDA methods. Likewise,
the classi�cation processing times were longer for the neural network methods. However, at ~5 ms, this
was still shorter than the EMG window sampling increments (25 ms), indicating that a real-time
implementation is plausible.

Table 2

 Controller Processing Times

  Training Processing Time Classi�cation Processing Time

LDA 0.0259 s ± 1.37 ms 0.00659 ms ± 64.4 ns

LDA+ 1.22 s ± 48.6 ms 0.00665 ms ± 68.8 ns

LDA- 0.0259 s ± 1.37 ms 0.328 ms ± 4.02 us

MLP-LDA 51.3 s ± 2.82 s 5.54 ms ± 38.1 us

CNN-LDA 47.8 s ± 3.12 s 5.75 ms ± 38.7 us

Discussion
Clinical PR-based myoelectric control systems often encounter error-producing signal noise stemming
from EMG interface instabilities. Previous works have reduced these errors with additional processing
steps such as signal �ltering, noise detection, and controller recalibration or adaptation. To our
knowledge, this is the �rst study that presents a PR control strategy that is inherently resistant to various
types of multichannel interface noise. Using examples of real interface noise, we evaluated the reliability
of LDA-based classi�ers that employed data augmentation and deep learning techniques. 

In general, we found that the adverse effects of interface noise were more severe in the amputee
population than the intact limb population. One potential reason is that intact limb muscle contractions
often have larger amplitudes compared to residual limb contractions. Therefore, noisy intact limb EMG
signals have higher signal-to-noise ratios (SNR), leading to better classi�cation rates.

The high SNR in intact limb participants may also explain why augmenting the training data set with
arti�cial noise did not improve overall outcomes for the augmented LDA classi�er. The augmented data
set contained various levels of signal corruption that spanned the output range of the EMG channels.
Consequently, it had a wide range of SNRs as opposed to the relatively high SNRs of the noisy test set.
Thus, the augmented LDA classi�er was trained on distributions that were not representative of the
testing data, causing it to perform poorly.
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Our results also showed that manifold alignment facilitated by neural networks produced impactful
performance gains. This suggests that nonlinear transformations are crucial to extracting useful
discriminative structures within EMG signals. Furthermore, the CNN outperformed the multilayer
perceptron, emphasizing that the spatial relationships between channels are valuable and should be
preserved and leveraged for better control. For the intact limb population, the CNN-LDA method was also
more accurate than the adaptive LDA method. This exempli�ed an important advantage of the CNN-LDA
method: it retains discriminative features in the noisy channels that would normally be discarded by
recalibration algorithms. Notably, CNN-LDA was able to classify signals with real interface noise even
though the augmented training data set only contained synthetic noise, highlighting the generalizability
of the deep learning model. 

Ultimately, the CNN-LDA control strategy is an attractive solution to the interface noise problem, as it was
the only non-adaptive method that improved noise tolerance without reducing accuracy on normal
signals. In reality, disturbances would most likely occur in one or two EMG channels. For these cases,
CNN-LDA obtained classi�cation accuracies (ITL: >75.19%, AMP: >68.83%) that would suggest effective
real-time control. 

The clinical implications of the CNN-LDA controller are that patients would be able to maintain good
control of their prosthesis across common scenarios that produce intermittent noise (eg. electrode liftoff,
contact artifacts) or continuous noise (eg. broken wires). Moreover, it does not require a noise detector,
which can be inaccurate, or recalibration, which adds a processing step. This method is highly bene�cial
for amputee users, as their low EMG SNR renders their clinical LDA systems unusable in the presence of
noise.

However, there are some practical limitations to the CNN-LDA controller. For example, its training and
execution processing time is slower than traditional LDA methods. Also, the memory requirements of the
model may hinder its implementation on a prosthesis microcontroller. Lastly, it is di�cult to quickly
retrain a black box model such as the CNN-LDA. If the user wanted to recalibrate a single gesture, the
entire backpropagation process would have to be repeated. 

Limitations and Future Work
The main limitation of this study is that the controllers were evaluated o�ine. Real-time experiments
should be conducted to investigate the effects of user adaptation and provide a more realistic evaluation
of prosthesis controllability. Additionally, while commercial systems typically include eight EMG channels,
the experimental setup only used six EMG channels. The implication is that each noisy signal has a
greater in�uence on classi�cation accuracy. Thus, we expect the performance to be better with clinical
setups that have eight EMG channels.

Four amputee subjects only completed enough gestures for a 2DOF controller instead of 3DOF controller.
These algorithms were also limited to sequential control but would be more impactful if extended to
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simultaneous control. To facilitate practical implementation of the CNN-LDA, we plan to further minimize
the network architecture and adjust hyperparameters to balance controller performance and processing
time. In addition to conducting real-time experiments with a physical prosthesis, it would be useful to
investigate the controller’s robustness to donning/do�ng and its long-term stability. 

Conclusion
In this study, we investigated the use of training data augmentation and deep learning models to achieve
reliable myoelectric control of hand and wrist gestures. Our results showed that a CNN-based control
strategy can learn latent representations of muscle patterns that are linearly separable and robust to
multichannel interface noise. The performance gains exhibited by the CNN-LDA are a signi�cant
improvement on clinical myoelectric PR controllers and motivate further development.
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Figures

Figure 1

Experimental setups for (a) intact limb participants and (b) amputee participants. (c) Virtual reality
environment used for data collection.
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Figure 2

(a) To increase test data variability, participants completed wrist and hand gestures in four arm positions.
Network architectures for (b) MLP and (c) CNN. (d) The MLP-LDA and CNN-LDA control strategies used
neural networks to compute EMG latent features that were classi�ed by LDA classi�ers. 

Figure 3

Examples from the real noise database fused with a clean EMG signal.
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Figure 4

Average classi�cation accuracies and differences from baseline LDA accuracies for (a) intact limb
participants and (b) amputee participants. 
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Figure 5

Three-dimensional latent representations of AMP5’s training and test data sets using LDA components.


