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Classification of hand and wrist
movements via surface
electromyogram using the random
convolutional kernels transform
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Prosthetic devices are vital for enhancing personal autonomy and the quality of life for amputees.
However, the rejection rate for electric upper-limb prostheses remains high at around 30%, often due
to issues like functionality, control, reliability, and cost. Thus, developing reliable, robust, and cost-
effective human-machine interfaces is crucial for user acceptance. Machine learning algorithms using
Surface Electromyography (sEMG) signal classification hold promise for natural prosthetic control.
This study aims to enhance hand and wrist movement classification using sEMG signals, treated as
time series data. A novel approach is employed, combining a variation of the Random Convolutional
Kernel Transform (ROCKET) for feature extraction with a cross-validation ridge classifier. Traditionally,
achieving high accuracy in time series classification required complex, computationally intensive
methods. However, recent advances show that simple linear classifiers combined with ROCKET

can achieve state-of-the-art accuracy with reduced computational complexity. The algorithm was
tested on the UCI sEMG hand movement dataset, as well as on the Ninapro DB5 and DB7 datasets.
We demonstrate how the proposed approach delivers high discrimination accuracy with minimal
parameter tuning requirements, offering a promising solution to improve prosthetic control and user
satisfaction.

Surface electromyography (sEMG) is a non-invasive technique for measuring the electrical activity of muscle
groups on the skin surface. The usage of SEMG for clinical diagnostics began in the 1960s. Nowadays, SEMG
plays a central role in many applications, including clinical diagnostics, human-machine interactions and more.
One such realm where SEMG plays a crucial role is control for prosthetic devices. Prosthetic devices play one of
the key factors in personal autonomy, by affecting the life quality for amputees. During the past decade, multiple
prosthetic hands have become available in the market, yet the rejection rate for electric upper-limb prostheses
is roughly 30% due to dissatisfaction about issues like function, ease of control, reliability, and cost’. Therefore,
achieving a high level of reliability, robustness, and low cost of human-machine interfaces is important for user
experience and their acceptance of the prosthetic hand. A machine learning algorithm based on sEMG classifica-
tion could potentially allow the user a natural control of the prosthesis.

Various control methods for prosthetic hands have been introduced and investigated. Among them are SEMG,
as mentioned above?”’, electroneurography (electroneurographic signals, requiring an interface directly with the
peripheral nervous system or the central nervous system)®'°, mechanomyography (measures the vibrations of
muscle fibres during motion)!'-!, and force myography, which detect changes in the pressure patterns between
the limb and socket caused by the contraction of the forearm muscles)'*"'”. Two major advantages of SEMG are
existence of low-cost options, and its non-invasive nature.

Our objective is to improve the classification of the hand and wrist movements based on the sSEMG signals,
represented as time series. To this end, we apply a novel approach, using a variation of Random Convolutional
Kernel Transform (ROCKET)'*®" as a feature extraction method, combined with a cross-validation ridge clas-
sifier. The majority of the methods for time series classification which achieve state-of-the-art accuracy have
high computational complexity and extensive training time even for smaller data sets. With the recent success
of convolutional neural networks for time series classification, it also been shown that simple linear classifiers
using ROCKET can achieve state-of-the-art accuracy with much less computational expense (see Ref.!¥). In order
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to further improve the classification, we suggest to couple the ROCKET features with a cosine similarity matrix
that codes the relationship between the measured channels. This matrix is computed based on the ROCKET
representation, and it is a complementing way to code the movemoent pattern.

The performance was evaluated on three different datasets. The first dataset, taken from the UCI repository?,
was previously used by Sapsanis et al.?!. The data contains 6 movements recorded by two channels that measured
the electrical activity of the hand muscles at 500 Hz. The second dataset is the NinaPro DB5 and DB7 data sets.
DB5 includes 53 movements using 16 electrodes (signal channels)*. DB7 includes a subset of DB5’s movements.
It uses 12 electrodes, and was tested on 22 participants, 2 of them are amputees. The proposed model achieved
accuracy of 98 + 2.54% for the UCI dataset. For the NinaPro DB5 dataset, accuracies of 93.65 = 2.99% for the 8
channels data and 98.27 & 1.35% for 16 channels data were achieved. Accuracies of 97.97 £ 3.88% were achieved
for the DB7 dataset, however, the avarage accuracy for the amputee subjects was 87%.

The results were compared with the ones reported in Ref.??, and with feature based calssifiers, taking features
that were suggested in Refs.?* and **. We show that the suggested ROCKET based algorithm outperform previous
studies’ results while classifying a larger amount of hand and wrist movements. To the best of our knowledge,
this is the first time that ROCKET / miniROCKET is being utilized for classification of sSEMG signals.

The rest of this paper is organized as follows. Section "Related work" overviews recent related work.
In Sect. "Methods" the utilised methods and dataset are described. The proposed algorithm is given in
Sect. "ROCKET based classification of sSEMG hand and wrist movements". Section Experimental results details
the experimental results. Last, conclusion are discussed in Sect. Conclusion.

Related work

This work continues multiple previous attempts to implement a movement classification algorithm using sSEMG
as our main input. Attempts to control hand prostheses were made already in the late 60s?. Since then, many
new approaches and developments were proposed. These methods may be coarsely branched into two categories,
depending on the way features are computed. The first is based on feature computing and engineering, construct-
ing features that capture the characteristics of the signal in the time and frequency domain. Then, machine
learning or deep learning tools are applied on the feature space for classification. The second is deep learning
approaches, which take the signal as input and build one unified machine to learn features and classify the signals
based on the formed representation. In what follows, recent papers that follow either the feature engineering or
feature learning approach are reviewed. In addition, we point out to recent papers that incorporate ideas from
the deep learning models into feature extraction based techniques.

The work of Phinyomark et al.?® examined 37 time and frequency domain features for EMG signal classifica-
tion tasks and idetified strong and redundant features. They grouped the features into four categories based on
what the features capture, these are, energy and complexity information methods, frequency information method,
prediction model method, and time-dependence method. Features within each group are redundant. In general,
a small number of time domain features were shown to perform better than using a small number of frequency
domain features. Mean absolute value (MAV), waveform length (WL), and Willison amplitude (WAMP) from
the first and secound group, where shown to produce robust and accurate classification results. In a later paper,
Phinyomark et al.”” examined the classification accuracy of myoelectric pattern recognition when the train and
test samples are recorded over a relatively long time period. To do so, 50 time and frequency domain features
were computed. Sample entropy was found to be a strong and stable feature, additional robust features are the
cepstral coefficients (CC), modified mean absolute value, root mean square (RMS) and WL. Some of these were
proposed and investigated in earlier work?>?%_ A further analysis of the feature space that is commonly used for
EMG classification was carried out in Ref.*’. Topological tools were used to create charts from 58 features over
several datasets. The method selects representetive, non-redumdant features. Some of these identified features
are WL, difference absolute mean value (DMAV) and difference absolute standard deviation value (DASDV)
from the energy features group, maximum fractal length (MFL), sample entropy and WAMP from the non-linear
and frequency group.

The work of Pizzolato et al.* aimed to compare between six different sSEMG setups using identical hand move-
ments classification task. Features were extracted from overlapping windows. The following five features, which
were also used in previous work®"??, were computed. These are RMS, time domain statistics*, Histogram, Mar-
ginal discrete wavelet transform and the concatenation of all these features. Then, machine learning algorithms,
such as support vector machine (SVM) and random forest, were applied for classification (accuracy of 69.04%).
In Ref.?, the authors consider a set of features that perform well in taking into account force level variables.
This type of analysis is important for transradial amputees. A set of features that are invariant to the force level
are identified, there are modified spectral moments, which are based on features that were suggested in Ref.*.

Jiang et al.* preformed optimization for classification of high-density SEMG signals (256 channels) by feature
extraction and data augmentation methods. 50 known temporal-spectral-spatial domain features, including a
new introduced feature denoted by the spatial synchronization (SS) feature, which measures the synchroniza-
tion of waveforms between neighbor channels were used. 15 feature optimization techniques, and seven classi-
fiers were evaluated for classification of 35 hand gestures. The SVM classifier achieved the highest classification
accuracy (91.9%), this result was achieved with an optimal feature set that includes the SS feature along with
ten other features.

Sri-iesaranusorn et al.? applied a deep neural network to a set of computed features that were sectioned using
a sliding window. Features included RMS, MAV, WL, mean absolute value slope, zero crossings and slope sign
changes. The model was evaluated on a publicly available database from the Ninapro project (sSEMG databases for
advanced hand myoelectric prosthetics). The data set included SEMG signals for 41 different hand movements
(from Ninapro DB5 and DB7%). The classification accuracy was 93.87% =+ 1.49%.

Scientific Reports |

(2024) 14:4134 | https://doi.org/10.1038/s41598-024-54677-7 nature portfolio



www.nature.com/scientificreports/

Time frequency features, like the short time Fourier transform (STFT) and wavelet based representations were
investigated in several papers. In Rabin et al.*, the feature space was composed of STFT matrices of the signals.
The data set included sSEMG signals from 5 subjects who perform 6 different hand movements. The dimension
of the STFT was reduced with principal component analysis (PCA) and diffusion maps. K-nearest neighbors
(KNN) was used for classification (94.8% =+ 3%). A different approach by Shi et al.*” suggested a feature extraction
method based on the wavelet packet transform (WPT) and principal component analysis (PCA) for reducing
the dimension of the feature vector. The results were compared with a model that uses computed features: MAV,
RMS and the wavelet transform coefficient (WTC). Additionally, the authors proposed a method based on the
scale unscented Kalman filter (SUKF) and neural network (NN) that was used for lower limb motion classifica-
tion (average accuracy - 93.7%). In a recent paper®, the deep wavelet scattering transform (WST) was applied
for EMG pattern recognition. The main advantage of WST is its invariant properties, which makes this transform
robust in terms of distortions. The results were shown to outperform features that were extracted by the wavelet
transform (WT) and the wavelet packet transform (WPT).

Deep learning approaches create features from the input signals, these features are optimized to solve the
defined learning task. Several papers utilize an image-type input. For example, in Ref.*’, a convolutional neu-
ral network was applied on spectrograms calculated from the signals. Results were evaluated on the NinaPro
DB2 and DB3 datasets, and showed to achieve improved accuracy compared to SVM based classifiers. While
CNN models manage to capture the saptial relationship of the input, they don’t have the ability to code long
term temporal relationships. Long Short-Term Memory (LSTM) can overcome this limitation. Karman et al.*’
proposed a hybrid CNN and LSTM model for classification of hand activity. Multi-channel EMG signals were
first fed into convolutional layers, followed by bi-directional LSTM layers. Then, two fully connected layers were
evoked for classification. Experimental results were reported for several NinaPro datasets and the UCI gesture
dataset and classification accurcy was shown to improve the state of the art methods. Another recent paper that
aims to capture both spatial and spectral dependencies in by Shen et al.*!. The authors applied a Convolutional
Vision Transformer and Stacking Ensemble Learning for SEMG hand movements classification. This method
allows fusion of sequential and spatial features of SEMG signals with the parallel training. The evaluated data
sets were from the Ninapro database (49 movements from DB2 and 12/17 movements from DB5, 80.02% and
76.83%/73.23%, respectively). Last, in Ref.*? a spatio-temporal framework extended the well known Dynamic
time wrapping (DTW) similarity to operate in a spatial setting and was combined with an LSTM model. Results
were provided for four public datasets, including some from the NinaPro project, and were shown to be more
accurate than other deep learning methods. However, since DTW is computationally expensive, the method
may not be the most suitable for real time classification.

Deep learning models have shown advantages in learning both spatial and long term temporal connections.
Nevertheless, their black box nature, together with the need for a large training set and computational complex-
ity, remain a limitation. To overcome this drawback, the work of Khushaba et al.** adapts ideas from the deep
learning framework and combines them with feature extraction techniques. Feature extraction was carried
out as a first step, where the features were stored in a matrix representation. These feature matrices went under
spatio-temporal convolutions that enabled to learn short and long term temporal dynamics. The method was
tested on the DB5 and DB7 NinaPro datasets, it benefits of low computational cost and was shown to improve
the accuracy of deep learning models.

Following the spirit of Ref.?, seeking for robust time series classification techniques that enjoy a low-com-
putational cost, we mention several new methods that may be suitable for coding EMG signals. Among them,
Shapelets based algorithms*, Random Convolutional Kernel Transform (ROCKET) with its variations'®'?, com-
binations of Markov Transition Field (MTF), Gramian Angular Field (GAF) and various neural networks*-¢.
Shapelets are a family of algorithms that focus on finding short patterns, called shapelets, appearing anywhere
in the time series. A class is then distinguished by the presence or absence of one or more shapelets somewhere
in the series*. The MTF and GAF encode times series to 2D images, which can serve as an input to a neural
network’>*, ROCKET algorithms use a large number of random convolution kernels in conjunction with a linear
classifier (ridge regression or logistic regression). Every kernel is applied to each instance. From the resulting
feature maps, the maximum value and a novel feature, proportion of positive values (PPV), are returned (see
details in Sect. "Methods"). A study by Ruiz et al.*’ compared multiple times series classification algorithms on
various data sets and concluded that ROCKET is the recommended choice for time series classification due to
high overall accuracy and remarkably fast training time. As stated above, in this work we evaluate the perfor-
mance of the ROCKET transform as a new way for feature extraction for SEMG signals. The transform computes
many features, this resembles the type of information that is learned by a CNN. However, since there is no net-
work to train, the computation is fast and simple and also fits datasets of limited size. In addition, in this work
we followed a setting in which the ROCKET features are extracted from the entire movement (without using
overlapping windows), thus, the features capture long range temporal information. Additionally, multi-channel
relationships were added into the model as additional features.

Methods
This section provides the essential mathematical background for the ROCKET and channel similarity techniques,
which were utilized in this work, as well as the dataset.

ROCKET and MiniROCKET

At its core, ROCKET is a a method for time series transformation, or feature extraction'®. The extracted features
contain information related to series class membership, which can be modeled by a linear classifier. By default,
ROCKET transforms time series by applying convolution with 10, 000 random convolution kernels which have
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random length chosen from {7, 9, 11}, weights drawn from the standard normal distribution A/ (0, 1), bias drawn
uniformly from ¢/(—1, 1), dilation and padding chosen randomly. For feature extraction, ROCKET uses using
global max pooling and proportion of positive values (PPV).

Denote by X(¢) the time series vector of length #, by @ the convolution kernel and the bias vector by b. Then,
the global max pooling is defined by

GMP = m?x(X * w) (i) (1)
where
lkemel_l
Xx)i)= Y X(i+j) - o) )
j=0
and
1
ppv:ZEi:[X*w—b>0] 3)

This way, each kernel generates two features for a given time series X(#), resulting in approximately 20, 000
features per time series.

miniROCKET (MINImally RandOm Convolutional KErnel Transform)' is a nearly deterministic reformula-
tion of ROCKET that is roughly 75 times faster on larger datasets and with roughly equivalent accuracy. Recently
it has become the default implementation of ROCKET. MiniROCKET uses only kernels of length 9 with weights
drawn from the set {—1, 2} so that their sum is 0. This implies a total of 84 possible kernels, before dilation and
bias. Limiting the structure of the kernels allows a significantly faster computation. The exact value of the two
selected kernel weights {—1, 2} is not important as long as the kernel weights sum to 0, which ensures that the
kernels are sensitive only to the relative magnitude of the input. For each convolutional kernel, the bias is drawn
from the convolutional output of one random training sample. Note that the bias selection is the only random
component of the MiniROCKET. In addition, MiniROCKET uses only the PPV feature (see Eq. (3)) and omits
the global max pooling (see Eq. (2)). Reducing the pooling step to a single feature yields approximately 10, 000
features per time series.

The computational complexity of ROCKET and MiniROCKET is linear in the num-
ber of kernels, the number of training examples and the time series length, formally
O(num. of kernels x num. of samples x signal length). In terms of space complexity, ROCKET doesn’t
store any intermediate values. MiniROCKET stores 13 additional copies of each input time series signal.

Cosine similarity

Cosine Similarity is a measure of similarity commonly used in data analysis for comparison of two finite series.
To this end, the sequences X(n), Y(n) are represented as vectors in RY, where d is their length. Then, the cosine
similarity of X and Y is defined by

Sc(X,Y) 1) (4)
cX,Y) = —r.

1XI- 1y
Note that Sc(X, Y) is cosine of the angle between X and Y, and thus it results in similarity range from —1 (exactly
opposite) to 1 (the same).

Ridge regression and classification
Ridge regression is a modification of regular linear regression, which enables reducing the influence of less
important features, using L, regularization (see Ref.*’). Assume we have a linear model Y = Y 1 ; b;X;.

Using ordinary least squares, we can find (b;) by minimizing arg ming | Y — XB||2, where B is the vector
(b1, . .. by). The key difference for Ridge regression is using an L, penalty term, and minimizing the following term

argmin ||Y — XBJ3 + Z[|Bll3. (5)

Notice that case A = 0is the ordinary least squares. On the other hand when 4 tends to oc, the coefficients tend
to 0, which will imply under-fitting. Thus, choosing the correct 4 is a key factor in classification.

The above provides an algorithm for classification (without over-fitting) in cases where there are significantly
more features than samples. To this end, a set of possible values for 4 was chosen. For each value, Ridge regres-
sion was preformed, leaving one of the samples out for validation. This is known as Cross Validation Ridge
Classifier. Leave-one-out cross-validation is a special case of cross-validation where the number of folds equals
the number of instances in the data set. Thus, the learning algorithm is applied once for each instance, using all
other instances as a training set and using the selected instance as a single-item test set. We use a ridge regression
classifier, which has the advantage of fast cross-validation for the regularization hyper-parameter and works very
well when the data-set is not very large compared to the number of features.
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The dataset
The first dataset, taken from the UCI repository, was obtained by taking SEMG measurements from 5 subjects
while performing the following 6 movements (see Fig. 1a):

Holding cylindrical tools (Cylindrical).

Supporting a heavy load (Hook).

Holding small tools (Tip)

Grasping with palm facing the object (Palmar).

Holding spherical tools (Spherical) and f) holding thin objects (Lateral)

Each movement was recorded by two channels that measured the electrical activity of the hand muscles at 500
Hz. Subjects were asked to repeat each movement for 30 times. The recordings included only the records of the
muscle activity, meaning there were no need for segmentation.

The second data set used in the work was taken from the Ninapro database. It’s a publicly available multi-
modal database to foster research on human, robotic and prosthetic hands and on machine learning based control
systems. We focused on the DB5 dataset but show some results on the DB7 datasets, which includes two amputee
subjects. DB5 was recorded with two Thalmic Myo armbands (see Ref.*). Each Myo armband has 8 SEMG single
differential electrodes (a total of 16, however, the database can be used to test the Myo armbands separately as
well). The top Myo armband is placed closed to the elbow with the first sensor placed on the radio humeral joint,
as in the standard Ninapro configuration for the equally spaced electrodes; the second Myo armband is placed
just after the first, nearer to the hand, tilted of 22.5 degrees. This configuration provides an extended uniform
muscle mapping at an extremely affordable cost. During the acquisition, the subjects were asked to repeat the
movements with the right hand. Each movement repetition lasted 5 seconds and was followed by 3 seconds of
rest. The protocol includes 6 repetitions of 52 different movements performed by 10 intact subjects. The sampling
rate was 200 Hz. The movements were selected from the hand taxonomy as well as from hand robotics literature
(see Fig. 1b). For DB7, there are 12 sSEMG input channels of Delsys Trigno electrodes. Like in DB5, there were 6
repetitions. The movemebts are a subset of those described in DB5, and the sampling rate is 2 kHz.

ROCKET based classification of SEMG hand and wrist movements
Each repetition of each movement was divided from the full signals according to the re-stimulus indices, which
is the corrected stimulus, processed with movement detection algorithms*. Due to the subject’s response time,
there is a variability in the movements time interval. The purpose of this process is to extract signals representing
movement only. For each subject, the longest repetition between all movements was found. According to this
maximum length, zero padding was applied to the rest of the signals.

Our first classification step was separating between movements and rest periods. The separation between
movement and rest periods resulted in high accuracy rate (roughly 99%, see Table 1). Thus, it was decided to
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Figure 1. Dataset movement types. (a) Six hand movements, UCI dataset®. Licensed under a Creative
Commons Attribution 4.0 International License. (b) Hand gestures of the NinaPro database. Licensed under a
Creative Commons Attribution 4.0 International License.
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# | Channels, rand. split | Weights | Validation accuracy | Test accuracy
1 16, Y (1,0) 98.58 £ 0.72% 98.49 £ 0.88%
2 |16N (1,0) 98.54 + 0.64% 98.77 % 0.74%
3 16, Y (0.3,0.7) |98.74 £0.74% 98.6 £ 0.89%

4 16, N (0.3,0.7) |98.67 £0.65% 98.96 £ 0.67%

Table 1. MiniROCKET classification - rest vs. movement.

eliminate the rest data from the final movement classification. This results in a more reliable accuracy rate of
movement classification. For the next processing steps, the MiniROCKET transform is applied to entire detected
movement, bypassing the need to separate the signal into overlapping windows, and, considering the long-term
dynamics of the movement.

Given a training dataset of N sSEMG signals, denoted by {X"}_, each containing data from 8 or 16 channels,
MiniROCKET with 10, 000 convolution kernels is applied on {X"}IV_, to yield a new representation for each of
them. If a single movement is recorded by 16 channels, denoted by {X}}°, then 16 MiniROCKET feature vec-
tors, denoted by {f"}18, are generated. The outputs of the different channels are then concatenated to a features
vector (8 or 16 channels, depending on the experimental configuration), denoted by f” = {f".f),...,f'6.}.
Then, each feature vector f" is standardized to have mean 0 and variance 1, to remove any bias towards specific
features due to scaling or shifting. In this work, we suggest to add additional features that capture the pair-wise
similarity between the channels (electrodes). To do so, the MiniROCKET outputs are used to calculate the cosine
similarity between each pair of channels. Given a single signal X", with, for example 16 channels, the cosine
cosine similarity is computed and reshaped to be a row vector of size 1 x (16 x 16), denoted by f”, The chan-
nels’ similarity outputs and the features vectors are then combined using a weighted concatenation. Thus, the
final feature vector that represents a single multi-channel movement X", is given by f” = wif" + w,f", where
w1,y > 0,and w; + wy = 1. The weights w;, w, were chosen empirically, optimizing results on the validation
data. For classification, cross-validation ridge classifier was applied. Figure 2 displays the general flow of the
proposed algorithm.

Algorithms 1 and 2 describes the suggested algorithm for data transformation and classification. For train-
ing purposes, Algorithm 1 was applied to each sample of the training and validation data sets, resulting with
X train and X va). X train and X gain labels Were used for the ridge classifier fitting, creating a map between X train
and X rain Tabels (Alg. 2, Step 1). Then, the fitted classifier was used to predict X v, labels (Alg. 2, Step 2). The final
model was tested on the test data set. Algorithm 1 was applied on the test data set, resulting with X (es¢. Then, the
fitted classifier was used to predict X test Jabels (Alg. 2, Step 2).
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Figure 2. Algorithm flow. MiniROCKET extracts features from the input channels of the dataset. Cosine
similarities are computed for each movement based on the features of the input channels. Both representations
are fed as input to the ridge regression classifier.
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Figure 3. Cosine similarity matrices. (a) Cosine Similarity Matrices from the 8 channels data, 4 repetitions of
movement 1 (index flexion). (b) Cosine Similarity Matrices from the 8 channels data, single repetitions of each
of the following movements: 8 (little finger extension), 15 (flexion of ring and little finger), 38 (writing tripod
grasp) and 50 (open a bottle).

Input: sSEMG multi-channel signal X", Input weights @, @, NumOfChannels.
Output: Feature vector f”.

1: for i <— 1 to NumO fChannels do

2 f" < MiniROCKET(X", channel i)

3 f" < Concat(f", /)

4: end for

5: for j < 1to NumO fChannels do

6:  for k < 1 to NumO fChannels do

7 J™(j,k) = CosineSimilarity(f7, fi")
8:  end for

9: end for

10: Reshape f” to be of size 1 x (NumO fChannels x NumO f Channels).
11: f" 4 o f" + o f.

Algorithm 1. DataTransform.

Inputs: (Xirain: Xirain labels) - Xval OF Xeest-
Output: Predicted labels for Xy, or Xest-

1: Classifier < RidgeClassifier (Xi-qinsXrain labels)
2: Labels < Classifier(X,,;) or Classifier(X;ey ).

Algorithm 2. Classification.

Experimental results
This section presents the results of the suggested ROCKET based classification method.

Results for the NinaPro datasets

Recall that the NinaPro DB5 dataset includes 6 repetitions per movement (for each subject). Each movement’s
repetitions were split randomly to train, validation and test sets, using a 4-1-1 pattern (4 train samples, 1 valida-
tion sample, 1 test sample). Additionally, in order to compare with the results of previous studies**? using the
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same data set (DB 5 database), an additional non random split was evaluated. Repetitions 1, 3, 4, and 6 were used
as training data, while repetitions 2 and 5 were used for validation and test.

Figure 3a and b show the cosine similarity matrices for several different movements, using the 8 channels data.
Figure 3a shows 4 repetitions of the same movement (movement 1 - index flexion). Figure 3b shows 4 repetition
of different movements (movements 8 - little finger extension, 15 - flexion of ring and little finger, 38 - writing
tripod grasp, 50 - open a bottle). While the matrices of movement 1 are similar, the other movements differ one
from the other. This visual presentation of the cosine similarity data can give motivation for the addition of the
cosine similarity to the feature vectors.

As stated in Sect. "ROCKET based classification of sSEMG hand and wrist movements", separation between
movements and rest periods results with very high accuracy, this result is displayed in Table 1. The first column
indicates the number of channels, whether the train-test split was random or not (Y/N). The weight combina-
tions for (w1, w;) are given in the second column. The weights (w1, w2) = (1,0) imply that the cosine distance
was not included. It can be seen that in all of the tested configurations rest is easily identified, thus, in the fol-
lowing reported results, rest data was omitted, and the classification results are solely between the movements.

For the classification of 52 movements, the proposed model achieved accuracy (balanced) of 87.69 % 5.97%
for the 8 channels and 94.42 & 3.59% for 16 channels, using a random 4-1-1 split. When using the non random
split mentioned above, the model achieved accuracy of 93.65 & 2.99% for the 8 channels and 98.27 £ 1.35% for
16 channels. For comparison, previous study*” reached accuracy of 93.87 & 1.49% with a balanced accuracy of
84.00 £ 3.40%, while using the non random data split scheme (as mentioned above). Table 2 displays the results
of the suggested algorithm while applying MiniROCKET with 10000 convolution kernels. For the experiments
that included the cosine similarity matrix, the weights were set to w; = 0.3 for the MiniROCKET features weight,
and w, = 0.7 for the cosine distances. These values were chosen empirically, using the validation set, after also
considering (w1, wz) = (0.5,0.5) and (w1, w2) = (0.7, 0.3). The cases for which the cosine similarity isn’t used is
equivalent to (w1, w2) = (1,0).

Additional experiment with a small number of kernels (84 kernels) has been evaluated, results are in Table 3.
The number 84 was selected since this is the number of fixed kernels used in the MiniROCKET (see Ref."). In
these experiments the cosine similarity matrices were either concatenated with the ROCKET features with the
weight combination (w;, w2) = (0.5, 0.5) or not used at all, denoted by (w1, w2) = (1,0).

It can be seen that adding the cosine similarity of the different channels is beneficial to the classification
accuracy when less data is available. The 8 channels data set has higher classification accuracy and lower standard
deviation relative to the use of MiniROCKET features alone Additionally, when using a smaller amount of kernels
(Table 3), the cosine similarity addition has a significant effect on the accuracy, for both 8 and 16 channels (see
Fig. 4a,b). Thus, a combination of small amount of kernels and the cosine similarity can keep the accuracy rates
high while lowering the overall run time for the feature extraction processing.

It is feasible to pinpoint certain movement groups that the algorithm tends to conflate when making classi-
fications. Figure 5 displays the confusion matrix from the 84 kernels experiment. Movement 9 with movements

# | Channels, rand. split | Weights | Validation accuracy | Test accuracy
1 8,Y (1,0) 87.12 £5.23% 86.73 £ 6.53%
2 8, N (1,0) 85.58 £ 6.04% 92.88 £3.22%
3 16, Y (1,0) 92.88 £+ 2.99% 94.23 £ 3.54%
4 16, N (1,0) 93.65 £ 2.99% 98.46 £+ 1.68%
5 8,Y (0.3,0.7) |87.5+£4.96% 87.69 £5.97%
6 |8N (0.3,0.7) |86.92 %+ 5.56% 93.65 = 2.99%
7 16, Y (0.3,0.7) |92.69+3.53% 94.42 £ 3.59%
8 16, N (0.3,0.7) |94.81 £2.73% 98.27 £ 1.35%

Table 2. MiniROCKET classification results (10,000 features).

# | Channels, rand. split | Weights | Validation accuracy | Test accuracy
1 8,Y (1,0) 82,12 £5.37% 82,5+ 5.19%

2 8,Y (0.5,0.5) |86.54+4.3% 85.38 £5.72%
3 8,N (1,0) 82.88 £ 6.05% 89.42 £ 4.06%
4 8, N (0.5,0.5) |87.5£3.67% 91.35 £ 4.32%
5 16, Y (1,0) 91.35 £ 3.57% 90.96 + 4.04%
6 16, Y (0.5,0.5) |94.62+2.83% 94.81 £ 2.59%
7 16, N (1,0) 92.69 = 4.37% 95.96 £ 2.91%
8 16, N (0.5,0.5) |94.81 £4.22% 98.27 £ 2.5%

Table 3. MiniROCKET DB5 classification (84 features).
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Figure 5. Confusion matrix (log of matrix values), 16 channels data, 84 convolution kernels, Random split,
without cosine distance (all missing values were zeros before applying the log function).

Method Weights | Classification accuracy
MiniROCKET (84 features) (1,0) 94.81 £ 3.65%
MiniROCKET (84 features) (0.3,0.7) |98.08+1.72%
fcTDFE (1,0) 86.54 £ 5.16%
fcTDFE (0.3,0.7) |90.77 £7.03%
TDPSD (1,0) 87.12 £ 5.51%
TDPSD (0.3,0.7) |93.85+3.31%

Table 4. Feature extraction comparison.

10, 11 and 12. All those movement belong to the first category: basic movements of the fingers (Exercise A, see

Fig. 1b) all of them are thumb movements. Movement 42 with movements 22, 39, 41, 45 and 47. Almost all those

movement belong to the third category: grasping and functional movements (Exercise C, see Fig. 1b). In four of

those movement (39, 41, 42 and 45) the grasp movement is similar.
To test the efficiency of MiniROCKET feature extraction, we compared our methods with other known feature

extraction methods, described in Ref.*. Results are given in Table 4. We used fixed-convolution-based time-

domain feature extraction (fcTDFE) and time-domain-based power spectrum descriptors (TDPSD) (see Ref.?%).
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Figure 6. Average accuracy results for MiniROCKET feature extractions vs. f{cTDFE feature extraction for DB5.

1 16, Y (1,0) 97.13 & 3.45% 97.85 + 5.05%
2 16, Y (0.3,0.7) |95.7 +4.8% 97.25 4+ 5.05%
3 16, Y (0.5,0.5) |96.3 £4.53% 97.97 & 3.88%

Table 5. MiniROCKET DB7 classification (84 features).
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Figure 7. t-SNE and UMAP visualization for STFT features. (a) STFT followed by t-SNE, visualization of the
separation between the different movements for all five subjects (each movement repetitions appear in different
color). (b) STFT followed by UMAP, visualization of the separation between the different movements for all five
subjects (each movement repetitions appear in different color).

Each of the feature extraction methods was applied similarly, and the result were classified using Ridge regres-
sion as described in Fig. 2. All algorithms were applied to the DB5 dataset, with 16 channels and a random split.

For statistical analysis we have applied 5-fold cross-validation with 66% of the data for training at each fold,
for each of the methods mentioned in Table 4. Results shown in Fig. 6 confirm that MiniROCKET feature
extraction provided improved results. Note that TDPSD results do not appear in Fig. 6 since they are very simi-
lar to fcTDFE. To confirm statistical significance of the results, t-tests were applied to each subject. All showed
statistical significance (p-vale < 0.01). As for computational time, a train fold for the ROCKET algorithm takes
~30 seconds, while fcTDFE computation is ~21 seconds. The experiments were conducted on a Macbook pro
M1 2020 computer.
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Subject 1

In order to test our algorithm on amputees, we used the DB7 dataset, containing 22 subjects, 12 channels
and 6 repetitions for each movement. Two of the subjects were amputees. The general results are displayed in
Table 5, however it is important to note that the accuracy for amputees only, was at 87%. For comparison, in
Ref.”?, reported an overall accuracy of 91.69 + 4.68% and a balanced accuracy of 84.66 & 4.78%. For the two
amputees, the results is?? were also lower, with overall accuracy of 82.42 and 94.07% and balanced accuracies of
65.10 and 76.55%, for the first and second amputee respectively.

Results for the UCI dataset

Five different classification methods were tested for the UCI data set. Evaluation was done in a 10-fold cross-
validation mode, using 90% of the data for train at each fold. For the first two methods, Short-time Fourier
transform (STFT) was applied for features extraction. Next, the STFT train and test images were reduced into a
low-dimensional space applying t-SNE>! or UMAP>2. Figure 7a and b show the embeddings for all five subjects.
It can be seen that the movements are separated well in the low-dimensional space of both t-SNE and UMAP
results. Test points were classified in the low-dimensional space using 3D embedding coordinates and k-NN. For
t-SNE, fitting on a training set can’t be used to apply a transform on a test set due to the nature of the method.
Hence, embedding was performed on the whole data, KNN was fitted using the training set only and the test
set was used for evaluation using the fitted KNN. We also applied t-SNE and UMAP 2D classification of the 84
features produced by MiniROCKET (see Fig. 8a,b). Like before, this setting has the limitation that test points
were embedded together with the train points, but without their label. Thus, these t-SNE and UMAP models
are less applicative for real-time classification. Finally, we test a MiniROCKET configuration with 84 features
(standalone and with cosine similarity concatenated), with the ridge regression was used as a classifier. Table 6
summarizes the classification results. It can be seen ROCKET based methods produce the best results, and the
proposed method (sketched in Fig. 2) enjoys high accuracy with the benefit of being suited for a real-time set-
ting. The results from the miniROCKET based methods were found to be statistically significant (p-vale < 0.01)
over the STFT based methods.
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Figure 8. t-SNE and UMAP ROCKET for MiniROCKET features. (a) MiniROCKET transform followed by
t-SNE, visualization of the separation between the different movements for all five subjects (each movement
repetitions appear in different color). (b) MiniROCKET transform followed by UMAP, visualization of the
separation between the different movements for all five subjects (each movement repetitions appear in different

color).

Method Weights | Classification accuracy
STFT & t-SNE (1,0) 95.56 = 5.89%

STFT & UMAP (1,0) 89.67 £7.37%
MiniROCKET and t-SNE (1,0) 99 £ 1.83%
MiniROCKET and UMAP (1,0) 98.44 £ 2.54%
MiniROCKET and Ridge regression | (1, 0) 98.44 & 2.54%
MiniROCKET and Ridge regression (0.5,0.5) |98.33 + 2.54%

Table 6. Classification results - UCI dataset.
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Conclusion

This study presents an application of a MiniROCKET based model hand movements based on sSEMG. With
reported success of the MiniROCKET transform to other time series clasiification tasks*, we tested and adapted
this robust method and demonstrated the results on public datasets. The public dataset Ninapro DB5 was used
as low sampling rate data set recorded using a low cost electrode setup. We tested several configurations of the
MiniROCKET features, some combined with a cosine similarity matrix between the channels. As shown in
Table 2, when the number of channels is lower (8 instead of 16), the additional channel similarity feature improve
the results. Since MiniROCKET computes a large number of feature, we also evaluated the performance degrade
when a small number (84 out of 10,000) features are kept. As seen in Table 3, the results are slightly degraded, and
the cosine similarity information is needed to maintain high accuracy in this setting. The influence of the cosine
similarity matrix for the 8-channel and 16-channel setting was further plotted in Fig. 4a and b. Misclassification
was analyzed by using a confusion matrix, displayed in Fig. 5. It indicated that most of the errors occur between
movements that belong to the same category of movements, depicted errors happen in the “basic movements of
the fingers” and in the “grasping and functional movements” that are presented in see Fig. 1b.

In order to evaluate the strength of the MiniROCKET features, we compared our pipeline, which used the
ridge regression as a classifier, with other known feature sets. In particular, we show a comparison with fixed-
convolution-based time-domain feature extraction (fcTDFE), proposed in** and time-domain-based power
spectrum descriptors (TDPSD) from* in Table 4 and in Fig. 6. The MiniROCKET features show to achieve more
accurate classification results.

The same algorithm was tested on the Ninapro DB7 dataset, which includes two amputee subjects. High
classification rates are reported in Table 5, and outperform the results reported in?2, Analyzing the performance
of the two amputees alone shows that the results degrade from approximtly 97% to 87%, however, these are still
much higher than the results that were reported in*%.

Finaly, for the UCI dataset, the proposed method was compared with a different set of tools that consist of
STFT based features combined by dimension reduction. This framework was tested on this dataset in*® and
achieved a classification accuracy of 94.8% =+ 3%. Here, similar combinations of STFT with t-SNE and UMAP
resulted with slightly higher performance for t-SNE and lower performance for UMAP (as seen in the first two
rows of Table 6). Replacing STFT with the MiniROCKET features improved these results (rows 3-4 in Table 6).
Nevertheless, the use of non-linear dimension reduction methods isn't very convenient for out-of-sample exten-
sion, thus limiting the use for a real time setting. Therefor, we also tested the two variants of proposed Mini-
ROCKET and ridge regression algorithm, resulting with a classification accuracy that is slightly higher than 98%
(last two rows of Table 6), and fits a real-time setting.

For future work, it would be beneficial to test our methods on a larger data set, both subjects and repetitions
wise, and on additional datasets that contain recordings from amputees.

Data availability
Data supporting the results reported in the article are available from the corresponding author on reasonable
request.

Received: 29 September 2023; Accepted: 15 February 2024
Published online: 19 February 2024

References
1. Ahmadizadeh, C., Merhi, L.-K., Pousett, B., Sangha, S. & Menon, C. Toward intuitive prosthetic control: solving common issues
using force myography, surface electromyography, and pattern recognition in a pilot case study. IEEE Robot. Autom Mag. 24,
102-111 (2017).
2. Fougner, A,, Stavdahl, @., Kyberd, P. ], Losier, Y. G. & Parker, P. A. Control of upper limb prostheses: Terminology and proportional
myoelectric control-a review. IEEE Trans. Neural Syst. Rehabilit. Eng. 20, 663-677 (2012).
3. Farina, D. et al. The extraction of neural information from the surface EMG for the control of upper-limb prostheses: Emerging
avenues and challenges. IEEE Trans. Neural Syst. Rehabilit. Eng. 22, 797-809 (2014).
4. Pizzolato, S. et al. Comparison of six electromyography acquisition setups on hand movement classification tasks. PLoS One 12,
0186132 (2017).
5. Li, C. et al. PCA and deep learning based myoelectric grasping control of a prosthetic hand. Biomed. Eng. Online 17, 1-18 (2018).
6. Leone, F. et al. Simultaneous sSEMG classification of hand/wrist gestures and forces. Front. Neurorobot. 13, 42 (2019).
7. Junior, J. J. A. M. et al. Feature selection and dimensionality reduction: An extensive comparison in hand gesture classification by
SEMG in eight channels armband approach. Biomed. Signal Process. Control 59, 101920 (2020).
8. Cloutier, A. & Yang, J. Design, control, and sensory feedback of externally powered hand prostheses: A literature review. Crit. Rev.
Biomed. Eng. 41, 161-181 (2013).
9. Paul, S. et al. Technical advancement on various bio-signal controlled arm-a review. J. Mech. Continua Math. Sci. 13,95-111 (2018).
10. Nsugbe, E. Brain-machine and muscle-machine bio-sensing methods for gesture intent acquisition in upper-limb prosthesis
control: A review. J. Med. Eng. Technol. 45, 115-128 (2021).
11. Wilson, S. & Vaidyanathan, R. Upper-limb prosthetic control using wearable multichannel mechanomyography. In 2017 Interna-
tional Conference on Rehabilitation Robotics (ICORR), 1293-1298 (IEEE, 2017).
12. Guo, W,, Sheng, X., Liu, H. & Zhu, X. Mechanomyography assisted myoeletric sensing for upper-extremity prostheses: A hybrid
approach. IEEE Sens. . 17, 3100-3108 (2017).
13. Zhang, Y. & Xia, C. A preliminary study of classification of upper limb motions and forces based on mechanomyography. Med.
Eng. Phys. 81, 97-104 (2020).
14. Radmand, A., Scheme, E. & Englehart, K. High-density force myography: A possible alternative for upper-limb prosthetic control.
J. Rehabilit. Res. Dev. 53, 443-456 (2016).
15. Sadeghi Chegani, R. & Menon, C. Regressing grasping using force myography: An exploratory study. Biomed. Eng. Online 17, 1-22
(2018).
16. Ahmadizadeh, C., Pousett, B. & Menon, C. Investigation of channel selection for gesture classification for prosthesis control using
force myography: A case study. Front. Bioeng. Biotechnol. 7, 331 (2019).

Scientific Reports |

(2024) 14:4134 | https://doi.org/10.1038/s41598-024-54677-7 nature portfolio



www.nature.com/scientificreports/

17. Prakash, A., Sahi, A. K., Sharma, N. & Sharma, S. Force myography controlled multifunctional hand prosthesis for upper-limb
amputees. Biomed. Signal Process. Control 62, 102122 (2020).

18. Dempster, A., Petitjean, E & Webb, G. I. Rocket: Exceptionally fast and accurate time series classification using random convolu-
tional kernels. Data Min. Knowl. Discov. 34, 1454-1495 (2020).

19. Dempster, A., Schmidt, D. F. & Webb, G. I. Minirocket: A very fast (almost) deterministic transform for time series classification.
In Proc. of the 27th ACM SIGKDD Conference on Knowledge Discovery ¢~ Data Mining, 248-257 (2021).

20. Georgoulas, T., Sapsanis. semg for basic hand movements. https://archive.ics.uci.edu/dataset/313/semg+for+basic-+hand+movem
ents/ (2014).

21. Sapsanis, C., Georgoulas, G., Tzes, A. & Lymberopoulos, D. Improving emg based classification of basic hand movements using
emd. In 2013 35th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), 5754-5757
(2013).

22. Sri-lesaranusorn, P. et al. Classification of 41 hand and wrist movements via surface electromyogram using deep neural network.
Front. Bioeng. Biotechnol. 9, 548357 (2021).

23. Al-Timemy, A. H., Khushaba, R. N., Bugmann, G. & Escudero, J. Improving the performance against force variation of EMG
controlled multifunctional upper-limb prostheses for transradial amputees. IEEE Trans. Neural Syst. Rehabilit. Eng. 24, 650-661
(2015).

24. Khushaba, R. N., Al-Timemy, A. H., Samuel, O. W. & Scheme, E. . Myoelectric control with fixed convolution-based time-domain
feature extraction: Exploring the spatio-temporal interaction. IEEE Trans. Hum. Mach. Syst. 52, 1247-1257 (2022).

25. Finley, F. R. & Wirta, R. W. Myocoder studies of multiple myopotential response. Arch. Phys. Med. Rehabilit. 48, 598-601 (1967).

26. Phinyomark, A., Phukpattaranont, P. & Limsakul, C. Feature reduction and selection for EMG signal classification. Expert Syst.
Appl. 39, 7420-7431 (2012).

27. Phinyomark, A. et al. EMG feature evaluation for improving myoelectric pattern recognition robustness. Expert Syst. Appl. 40,
4832-4840 (2013).

28. Zhang, X. & Zhou, P. Sample entropy analysis of surface EMG for improved muscle activity onset detection against spurious
background spikes. J. Electromyogr. Kinesiol. 22,901-907 (2012).

29. Oskoei, M. A. & Hu, H. Support vector machine-based classification scheme for myoelectric control applied to upper limb. IEEE
Trans. Biomed. Eng. 55, 1956-1965 (2008).

30. Phinyomark, A. et al. Navigating features: A topologically informed chart of electromyographic features space. J. R. Soc. Interface
14,20170734 (2017).

31. Gijsberts, A., Atzori, M., Castellini, C., Miiller, H. & Caputo, B. Movement error rate for evaluation of machine learning methods
for SEMG-based hand movement classification. IEEE Trans. Neural Syst. Rehabilit. Eng. 22, 735-744 (2014).

32. Kuzborskij, L, Gijsberts, A. & Caputo, B. On the challenge of classifying 52 hand movements from surface electromyography. In
2012 Annual International Conference of the IEEE Engineering in Medicine and Biology Society, 4931-4937 (IEEE, 2012).

33. Hudgins, B., Parker, P. & Scott, R. N. A new strategy for multifunction myoelectric control. IEEE Trans. Biomed. Eng. 40, 82-94
(1993).

34. Khushaba, R. N., Takruri, M., Miro, J. V. & Kodagoda, S. Towards limb position invariant myoelectric pattern recognition using
time-dependent spectral features. Neural Netw. 55, 42-58 (2014).

35. Jiang, X. et al. Optimization of HD-sEMG-based cross-day hand gesture classification by optimal feature extraction and data
augmentation. IEEE Trans. Hum.-Mach. Syst. 52, 1281-1291 (2022).

36. Rabin, N., Kahlon, M., Malayev, S. & Ratnovsky, A. Classification of human hand movements based on EMG signals using nonlinear
dimensionality reduction and data fusion techniques. Expert Syst. Appl. 149, 113281 (2020).

37. Shi, X,, Qin, P, Zhu, J., Zhai, M. & Shi, W. Feature extraction and classification of lower limb motion based on sEMG signals. IEEE
Access 8,132882-132892 (2020).

38. Al-Taee, A. A., Khushaba, R. N., Zia, T. & Al-Jumaily, A. Feature extraction using wavelet scattering transform coefficients for emg
pattern classification. In Australasian Joint Conference on Artificial Intelligence, 181-189 (Springer, 2022).

39. Zhai, X., Jelfs, B., Chan, R. H. & Tin, C. Self-recalibrating surface EMG pattern recognition for neuroprosthesis control based on
convolutional neural network. Front. Neurosci. 11, 379 (2017).

40. Karnam, N. K,, Dubey, S. R., Turlapaty, A. C. & Gokaraju, B. Emghandnet: A hybrid CNN and bi-ISTM architecture for hand
activity classification using surface EMG signals. Biocybern. Biomed. Eng. 42, 325-340 (2022).

41. Shen, S., Wang, X., Mao, E, Sun, L. & Gu, M. Movements classification through sEMG with convolutional vision transformer and
stacking ensemble learning. IEEE Sens. J. 22, 13318-13325 (2022).

42. Jabbari, M., Khushaba, R. & Nazarpour, K. Spatio-temporal warping for myoelectric control: An offline, feasibility study. J. Neural
Eng. 18, 066028 (2021).

43. Ye, L. & Keogh, E. Time series shapelets: A novel technique that allows accurate, interpretable and fast classification. Data Min.
Knowl. Discov. 22, 149-182 (2011).

44. Han, B., Zhang, H., Sun, M. & Wu, E. A new bearing fault diagnosis method based on capsule network and Markov transition field/
Gramian angular field. Sensors 21, 7762 (2021).

45. Sun, W, Zhou, J., Sun, B., Zhou, Y. & Jiang, Y. Markov transition field enhanced deep domain adaptation network for milling tool
condition monitoring. Micromachines 13, 873 (2022).

46. Li, R. et al. Emotion stimuli-based surface electromyography signal classification employing Markov transition field and deep
neural networks. Measurement 189, 110470 (2022).

47. Zou, X., Zheng, X,, Ji, C. & Zhang, Y. An improved fast shapelet selection algorithm and its application to pervasive EEG. Pers.
Ubiquitous Comput. 26, 1-13 (2021).

48. Yang, C.-L., Chen, Z.-X. & Yang, C.-Y. Sensor classification using convolutional neural network by encoding multivariate time
series as two-dimensional colored images. Sensors 20, 168 (2019).

49. Ruiz, A. P, Flynn, M., Large, J., Middlehurst, M. & Bagnall, A. The great multivariate time series classification bake off: A review
and experimental evaluation of recent algorithmic advances. Data Min. Knowl. Discov. 35, 401-449 (2021).

50. Arashi, M., Saleh, A. M. E. & Kibria, B. G. Theory of Ridge Regression Estimation with Applications (Wiley, 2019).

51. Van der Maaten, L. & Hinton, G. Visualizing data using t-sne. J. Mach. Learn. Res. 9, 2579-2605 (2008).

52. Mclnnes, L., Healy, J. & Melville, J. Umap: Uniform manifold approximation and projection for dimension reduction. arxiv 2018.
Preprint at http://arxiv.org/abs/1802.03426 (1802).

Acknowledgements

The authors would like to thank the anonymous referees for their insightful comments and valuable suggestions
that significantly contributed to the improvement of this paper. The first named author was partially supported
by ISF grant 784/20.

Scientific Reports |

(2024) 14:4134 | https://doi.org/10.1038/s41598-024-54677-7 nature portfolio


https://archive.ics.uci.edu/dataset/313/semg+for+basic+hand+movements/
https://archive.ics.uci.edu/dataset/313/semg+for+basic+hand+movements/

www.nature.com/scientificreports/

Author contributions

D.O. Methodology, Software, Writing - Original draft. A.S. Conceptualization, Methodology, Writing - Original
draft and final manuscript preparation. N.R. Conceptualization, Methodology, Writing - Original draft and final
manuscript preparation.

Competing interests
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to A.S.

Reprints and permissions information is available at www.nature.com/reprints.

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

Open Access This article is licensed under a Creative Commons Attribution 4.0 International

License, which permits use, sharing, adaptation, distribution and reproduction in any medium or
format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the
Creative Commons licence, and indicate if changes were made. The images or other third party material in this
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the
material. If material is not included in the article’s Creative Commons licence and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

© The Author(s) 2024

Scientific Reports |  (2024) 14:4134 | https://doi.org/10.1038/s41598-024-54677-7 nature portfolio


www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Classification of hand and wrist movements via surface electromyogram using the random convolutional kernels transform
	Related work
	Methods
	ROCKET and MiniROCKET
	Cosine similarity
	Ridge regression and classification
	The dataset

	ROCKET based classification of sEMG hand and wrist movements
	Experimental results
	Results for the NinaPro datasets
	Results for the UCI dataset

	Conclusion
	References
	Acknowledgements


