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The performance of myoelectric control highly depends on the features extracted from surface electromyographic (sEMG) signals. We propose three new sEMG features based on the kernel density estimation. The trimmed mean of density (TMD), the entropy of density, and the trimmed mean absolute value of derivative density were computed for each sEMG channel. These features were tested for the classification of single tasks as well as of two tasks concurrently performed. For single tasks, correlation-based feature selection was used, and the features were then classified using linear discriminant analysis (LDA), non-linear support vector machines, and multi-layer perceptron. The eXtreme gradient boosting (XGBoost) classifier was used for the classification of two movements simultaneously performed. The second and third versions of the Ninapro dataset (conventional control) and Ameri’s movement dataset (simultaneous control) were used to test the proposed features. For the Ninapro dataset, the overall accuracy of LDA using the TMD feature was 98.99 ± 1.36% and 92.25 ± 9.48% for able-bodied and amputee subjects, respectively. Using ensemble learning of the three classifiers, the average macro and micro-F-score, macro recall, and precision on the validation sets were 98.23 ± 2.02, 98.32 ± 1.93, 98.32 ± 1.93, and 98.88 ± 1.31%, respectively, for the intact subjects. The movement misclassification percentage was 1.75 ± 1.73 and 3.44 ± 2.23 for the intact subjects and amputees. The proposed features were significantly correlated with the movement classes [Generalized Linear Model (GLM); P-value < 0.05]. An accurate online implementation of the proposed algorithm was also presented. For the simultaneous control, the overall accuracy was 99.71 ± 0.08 and 97.85 ± 0.10 for the XGBoost and LDA classifiers, respectively. The proposed features are thus promising for conventional and simultaneous myoelectric control.
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INTRODUCTION

The electromyographic (EMG) signal is the electrical manifestation of the neuromuscular activation when muscles contract (Raez et al., 2006). The non-invasive EMG (surface EMG, sEMG) finds applications in rehabilitation (Parker et al., 2006), sport science (Clarys, 2000), kinesiology and ergonomics (Hogrel, 2005), muscle architecture identification (Marateb et al., 2016), neuromuscular pathology (Haig et al., 1996), and neurological disease diagnosis (Zwarts et al., 2000). Among the applications in rehabilitation technology, the myocontrol of active upper limb prostheses has a relevant clinical impact. For this purpose, sEMG provides information on the neural control of the motor intention of the users (Jordanic et al., 2016). However, although current robotic technology has reached a satisfactory level, EMG-based controlling schemes are still coarse.

One paradigm for myoelectric control is pattern recognition. Pattern recognition systems are trained to recognize patterns from the sEMG and select the corresponding function to execute. This control scheme assumes that sEMG features recorded from a given electrode location are repeatable for a given state of muscle group activation and are different from one state of activation to another (Ameri et al., 2014).

In sEMG pattern recognition research, several features and classifiers have been tested. For example, Zardoshti-Kermani et al. (1995) evaluated a feature extraction method called histogram and proved that its accuracy for classifying three movements was approximately 95%. Boostani and Moradi (2003) selected the best feature set from 19 features that included wavelet coefficients to classify 15 movements and observed that the energy of wavelet coefficients and the cepstrum coefficients led to the best performance. Yonghong and Englehart used a Gaussian Mixture Model (GMM) and the combination of Root-Mean-Square (RMS) and Auto-Regressive (AR) features to discriminate between six hand movements with an average accuracy of 96.26%. Atzori et al. systematically evaluated seven feature sets and five classifiers on 27 intact subjects performing 52 hand, wrist, and forearm movements. They showed that simple time-domain features, as proposed originally by Hudgins et al. (1993), performed as well as complex and computationally more demanding features, such as marginal discrete wavelet transform (mDWT) and Short-Time Fourier Transform (STFT). Nonetheless, for 52 movements, the classification accuracy was below 80% in the best case (Atzori et al., 2015). AbdelMaseeh et al. (2016) extracted multi-channel EMG activation trajectories and classified the extracted trajectories using a metric based on multi-dimensional dynamic time warping. They evaluated their proposed method on the second version of the NinaPro dataset, with an overall accuracy of 89% for classifying 40 movements. Ameri et al. applied a customized transfer learning method based on Convolutional Neural Network (CNN), pretrained without electrode shift, and tested on 2.5 cm electrode displacement during flexion-extension and pronation-supination. Using ten channels, the error rate of 21.5 ± 2.3% and 46.0 ± 4.1% were obtained for flexion-extension and pronation-supination (Ameri et al., 2020). Marano et al. (2021) showed that inter- and intra-subject domain adaptation does not significantly improve movement classification accuracy in NinaPro DB2, DB3, and DB6 datasets regardless of the transfer learning method. Triwiyanto et al. (2020) optimized CNN’s hyperparameters, such as the number of convolution layer filters, type of optimizer, and dropout and achieved an accuracy ranging 77 and 93% for 10-class gesture classification in different motion ranges. Sri-Iesaranusorn et al. (2021) used a feed-forward deep neural network model for the classification of 41 hand and wrist movements of DB5, and DB7 (Ninapro project), and achieved an overall accuracy of 93.87 ± 1.49 and 91.69 ± 4.68%, respectively.

In addition to the above representative examples, there have been many more attempts to compare the efficacy of various feature sets (Hudgins et al., 1993; Englehart et al., 1999) or classifiers (Atzori et al., 2015, 2016). Scheme and Englehart (2011) provided a comprehensive review of pattern recognition methods for myoelectric control. In general, few novel features have been proposed with respect to the classic time-domain features, and when compared to the time-domain features, new features usually did not substantially improve the performance. With these approaches, classification accuracy is usually reported as approximately 95% for up to 10 classes. However, it decreases substantially with increasing the number of classes.

Results on EMG pattern recognition are mostly reported for able-bodied individuals, with relatively few evaluations on amputees. Because of stump conditions, the performance of EMG pattern recognition usually reduces substantially for amputees with respect to able-bodied subjects. For example, Atzori et al. (2014a) evaluated their benchmark on 11 hand-amputated subjects and reported an average classification accuracy for 50 movements of <50%, which did not improve when using deep learning (Atzori et al., 2016).

This study proposes new sEMG features to enhance the classification accuracy for a high number of hand movements. We present three new features based on the Kernel Density Estimation (KDE) of sEMG signals used for ensemble learning. Using these features on 40 intact subjects and 11 amputees for discriminating 40 movements, we prove a substantial improvement with respect to the state-of-the-art. Moreover, because daily activities require simultaneous control of more than one movement (Iqbal et al., 2018), we further tested the performance of the proposed features in detecting simultaneous movements.

The paper is organized as follows: in the next section, the experimental protocol, the pattern recognition methods used in this study, and the validation framework are presented. Section Results describes the results of the proposed movement detection algorithm. Finally, the conclusion is summarized in Section Discussion.



MATERIALS AND METHODS


Ninapro Database


Ninapro V.2

The second version of the Ninapro database was used for reporting results on conventional myoelectric control. This dataset provided a benchmark for hand prosthesis evaluation on intact subjects (Atzori et al., 2014a,2015; Gijsberts et al., 2014). The database consists of recordings with 12 sEMG wireless double-differential (DD) electrodes (DelsysTringo Wireless System; OttoBock MyoBock 13E200 sEMG electrodes) at the sampling rate of 2 ksps, with the baseline noise <750 nV RMS. Eight DD electrodes were equally spaced around the forearm at the level of the radio-humeral joint; two electrodes were placed on the main activity spots of the flexor digitorum superficialis and the extensor digitorum superficialis, and the last two electrodes were located on the main activity spots of the biceps brachii and of the triceps brachii. The main activity spots were identified by palpation (Gijsberts et al., 2014). This database contained data obtained from 40 intact subjects (70% men, 85% right-handed; age 29.9 ± 3.9 years; weight 70.9 ± 14.2 kg; height 172.8 ± 10.4 cm). The subjects were seated at a desk during the acquisitions, resting their arm comfortably on a desk. A laptop provided visual stimuli in front of the subject while recording the sEMG signals. Each subject performed six repetitions of 40 hand movements (Figure 1). Each movement lasted 5 s followed by 3 s rest.
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FIGURE 1. Forty movements included in the acquisition protocol. (A) Isometric, isotonic hand configurations (“hand postures”). (B) Basic movements of the wrist. (C) Grasping and functional movements [modified from Atzori et al. (2014a), with permission].




Ninapro V.3

The third Ninapro database (Atzori et al., 2014a) contains data obtained from 11 trans-radial amputated subjects (11 males; 10 right-handed, one left-handed; age 42.36 ± 11.96 years; weight 79 ± 8.4 kg; height 176.9 ± 5.7). This dataset provided a benchmark for hand prosthesis evaluation on amputees (Atzori et al., 2014a,b). Amputees were asked to think to repeat the movements as naturally as possible with the missing limb. It is important to remark that amputees cannot, in general, produce reliable ground truth. In related literature, this fundamental problem has been circumvented either by (a) instructing the subjects to execute a task bilaterally while recording the ground truth from the intact limb or by (b) asking them to follow a visual stimulus (to think to repeat) (either on a screen or performed by the experimenter) (Nielsen et al., 2011). There is no consensus on the best procedure, so each subject was left free to choose after a short training phase, which resulted in only two subjects undergoing bilateral execution. As a result, the database contains only the stimulus as ground truth for the rest of the amputees. Analyses with the stimulus as ground truth have already been successfully performed [for example, see ref. Nielsen et al. (2011)]. The experimental protocol was the same as the intact subjects for the other details (Atzori et al., 2014a). Since the data for the first amputee was only available in 29 movements, it was excluded from the analysis resulting in 10 total amputees.

All intact subjects and amputees gave informed consent to the experimental procedure. The experimental protocol was approved by the Ethics Commission of the Canton Valais (Switzerland) and conformed to the Declaration of Helsinki (Atzori et al., 2014a).




Simultaneous Movement Detection

In addition to the Ninapro database, a database recorded by Ameri et al. (2018) was used to report the performance of proposed features on the detection of simultaneous movements. This database was obtained from 17 intact subjects (15 right-handed; age 29.5 ± 3.7 years). The sEMG signals were recorded with eight bipolar electrodes, which were equally spaced around the forearm. The sampling rate of data was 1.2 kHz. Four movements, including flexion, extension, pronation, supination, and simultaneous combinations of two movements, were considered in this data set. Four repetitions of 3 s were collected for each motion (Ameri et al., 2018).



Pre-processing

For Ninapro datasets, signals were digitally band-pass filtered using a fourth-order Butterworth filter with 20 and 500 Hz cut-off frequencies. The signal in each channel was then standardized to have zero mean with unit standard deviation. The outliers were detected in each channel using the 3-sigma rule and then removed from the dataset. Windowing was performed on the signal with a fixed size of 400 ms and an overlap of 100 ms (Gijsberts et al., 2014).

Signals collected by Ameri were filtered using an eight-order Butterworth band-pass filter with cut-off frequencies of 5 and 500 Hz. The feature extraction was based on windows of 160 ms with an increment of 40 ms (Ameri et al., 2018).



Feature Extraction

The proposed features were calculated based on the Kernel Density Estimation (KDE) of each channel’s time samples of sEMG signals. The application of KDE in movement detection was inspired by the application of histogram, with a predefined number of bins, as proposed by Zardoshti-Kermani et al. (1995). The KDE extends the Histogram method, as described in the following.


Kernel Density Estimation

Density estimation is an essential tool in statistics and machine learning. It is divided into parametric and non-parametric methods. Parametric density estimation refers to methods in which the data are drawn from one of the known distribution families, and the goal of estimation is finding the parameters of the distribution from the given data (Silverman, 1986). On the other hand, there is no assumption about data distribution in the non-parametric approach (Botev et al., 2010). The histogram is the simplest non-parametric density estimation method. It is highly dependent on the number of bins and bin edges.

Moreover, it is not possible to estimate its derivatives. The KDE was proposed to overcome these drawbacks (Silverman, 1986). The task of KDE is to compute a density estimate based on n i.i.d. samples x1…xn ∈ R drawn from an unknown density function f:
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where K is the kernel function, such that K(u) ≥ 0 and h ∈ R is the bandwidth parameter of the kernel. The selection of an appropriate kernel function and its bandwidth parameter has been discussed in the literature (Heidenreich et al., 2013).

The most common data-driven bandwidth selection technique, the plug-in method (Jones et al., 1996), is dependent on the normal reference rule. Moreover, the popular Gaussian kernel density estimator lacks local adaptivity and is sensitive to outliers. Also, most kernel estimators suffer from boundary bias when, for example, the data is non-negative (Botev et al., 2010). Botev et al. (2010) introduced an adaptive kernel density estimation method based on the smoothing properties of the linear diffusion procedure. The idea is to view the kernel from which the estimator is constructed as the transition density of a diffusion process. It incorporates information from a pilot density and then estimates the final density by the general linear diffusion procedure (Botev et al., 2010). This method has an improved plug-in bandwidth selection approach that avoids the standard reference rules deteriorating the performance of plug-in methods. Moreover, since the KDE method proposed by Botev et al. (2010) does not require an optimization procedure to compute the bandwidth parameter, it is fast and suitable for online analyses.

In addition to the proposed kernel derivative, three other methods were also used to compare this study. The first-order difference operator was first used as represented in Equation (2);
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where xi is the kernel sample, and Ts is the sampling time. This formula approximates the continuous-time derivation. However, it amplifies the high-frequency fluctuations if presented in the kernel density output. The point central difference operator (also known as three-point Lagrange derivative) (Marble et al., 1981) was further used. In this method, two consecutive outputs of the first-order difference are averaged using Equation (3):
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The direct KDE proposed by Sasaki et al. (2014) was also used. Assuming that n i.i.d. samples [image: image] driven from unknown density p(x), belonging to Rd are available, the goal is to estimate the kth order (partial) derivative of P(x).
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where ji ∈ {0, 1,…, k}, j1 + j2 + … + jd = k and d is the dimension of x. in a case, when k = 2 and d = 2, pk,j(x) corresponds to the Hessian matrix of p(x) as follow:
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In this method, the kth order derivative of density Pk(x) is modeled by the pilot function gk(x). Then, the pilot function is learned to minimize the mean integrated square error (MISE) criterion, as shown in Equation (6):
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where Jj(gk, j) is the mean integrated square error, finally, a density derivative estimator gk,j(x) is obtained by minimizing the expression (5) (Sasaki et al., 2014).

In this study, sEMG samples over predefined windows were used for KDE. The time samples of the sEMG signal in each channel for each repetition of each movement were divided into three equal time windows during the contraction, and their density was computed over the middle window. After this step, three feature sets were computed from the estimated density, as detailed in the following.



Trimmed Mean of the density

The central tendency of the density values obtained by KDE was estimated using the trimmed mean operator. Random variables with asymmetric distributions have many applications in non-stationary signal processing. Due to discrepant values in samples, the standard sample mean is not a robust parameter. Various methods have been proposed in the literature to improve the stability of the sample mean (Horn and Kafadar, 2006). A standard method is based on removing the larger or smaller observations than certain limits and then computing the mean of the remaining observations, as in Equation (7) (Burdett, 1996).
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where lowerth is the lower limit and higherth is the higher limit for the mean calculation. Our study removed 5% of the data in the low range and 5% in the high range.



The Entropy of the Density

The complexity of the density values was assessed using the Approximate Entropy (ApEn) (Pincus, 1991). The ApEn determines the conditional probability of similarity between a chosen data segment of a given duration and the next set of segments of the same duration; the higher the probability, the smaller the ApEn value, indicating less complex data. We used ApEn of the estimated density of the sEMG signal. Calculating ApEn requires prior determination of two unknown parameters: m, the embedding dimension, and r, the tolerance value. These parameters are usually estimated based on an exhaustive search, which is time-consuming. Conversely, in this study, we used the fast heuristic stochastic tuning approach proposed by Chon et al. (2009).



Trimmed Mean Absolute Value of the Density Derivative

The density derivative, a versatile tool in statistical data analysis, has been previously used for mean shift clustering in image processing (Duong et al., 2016) and nearest-neighbor Kullback-Leibler (KL) divergence approximation for feature selection (Tangkaratt et al., 2015) in machine learning. A traditional approach is the computation of the derivate of the density values obtained by KDE. Although the direct kernel density derivative estimator (KDDE) proposed by Sasaki et al. (2014) is a suitable choice for the kernel derivation, its computational complexity is high. Therefore, we used a simple estimator for density derivative by computing the gradient of the kernel density estimation (Schuster, 1969; Jordanić et al., 2017), which has less complexity and comparable performance. When the kernel K is differentiable r times, then the rth density derivative estimate [image: image] of f can be computed as Equation (8):
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where K(r) is the rth derivative of the kernel K.

A widely used kernel is the Gaussian kernel with zero mean and unit variance, that is [image: image]. We used the Gaussian kernel so that the entire rth derivatives could be easily estimated through the rth derivative of the kernel estimate. A similar algorithm can be derived for other kernels as well. The rth derivative of the Gaussian kernel K(u) is given by K(r) (x) = (−1)r Hr(x) K(x), where Hr(x) is the rth Hermite polynomial. Hence, from Equation (8), the density derivative estimate with the Gaussian kernel can be written as Equation (9):
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where r indicates the degree of derivation, h is the estimated bandwidth of the kernel, x is the vector of samples, and n is the number of samples.

The trimmed mean absolute value of the kernel derivative was used as a feature. The trimming parameters were the same as for the trimmed mean of the density.

The new sEMG features were compared with classic features as well as wavelet features. The classic features included the Root Mean Square (RMS), the Waveform Length (WL) (Boostani and Moradi, 2003), and the Mean Absolute Value (MAV). The wavelet features were the energies of the Discrete Wavelet Transform (DWT) coefficients of the EMG signals over three scales, using the sym4 as mother wavelet (Boostani and Moradi, 2003).




Classification


Conventional (Sequential) Control


Feature Selection for Ensemble Learning

The features were extracted from the middle sEMG epoch for each of the 12 channels. The sEMG signals recorded from nearby channels are usually correlated. Moreover, the recorded data may contain either redundant or irrelevant features and can thus be removed. For this purpose, we used a filter-based feature selection method, Correlation-based feature selection (CFS), which uses a heuristic based on correlation to evaluate the importance of the features (Hall, 2000). This method hypothesizes that good feature subsets contain highly correlated features with the class yet uncorrelated with each other. Based on this hypothesis, the heuristic is formalized as follow:
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where Merits is the heuristic “merit” of a feature subset S containing k features, [image: image] the average feature-class correlation, and [image: image] the average feature-feature inter-correlation. In order to find the best subset, CFS uses a heuristic search known as Best First (Rich and Knight, 1991) to evaluate its usefulness. CFS thus first calculates a matrix of feature-class and feature-feature correlations from the data and then searches the feature subset space using the best first search. The best first search starts with an empty set of features and generates all possible single feature expansions. The subset with the highest evaluation is chosen and expanded in the same manner by adding single features. If expanding subset results in no improvement, the search drops back to the following best-unexpanded subset and continues from there. The best subset found is returned when the search terminates. CFS uses a stopping criterion of five consecutive fully expanded non-improving subsets (Hall, 2000). CFS usually outperforms the wrapper methods on small datasets, such as our sEMG dataset, based on accuracy and efficiency.



Classification and Ensemble Learning

As the focus of this study is to introduce new features, commonly used classifiers were applied as a base learner for Ensemble learning. These were Linear Discriminant Analysis (LDA), Support Vector Machine (SVM), and Multi-Layer Perceptron (MLP). An ensemble of classifiers is a set of classifiers whose individual decisions are combined to obtain a system to outperform each of its members. The ensemble members, known as base learners or base classifiers, must be both accurate and diverse to achieve this goal. A classifier is accurate if its classification error is lower than obtained when the classes are assigned randomly. Two classifiers are diverse if they make errors on different instances.

In our analysis, an MLP with one hidden layer was trained with the Back Propagation algorithm. The number of neurons in the hidden layer was set to 15 based on trial and error, and its activation function was the tangent sigmoid function for the hidden layer and linear function for the output layer.

Non-linear SVM was applied with the radial basis function (RBF) kernel. The soft-margin parameter and the radius of the RBF kernel were set with the method proposed by Wu and Wang (2009).

For each classifier, the class output, and the posterior probability matrix, the degree of decision making given to each class, were derived. The Behavioral Knowledge Space (BKS) method was used for combining the output of the base learners [for review see Polikar (2006)].




Simultaneous Control

To enhance the performance of myoelectric prostheses, it is essential to control multiple tasks simultaneously. For this reason, the features proposed in this study were used to classify simultaneous movements. This section used the database registered by Ameri motion (Ameri et al., 2018).


Classification

The XGBoost (eXtreme Gradient Boosting) algorithm was used to classify simultaneous movements. The XGBoost algorithm is an implementation of the decision tree gradient boosting designed for high speed and performance. Due to the fast learning and efficient memory, this algorithm was chosen. This algorithm combines several weak predictors to create a robust classifier (Swamynathan, 2017; Nguyen et al., 2020).

Parameters of the XGBoost were selected by testing the accuracy under different estimator numbers, maximum tree depths, and learning rate. The number of boosted trees was set to 600 (estimators). Furthermore, the maximum tree depth and learning rate were set to 18 and 0.1, respectively.




Performance Evaluation

The performance of the proposed classification system was assessed in terms of accuracy and the number of subjects with at least one wholly misclassified movement. For each movement class Ci (i ϵ{1,…, c}; c = the number of classes), the following parameters were extracted based on the traditional signal detection theory (Sokolova and Lapalme, 2009):

True Positive (TPi): the number of samples correctly identified as class Ci;

True Negative (TNi): the number of samples correctly identified as any class except the class Ci;

False Positive (FPi); the number of samples incorrectly identified as class Ci;

False Negative (FNi); the number of samples belong to class Ci but incorrectly assigned to other classes;
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For each subject, the overall validity of the proposed multi-class classification system was assessed using the micro (Fmicro) and macro (Fmacro) averaged F-scores and the overall accuracy. The macro averaged F-score is the average of the entire F-scores calculated for the entire classes (Equation 14) while, the micro averaged F-score is assessed by calculating the F-score over the micro averaged Precision (PRu) and Recall (RLu) (Equations 15, 16; Sokolova and Lapalme, 2009). The overall accuracy was then calculated as the sum of the diagonal elements of the multi-class confusion matrix divided by the sum of the entire confusion matrix elements. It is easily shown that Fmicro, PRu, RLu, and the overall accuracy measure are identical.
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Theoretically, when at least one of the movements is completely misclassified in a fold (i.e., TP = 0 in the entire two recording repetitions), the macro averaged F-score (Fmacro) could not be calculated (shown as NaN in the results). The number of subjects with at least one misclassified movement was then determined based on this measure. In these cases, the number of correctly classified movements was reported for each subject.

Repeated hold out (N = 3) validation method was used to assess the classifier’s performance in the conventional myoelectric control. The repeated method was used in order to overcome a possible pessimistically biased error estimate. For each subject, the data were split into two mutually exclusive training (four repetitions data) and test sets (two repetitions data), that is twofolds (Gijsberts et al., 2014). Such validation was repeated three times (Split1, Split2, Split3) by changing the permutation of the recorded data repetitions as below (Gijsberts et al., 2014):

Split1: test set = {Rep1, Rep4}, training set = {Rep2, Rep3, Rep5, Rep6}.

Split2: test set = {Rep2, Rep5}, training set = {Rep1, Rep3, Rep4, Rep6}.

Split3: test set = {Rep3, Rep6}, training set = {Rep1, Rep2, Rep4, Rep5}.

Where Repi represents the ith repetition of each movement. The results of different folds were then averaged for each movement.

For Ameri’s dataset, a fourfolds cross-validation method was used. The data was divided equally into fourfolds, threefolds were used for training while the remaining fold was used for evaluation, and this procedure continued until the entire folds were tested.




Statistical Analysis

All statistical analyses and calculations were performed using the SPSS statistical package, version 18.0 (SPSS Inc., Chicago, IL, United States). Data are reported as means ± standard deviation. The normality of the data was checked using the Kolmogorov–Smirnov test. The Generalized Linear Model (GLM) was used for assessing the correlation between the proposed features and the movement classes. The association between the movement classification and the remaining forearm was assessed using the partial correlation, controlling for the DASH (Disability of the Arm, Shoulder and Hand) score (Atzori et al., 2014a). We used Generalized Estimating Equation (GEE) method (Hardin and Hilbe, 2014) for modeling factors associated with repeated responses [i.e., overall accuracy of the proposed classification system in different movement class categories (Figure 1)]. A Kruskal–Wallis (KW) one-way analysis of variance was used to test for differences in the overall accuracy of the LDA classifier using trimmed mean absolute value of derivative density (TMAVDD) feature calculated using different kernel derivative estimation methods. When KW identified a significant difference, the Mann–Whitney U-test with Bonferroni correction was used for pair-wise comparisons. Fleiss’ kappa (Gwet, 2014), a statistical measure for assessing the reliability of agreement between the output of the ensemble classification system and that of the gold standard, was calculated on the pooled test-set confusion matrices on the analyzed threefolds in the intact and amputee subjects. McNemar’s test (MN) was used to compare different classifiers to identify whether one classifier statistically significantly outperforms the other (Dietterich, 1998). A two-sided P-value of < 0.05 was considered statistically significant. Finally, the proposed movement detection system was implemented using Matlab and Statistics Toolbox Release 2011a (The MathWorks, Inc., Natick, Massachusetts, United States).




RESULTS


Ninapro Database

The features trimmed mean of density (TMD), TMAVDD, and entropy of density (ED) were extracted from each channel to obtain a feature vector in 36 dimensions. The number of features was reduced using the CFS method ranging from 17 to 29. Such features were then randomly distributed to the base learner classifiers. The performance of the proposed ensemble classification system for each subject is shown in Supplementary Tables 1, 2 for intact and amputee subjects, respectively.

For intact subjects (dataset 2), overall, in the training set, the average (micro) F-Score, and (macro) F-Score across the full subject sample were 99.96 ± 0.19, and 99.99 ± 0.01 in percent, respectively. These values for the test set were 98.32 ± 1.93, and 98.23 ± 2.02 in percent, respectively.

For amputees (dataset 3), in the training set, the average (micro) Fscore, and (macro) Fscore across the entire subject sample were 97.65 ± 3.2, and 99.88 ± 0.16 in percent. Such values for the test set were 90.25 ± 10.5 and 99.5 ± 0.53 in percent, respectively. The partial correlation between (micro) Fscore and the remaining forearm (%) was 0.752 (P-value = 0.020).

Fleiss’ kappa (inter-rater reliability) for the movement detection in intact and amputee subjects were 0.9660 [C.I. 95%: (0.9659–0.9661)] and 0.8123 [C.I. 95%: (0.8119–0.8126)], respectively (P-value < 0.001). It thus showed “almost perfect agreement” between the output of the ensemble classifier and that of the gold standard, indicating the observed agreement was not accidental in the entire subjects (Fleiss et al., 2013).

The performance of the proposed classification system was further assessed based on the total misclassification for a specific movement for the entire subject sample, sets (training and test), and six repetitions (Table 1). In fact, instead of analyzing each fold, including two recording repetitions, each repetition was analyzed. Overall, the average misclassified movements, and their percentage in the entire recordings were 1.40 ± 1.38 and 1.75 ± 1.73 (%), respectively, in the entire recording sets and subjects.


TABLE 1. The number of misclassifications for each movement in each hold out repetition scenario.
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Eighty percent of the movements had less than four misclassified cases in the entire validation folds and subjects for intact subjects. The overall performance of the proposed algorithm for the class categories (b: movement classes 9–17) and (c: classes 18–40) was similar but was statistically significantly lower than that of the category (a: classes 1–8) (GEE; P-value < 0.05). For amputee subjects, 83% of the movements had less than seven misclassified cases in the entire validation folds and subjects. The overall performance of the proposed algorithm for the class categories (b: movement classes 9–17) and (c: classes 18–40) was similar but was statistically significantly lower than that of the category (a: classes 1–8) (GEE; P-value < 0.05).

The performance of the proposed system was compared with that of other commonly used methods and features in terms of the number of subjects with at least one completely misclassified movement in a validation fold (Table 2). DWT features were calculated using the Symlet mother wavelet with three vanishing moments up to the third level decomposition (Boostani and Moradi, 2003). DWT (with LDA classifier) showed better performance (11 misclassifications).


TABLE 2. The comparison between different methods in terms of the number of subjects with at least one completely misclassified movement in a validation fold in intact subjects.
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Supplementary Figure 1 shows the number of ideally classified movements in each intact subject’s best and worst folds. For the intact subjects, at least 28 movements were ideally classified, while for the amputees, excluding subject six, a number of 15 movements were ideally classified in the entire analysis folds. Moreover, the performance of the proposed classification system was assessed on each movement of the entire intact subjects (Supplementary Figure 2). A similar plot was provided for the amputees (Supplementary Figure 3).

The effect of ensemble learning to improve the performance of the proposed classification system was shown in Figure 2 over intact subjects. The three new features ED, TMAVDD, and TMD were first separately used with the LDA and SVM classifiers in this figure. LDA with TMD showed the best performance with average accuracy (98.99 ± 1.36). Ensemble learning not only improved the average accuracy (99.91 ± 0.10), but it also reduced the number of cases with at least one completely misclassified movement in a validation fold from 4 to 0 (Table 2).


[image: image]

FIGURE 2. The overall classification accuracy of three new features individually as well as their combination (A), and classic features (B) in the whole and also middle period of recording in the intact subjects. Individual features were classified using linear discriminant analysis (LDA) and support vector machine (SVM), and ensemble of LDA, SVM, and multi-layer perceptron (MLP) classifiers. The results of the MLP classifier were not shown as they were very low, compared to those of LDA and SVM. Error bars show standard deviation over the test folds. WL, waveform length; MAV, mean absolute value; RMS, root mean square; DWT, discrete wavelet transform; ED, Entropy of density; TMD, Trimmed Mean of Density; TMAVDD, trimmed mean absolute value of derivative density.


The class discrimination capability of the first proposed feature (TMD) was shown compared to that of DWT in Figure 3. The proposed movement detection algorithm showed an overall accuracy of 99.91 ± 0.10 across the entire subject sample and movements. No movement was missed entirely in a validation fold that includes two recording data repetitions (Table 2). Each analyzed fold was further examined, and the average misclassified movements in the entire recordings were 1.40 ± 1.38 for intact subjects. The success of the proposed algorithm was highly dependent on the extracted features and ensemble learning.


[image: image]

FIGURE 3. The scatter plot of the features trimmed mean of density (TMD) (A) and discrete wavelet transform (DWT) (B) in the second versus first recording channels in a subject. Features related to a specific movement calculated at different recording data repetitions were grouped on the left panel. The color bar shows the colors assigned to each recording channel.


The reduction in the feature vector in each recording electrode compared to that of commonly used features resulted in higher accuracy (Figure 2) and reduced the number of misclassified movements (Tables 1, 2). Meanwhile, the ensemble learning used in our study further improved the number of misclassified movements (Table 1) and the overall accuracy (Figure 2).

Different KDDE methods were used to estimate the kernel density derivative. LDA classifier was then used with the feature TMAVDD calculated for each recording channel, and the overall performance was reported for the entire subjects and movements (Figure 4). The performance of the proposed kernel derivative estimation was statistically significantly better than the three other methods (KW; P-value < 0.05).
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FIGURE 4. The effect of different methods of estimating the kernel density derivative on the overall performance of classification. Upper panel represents the kernel density and its derivatives estimated using four methods (basic difference, central difference, kernel derivative, and direct kernel derivative) on a signal for the movements no. Twenty (left) and 13 (right). Lower panel shoes the overall classification performance of the linear discriminant analysis (LDA) classifier with trimmed mean absolute value of derivative density (TMAVDD) feature when derivative of estimated density was calculated using those four methods.


We also implemented an online version of the proposed movement detection algorithm. TMD features with LDA classifier were used to analyze epochs of 300, 200, 100, and 50 ms and were validated on three split sets. The average accuracy of 40 hand-movement classifications in the entire intact subjects on the test sets was reported. The average running time of the entire classification system (feature extraction, feature selection, and classification) was also reported on the training and test sets (Table 3). The analysis was performed on an Intel i5-4300U 1.90 GHz CPU with 8 GB of RAM. Table 3 indicates that, for example, the online movement detection method could be used for the analysis window of 200 ms with an average accuracy of 82% and a processing time of 63 ms.


TABLE 3. The performance of the online classification system on different epoch widths over the entire movements and intact subjects as well as its average running time on the training and test sets.
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Ameri’s Database

Epochs of 200 ms filtered sEMG signals, during flexion, pronation, and simultaneous flexion, and pronation were shown in Figure 5. The corresponding raw sEMG signals were shown in Supplementary Figure 4. In the Ameri dataset (Ameri et al., 2018), the average classification accuracy, F-Score (micro), and F-Score (macro) (mean ± standard deviation) for all subjects for the XGBoost classifier were 99.71 ± 0.08 and 98.79 ± 0.37, respectively. The performance of the algorithm for each subject was shown in Supplementary Table 3. Moreover, the cross-validated confusion matrix and the target versus predicted classes were provided as the following for each subject: https://doi.org/10.6084/m9.figshare.18865121.


[image: image]

FIGURE 5. A sample filtered signal array for three movements of Ameri’s dataset.


The performance of the XGBoost was compared with that of the LDA, as one of the most commonly used classifiers applied to movement detection (Supplementary Table 3). In both classifiers, the proposed new features were used. The average classification accuracy, F-Score (micro), and F-Score (macro) (mean ± standard deviation) for all subjects for the LDA classifier were 97.85 ± 0.10 and 91.02 ± 0.37 in percent, respectively. The XGBoost significantly outperformed the LDA classifier (MN; P-value < 0.05). Moreover, the performance of the XGBoost and LDA classifiers was compared for each movement class (Figure 6).
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FIGURE 6. The comparison between the performance of the eXtreme gradient boosting (XGBoost) and linear discriminant analysis (LDA) classifiers for each movement class. Error bars show standard deviation over the test folds. Flx, Flexion; Ext, Extension; Pro, Pronation; Sup, Supination.





DISCUSSION


Comparison With the State-of-the-Art

Gijsberts and Caputo (2013) used the combination of DWT, RMS, and HIST sEMG features with Kernel Regularized Least Squares (KRLS) classifier with the exp-χ2 kernel to discriminate 40 hand and wrist movements in 20 intact subjects (Ninapro V.2 dataset). The authors reported an overall accuracy of 77.75%. The accelerometer information was further added to the DWT features to reach an accuracy of 82.59%. Gijsberts et al. (2014) used DWT, RMS, and HIST features with KRLS classifier to discriminate 40 hand and wrist movements (and the rest posture) in 40 intact subjects (Ninapro V.2 dataset). The authors reported an overall accuracy of 77.48%. The accelerometer information was further added to the DWT feature, and the accuracy of 82.49% was obtained. In a recent study, Li et al. (2017) proposed the combination of sEMG and electroencephalography (EEG) to improve the accuracy of hand movement detection. They used four time-domain features with an LDA classifier to discriminate five hand motion classes in four transhumeral amputees. The authors reported overall accuracy (per five movements per four subjects) of 91.7%.

We used TMD, TMAVDD, and ED sEMG features with the LDA classifier to discriminate 40 hand and wrist movements in 40 intact subjects (Ninapro dataset). The correlation-based feature selection was used to reduce the feature space. The overall accuracy was 98.99, 91.23, and 83.00%, for such features, respectively (Figure 2). When those three features were used in ensemble learning using LDA, SVM, and MLP base classifiers, the overall accuracy increased to 99.91%. Atzori et al. tested Convolutional Neural Network for classifying 40 movements on both NinaPro datasets 2 and 3. The classification accuracy obtained with convolutional neural networks using their proposed architecture was 60.27 ± 7.7% on dataset 2 and 38.09 ± 14.29% on amputees (dataset 3) (Atzori et al., 2016).

Geng et al. (2016) proposed a real-time method for recognizing eight hand gestures. Their method was based on HDsEMG image in which instantaneous values of recorded sEMG via an array of the electrode are mapped to an image and classified using a deep convolutional neural network. They also evaluated the method on the NinaPro dataset 2. They achieved recognition accuracy of 76.1% over DB2. AbdelMaseeh et al. (2016) extracted multi-channel EMG activation trajectories and classified the extracted trajectories using a metric based on multi-dimensional dynamic time warping. An accuracy of 89% with an average movement error rate of 0.09 was obtained. The best results reported on the NinaPro dataset 3 were by Atzori et al. (2014b), who used both sEMG and accelerometry data. They showed a maximum average classification accuracy for 40 movements in five amputees of 61.14%. These results showed that our method based on Kernel Density of sEMG signal combined with an ensemble of learners outperforms state-of-the-art methods for movement recognition, even for the sEMG signals from amputee subjects.

In our study, the repeated hold-out validation (N = 3) was used to overcome a possible pessimistically biased error estimate and guard against testing hypotheses suggested by the data (Type III errors). In each hold-out, four data recording repetitions were used for training and two for testing. The second hold-out was the same as what was used in Gijsberts et al. (2014) for validation.

Ameri et al. (2018) used four time-domain features with CNN and SVM classifiers to discriminate nine simultaneous movements in 17 intact subjects (Ameri dataset). The authors reported overall classification accuracies for the CNN and SVM, 91.61 ± 0.39, and 90.63 ± 0.31, respectively.

We used TMD, TMAVDD, and ED sEMG features with the XGBoost and LDA classifier to discriminate nine simultaneous movements in 17 intact subjects (Ameri dataset). The overall accuracy for the XGBoost and LDA were 99.71 ± 0.08 and 97.85 ± 0.10%, respectively.

Thus, the comparison of our result with the state-of-the-art showed that the proposed features, regardless of the type of classifier, can improve movement detection performance. Such features could capture the distribution of the sEMG time samples and their derivatives in a non-parametric framework, and also the complexity of the signal. Moreover, each signal epoch is represented by three features. Lower dimension of the proposed feature vector can generally improve the classification, compared with DWT and the histogram.



The Formulation of the Proposed Features

The dispersion of the first feature TMD was much lower than that of the two other features. This feature also showed better class separation than that of the other features. Using the TMD feature, the overall classification was better than a univariate application of the other features (Figure 2). The TMAVDD and ED features also showed class separation but were less discriminative than TMD.

The proposed TMAVDD feature uses the same Irregularity Coefficient (dc) concept proposed by Zalewska and Hausmanowa-Petrusewicz (1995). It is defined as Equation (18):

[image: image]

where yi are the samples and ns is the number of samples. The authors used this feature for decomposing iEMG signals. Such a feature showed an acceptable performance in discriminating different motor unit action potentials (Zalewska and Hausmanowa-Petrusewicz, 1995). If we use the estimated kernel density values as the input of this feature, the nominator of its formula will be the sum of the kernel density derivative samples. However, we divide this by the number of samples and use its trimmed average while the authors normalized it by the peak-to-peak of the input waveform. However, due to its similarity with the first-order difference operator (Equation 1), kernel derivative was shown to be more accurate (Figure 4). TMAVDD is, in fact, a shape measure of estimated kernel density values.

On the other hand, the approximate entropy was used to quantify the amount of fluctuations and the complexity in the time-series data in EMG signals in the literature (Guo et al., 2016). We calculated the complexity of the estimated kernel density values using ApEn. Given that enough information is needed to calculate the entropy (Pincus, 1991), the number of samples could not be reduced for more efficient implementation. Meanwhile, TMD and ED were moderately corrected in our dataset (Spearman’s rho = 0.589; P-value < 0.05). Thus, part of the KDE complexity could be assessed by TMD feature, as well. It could be the justification that using TMD feature with LDA classifier resulted in an acceptable overall performance in our analysis (Figure 2).



Final Considerations

Overall, the misclassified movement percentage was about 2% in our study in the entire intact and amputee subjects. Moreover, at least 28 and 15 movements were ideally classified for the intact and amputee subjects, respectively in the entire analysis folds. The main goal of developing such algorithms is to predict the intent of an amputee to control dexterous, self-powered hand prostheses. Unlike previous studies, we used repeated hold-out analysis (N = 3), guarding against testing hypotheses suggested by the data (type III errors). If a movement was not correctly classified in a fold, it was marked as missed.

The application of the proposed system in prosthesis control implies efficient online implementation of the algorithms. The following methods could be expanded for online implementation. We proposed using TMD features and an LDA classifier on 200 ms analysis epochs (Table 3). The average running time of the proposed online algorithm could be further reduced by using the Vectorization package in Microsoft Visual C++ to implement vector and matrix operations efficiently. Such implementation showed a significant running time improvement in the literature (Marateb and Mcgill, 2009).




CONCLUSION

In conclusion, we developed a new movement detection algorithm using the sEMG signal recorded from intact subjects and amputees. This classification system is a promising new tool for online prosthesis control. Due to the importance of simultaneous control, the performance of the proposed features was also evaluated for simultaneous movements. The results showed superior performance of these features with respect to previous approaches.



DATA AVAILABILITY STATEMENT

Publicly available datasets were analyzed in this study. The datasets analyzed for this study can be found in the Ninaweb (http://ninapro.hevs.ch/node/7) and DANS (https://easy.dans.knaw.nl/ui/datasets/id/easy-dataset:109368).



ETHICS STATEMENT

The studies involving human participants were reviewed and approved by Ethics Commission of the Canton Valais (Switzerland) (Ninapro dataset), Shahid Beheshti Medical University (Ameri’s dataset). The patients/participants provided their written informed consent to participate in this study.



AUTHOR CONTRIBUTIONS

PG, MN, MJ, HM, MM, and DF participated in the conceptualization, investigation, methodology, and interpretation of the results. PG, MN, and HM participated in the visualization, software, validation, writing—original draft. HM, MM, and DF participated in the project administration and supervision. PG, MN, HM, MM, and DF participated in the formal analysis. MM participated in funding acquisition. MJ, MM, and DF participated in writing—review and editing. All authors read and approved the final manuscript and agreed to be accountable for all aspects of the work.



FUNDING

The project was supported by the Spanish Innovation and Science Ministry (PID2020-117751RB-I00), and by the European Research Council ERC Synergy Grant Natural BionicS (#810346).



SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2022.796711/full#supplementary-material



REFERENCES

AbdelMaseeh, M., Chen, T. W., and Stashuk, D. W. (2016). Extraction and classification of multichannel electromyographic activation trajectories for hand movement recognition. IEEE Trans. Neural Syst. Rehabil. Eng. 24, 662–673. doi: 10.1109/TNSRE.2015.2447217

Ameri, A., Akhaee, M. A., Scheme, E., and Englehart, K. (2018). Real-time, simultaneous myoelectric control using a convolutional neural network. PLoS One 13:e0203835. doi: 10.1371/journal.pone.0203835

Ameri, A., Akhaee, M. A., Scheme, E., and Englehart, K. (2020). A deep transfer learning approach to reducing the effect of electrode shift in EMG pattern recognition-based control. IEEE Trans. Neural Syst. Rehabil. Eng. 28, 370–379. doi: 10.1109/TNSRE.2019.2962189

Ameri, A., Scheme, E. J., Kamavuako, E. N., Englehart, K. B., and Parker, P. A. (2014). Real-time, simultaneous myoelectric control using force and position-based training paradigms. IEEE Trans. Biomed. Eng. 61, 279–287. doi: 10.1109/tbme.2013.2281595

Atzori, M., Cognolato, M., and Müller, H. (2016). Deep learning with convolutional neural networks applied to electromyography data: a resource for the classification of movements for prosthetic hands. Front. Neurorobot. 10:9. doi: 10.3389/fnbot.2016.00009

Atzori, M., Gijsberts, A., Castellini, C., Caputo, B., Hager, A.-G. M., Elsig, S., et al. (2014a). Electromyography data for non-invasive naturally-controlled robotic hand prostheses. Sci. Data 1:140053. doi: 10.1038/sdata.2014.53

Atzori, M., Gijsberts, A., Muller, H., and Caputo, B. (2014b). Classification of hand movements in amputated subjects by sEMG and accelerometers. Conf. Proc. IEEE Eng. Med. Biol. Soc. 2014, 3545–3549. doi: 10.1109/embc.2014.6944388

Atzori, M., Gijsberts, A., Kuzborskij, I., Elsig, S., Hager, A. G., Deriaz, O., et al. (2015). Characterization of a benchmark database for myoelectric movement classification. IEEE Trans. Neural Syst. Rehabil. Eng. 23, 73–83. doi: 10.1109/tnsre.2014.2328495

Boostani, R., and Moradi, M. H. (2003). Evaluation of the forearm EMG signal features for the control of a prosthetic hand. Physiol. Meas. 24, 309–319.

Botev, Z. I., Grotowski, J. F., and Kroese, D. P. (2010). Kernel density estimation via diffusion. Ann. Stat. 38, 2916–2957.

Burdett, K. (1996). Truncated means and variances. Econ. Lett. 52, 263–267. doi: 10.1016/s0165-1765(96)00874-9

Chon, K. H., Scully, C. G., and Lu, S. (2009). Approximate entropy for all signals. IEEE Eng. Med. Biol. Mag. 28, 18–23.

Clarys, J. P. (2000). Electromyography in sports and occupational settings: an update of its limits and possibilities. Ergonomics 43, 1750–1762. doi: 10.1080/001401300750004159

Dietterich, T. G. (1998). Approximate statistical tests for comparing supervised classification learning algorithms. Neural Comput. 10, 1895–1923. doi: 10.1162/089976698300017197

Duong, T., Beck, G., Azzag, H., and Lebbah, M. (2016). Nearest neighbour estimators of density derivatives, with application to mean shift clustering. Pattern Recogn. Lett. 80, 224–230. doi: 10.1016/j.patrec.2016.06.021

Englehart, K., Hudgins, B., Parker, P. A., and Stevenson, M. (1999). Classification of the myoelectric signal using time-frequency based representations. Med. Eng. Phys. 21, 431–438. doi: 10.1016/s1350-4533(99)00066-1

Fleiss, J. L., Levin, B., and Paik, M. C. (2013). Statistical Methods for Rates and Proportions. Hoboken, NJ: John Wiley & Sons.

Geng, W., Du, Y., Jin, W., Wei, W., Hu, Y., and Li, J. (2016). Gesture recognition by instantaneous surface EMG images. Sci. Rep. 6:36571. doi: 10.1038/srep36571

Gijsberts, A., Atzori, M., Castellini, C., Muller, H., and Caputo, B. (2014). Movement error rate for evaluation of machine learning methods for sEMG-based hand movement classification. IEEE Trans. Neural Syst. Rehabil. Eng. 22, 735–744. doi: 10.1109/TNSRE.2014.2303394

Gijsberts, A., and Caputo, B. (2013). Exploiting accelerometers to improve movement classification for prosthetics. IEEE Int. Conf. Rehabil. Robot. 2013:6650476. doi: 10.1109/icorr.2013.6650476

Guo, S., Hu, Y., Guo, J., and Zhang, W. (2016). “An EMG-based muscle force evaluation method using approximate entropy,” in Proceedings of the 2016 IEEE International Conference on Mechatronics and Automation, Harbin, 1197–1202.

Gwet, K. L. (2014). Handbook of Inter-Rater Reliability: The Definitive Guide to Measuring the Extent of Agreement Among Raters. Oxford, MS: Advanced Analytics, LLC.

Haig, A. J., Gelblum, J. B., Rechtien, J. J., and Gitter, A. J. (1996). AAEM practice topics: technology assessment: the use of surface EMG in the diagnosis and treatment of nerve and muscle disorders. Muscle Nerve 19, 392–395. doi: 10.1002/(SICI)1097-4598(199603)19:3<392::AID-MUS21<3.0.CO;2-T

Hall, M. A. (2000). Correlation-Based Feature Selection of Discrete and Numeric Class Machine Learning. Hamilton: University of Waikato.

Hardin, J. W., and Hilbe, J. M. (2014). “Generalized estimating equations: introduction,” in Wiley StatsRef: Statistics Reference Online, eds N. Balakrishnan, T. Colton, B. Everitt, W. Piegorsch, F. Ruggeri, and J. L. Teugel (Hoboken, NJ: Wiley).

Heidenreich, N.-B., Schindler, A., and Sperlich, S. (2013). Bandwidth selection for kernel density estimation: a review of fully automatic selectors. AStA Adv. Stat. Anal. 97, 403–433. doi: 10.1007/s10182-013-0216-y

Hogrel, J.-Y. (2005). Clinical applications of surface electromyography in neuromuscular disorders. Clin. Neurophysiol. 35, 59–71. doi: 10.1016/j.neucli.2005.03.001

Horn, P. S., and Kafadar, K. (2006). “Trimming and winsorization,” in Encyclopedia of Environmetrics, eds A. H. El-Shaarawi and W. W. Piegorsch (Hoboken, NJ: John Wiley & Sons, Ltd).

Hudgins, B., Parker, P., and Scott, R. (1993). A new strategy for multifunction myoelectric control. IEEE Trans. Biomed. Eng. 40, 82–94. doi: 10.1109/10.204774

Iqbal, N. V., Subramaniam, K., and Asmi, P. S. (2018). A review on upper-limb myoelectric prosthetic control. IETE J. Res. 64, 740–752. doi: 10.1080/03772063.2017.1381047

Jones, M., Marron, J. S., and Sheather, S. (1996). Progress in data-based bandwidth selection for kernel density estimation. Comput. Stat. 11, 337–381. doi: 10.1016/j.aap.2021.106538

Jordanić, M., Rojas-Martínez, M., Mañanas, M., Alonso, J., and Marateb, H. (2017). A novel spatial feature for the identification of motor tasks using high-density electromyography. Sensors 17:1597. doi: 10.3390/s17071597

Jordanic, M., Rojas-Martinez, M., Mananas, M. A., and Alonso, J. F. (2016). Prediction of isometric motor tasks and effort levels based on high-density EMG in patients with incomplete spinal cord injury. J. Neural Eng. 13:046002. doi: 10.1088/1741-2560/13/4/046002

Li, X., Samuel, O. W., Zhang, X., Wang, H., Fang, P., and Li, G. (2017). A motion-classification strategy based on sEMG-EEG signal combination for upper-limb amputees. J. Neuroeng. Rehabil. 14:2. doi: 10.1186/s12984-016-0212-z

Marano, G., Brambilla, C., Mira, R. M., Scano, A., Müller, H., and Atzori, M. (2021). Questioning domain adaptation in myoelectric hand prostheses control: an inter- and intra-subject study. Sensors 21:7500. doi: 10.3390/s21227500

Marateb, H. R., Farahi, M., Rojas, M., Mananas, M. A., and Farina, D. (2016). Detection of multiple innervation zones from multi-channel surface EMG recordings with low signal-to-noise ratio using graph-cut segmentation. PLoS One 11:e0167954. doi: 10.1371/journal.pone.0167954

Marble, A. E., Intyre, C. M. M., Hastings-James, R., and Hor, C. W. (1981). A comparison of digital algorithms used in computing the derivative of left ventricular pressure. IEEE Trans. Biomed. Eng. 28, 524–529. doi: 10.1109/TBME.1981.324739

Marateb, H. R., and Mcgill, K. C. (2009). Resolving superimposed MUAPs using particle swarm optimization. IEEE Trans. Biomed. Eng. 56, 916–919. doi: 10.1109/TBME.2008.2005953

Nguyen, L. T. K., Chung, H.-H., Tuliao, K. V., and Lin, T. M. Y. (2020). Using XGBoost and skip-gram model to predict online review popularity. SAGE Open 10:2158244020983316. doi: 10.1177/2158244020983316

Nielsen, J. L. G., Holmgaard, S., Jiang, N., Englehart, K. B., Farina, D., and Parker, P. A. (2011). Simultaneous and proportional force estimation for multifunction myoelectric prostheses using mirrored bilateral training. IEEE Trans. Biomed. Eng. 58, 681–688. doi: 10.1109/TBME.2010.2068298

Parker, P., Englehart, K., and Hudgins, B. (2006). Myoelectric signal processing for control of powered limb prostheses. J. Electromyogr. Kinesiol. 16, 541–548. doi: 10.1016/j.jelekin.2006.08.006

Pincus, S. M. (1991). Approximate entropy as a measure of system complexity. Proc. Natl. Acad. Sci. U.S.A. 88, 2297–2301. doi: 10.1073/pnas.88.6.2297

Polikar, R. (2006). Ensemble based systems in decision making. IEEE Circ. Syst. Mag. 6, 21–45. doi: 10.1109/mcas.2006.1688199

Raez, M. B. I., Hussain, M. S., and Mohd-Yasin, F. (2006). Techniques of EMG signal analysis: detection, processing, classification and applications. Biol. Proc. Online 8, 11–35. doi: 10.1251/bpo115

Rich, E., and Knight, K. (1991). Arti?cial Intelligence. New York, NY: McGraw-Hill.

Sasaki, H., Noh, Y.-K., and Sugiyama, M. (2014). Direct density-derivative estimation and its application in KL-divergence approximation. arXiv [Preprint]. arXiv:1406.7638,

Scheme, E., and Englehart, K. (2011). Electromyogram pattern recognition for control of powered upper-limb prostheses: state of the art and challenges for clinical use. J. Rehabil. Res. Dev. 48, 643–659. doi: 10.1682/jrrd.2010.09.0177

Schuster, E. F. (1969). Estimation of a probability density function and its derivatives. Ann. Math. Stat. 40, 1187–1195. doi: 10.1214/aoms/1177697495

Silverman, B. W. (1986). Density Estimation for Statistics and Data Analysis. Boca Raton, FL: CRC press.

Sokolova, M., and Lapalme, G. (2009). A systematic analysis of performance measures for classification tasks. Inf. Process. Manag. 45, 427–437. doi: 10.1016/j.ipm.2009.03.002

Sri-Iesaranusorn, P., Chaiyaroj, A., Buekban, C., Dumnin, S., Pongthornseri, R., Thanawattano, C., et al. (2021). Classification of 41 hand and wrist movements via surface electromyogram using deep neural network. Front. Bioeng. Biotechnol. 9:548357. doi: 10.3389/fbioe.2021.548357

Swamynathan, M. (2017). “Step 4–Model diagnosis and tuning,” in Mastering Machine Learning with Python in Six Steps: A Practical Implementation Guide to Predictive Data Analytics Using Python, ed. M. Swamynathan (Berkeley, CA: Apress), 209–250. doi: 10.1007/978-1-4842-2866-1_4

Tangkaratt, V., Sasaki, H., and Sugiyama, M. (2015). Direct estimation of the derivative of quadratic mutual information with application in supervised dimension reduction. arXiv [Preprint]. arXiv:1508.01019, doi: 10.1162/NECO_a_00986

Triwiyanto, T., Pawana, I. P. A., and Purnomo, M. H. (2020). An improved performance of deep learning based on convolution neural network to classify the hand motion by evaluating hyper parameter. IEEE Trans. Neural Syst. Rehabil. Eng. 28, 1678–1688. doi: 10.1109/TNSRE.2020.2999505

Wu, K.-P., and Wang, S.-D. (2009). Choosing the kernel parameters for support vector machines by the inter-cluster distance in the feature space. Pattern Recogn. 42, 710–717. doi: 10.1016/j.patcog.2008.08.030

Zalewska, E., and Hausmanowa-Petrusewicz, I. (1995). Evaluation of MUAP shape irregularity-a new concept of quantification. IEEE Trans. Biomed. Eng. 42, 616–620. doi: 10.1109/10.387201

Zardoshti-Kermani, M., Wheeler, B. C., Badie, K., and Hashemi, R. M. (1995). EMG feature evaluation for movement control of upper extremity prostheses. IEEE Trans. Rehabil. Eng. 3, 324–333. doi: 10.1109/86.481972

Zwarts, M. J., Drost, G., and Stegeman, D. F. (2000). Recent progress in the diagnostic use of surface EMG for neurological diseases. J. Electromyogr. Kinesiol. 10, 287–291. doi: 10.1016/s1050-6411(00)00020-1


Conflict of Interest: The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.

Publisher’s Note: All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.

Copyright © 2022 Ghaderi, Nosouhi, Jordanic, Marateb, Mañanas and Farina. This is an open-access article distributed under the terms of the Creative Commons Attribution License (CC BY). The use, distribution or reproduction in other forums is permitted, provided the original author(s) and the copyright owner(s) are credited and that the original publication in this journal is cited, in accordance with accepted academic practice. No use, distribution or reproduction is permitted which does not comply with these terms.


OPS/images/fnins-16-796711-g001.jpg





OPS/images/fnins-16-796711-i003.jpg





OPS/images/fnins-16-796711-i002.jpg





OPS/images/fnins-16-796711-i001.jpg
e





OPS/images/fnins-16-796711-i000.jpg
X = {x)f=






OPS/images/fnins-16-796711-g005.jpg
Amp(mV)

Channel 1

Channel 2

Channel 3

Channel 4

Channel 5

Channel 6

Channel 7

Channel 8

0.01F : :
oJ\/\,\/\/\/\A/\,\/\,’\,\/\/\\/\'\Wﬁ
-0.01¢t : . , .

0
0.04 ' :
0.02
0 |
-0.02t : . . 1

=]
(@)
o
—
o
o

6S oo &b oo

o

50 . 100
Time (ms)

Flexion

ANNOND ANONPA o

150

Amp(mV)

Filtered EMG Signals
Amp
0.04 - - -
0.02¢ _
=0.02
-0.04kE L L L
0 50 100 150 200
01t i j : 5
0
-01
0 50 100 150 200
0.1 ' ' '
0
-01 , . ‘
0 50 100 150 200
0.2F ' : y :
|/ W
-0.2 : : :
0 50 100 150 200
01
0
-0.1} \ : .
0 50 100 150 200
0.2 y ] z
0
_O.ZWW—MM
04t | , . :
0 50 100 150 200
0.2} ' ' '
O ol
-0.2 . ; . ]
0 50 100 150 200
0.2 ' |
O L o
0.2} , , . 1
0 50 100 150 200
Time (ms)
Pronation

0 50 100 150 200
0.05 ' : ; 7
O L
-0.05 : :
0 50 100 150 200

0.05 ' ' ]
O L
-0.05} . ‘ | ]

(mV)

0.01 ' : ' ]
O i
0.01t . | ]

0 50 100 150 200
0.2 : - .
_02 " L L
0

50 100 150 200

100
Time (ms)

Flextion / Pronation





OPS/images/fnins-16-796711-e002.jpg
)i
DF; (x) = TxT, (xi — xi2) 3)





OPS/images/fnins-16-796711-g004.jpg
08 37 — Difference
0.6 —— Central difference
ol | 5 | —— Kernel derivative
oa | = Direct estimation
11 Estimated density
0.2+
O 0.7 = o [~ -~ i T
0.6
—0.2} o5}
0.4 =1+
—0.4} o3}
02}
—0.6}°'t _ ~at
—-0.8 -2.5 -2 ‘—I.S-l -0510 0.5 1 lI.S l . _3 _2.5‘_1:? -..1 _‘0'56 6.5.‘1 ‘.S 2 = | | | |
-3 =Z = 3 -3 -2 ~1 0 1 2 3
Samples Samples
1001 85.058+5.024 | iagm030
78.979+7.098  79.583+6.944
80 |
L !
= 60
19
s
=,
S 40
<
20

Difference Central Dirrect Kernel
Difference Estimation Derivative

Method





OPS/images/fnins-16-796711-e003.jpg
P
koj (%i)

A

a:0'a
P
K7

@)





OPS/images/fnins-16-796711-g003.jpg
TMD value of

channel 1

0.45 -

0.4 -

0.35 1

0.25 1

0.2 1

0.15

0.7 -

0.05
0.05

L]

0.2 0.25

TMD value of
channel 2

0.3

0.35

1

0.4

DWT value of

channel 1

3

DWT value of
channel 2

Movement Number

40

25

20





OPS/images/fnins-16-796711-e000.jpg
(0]





OPS/images/fnins-16-796711-g002.jpg
Accuracy(%)

100 1

90 ~

80 A

70

(o)}
o
1

o
>,
1

(VS
o
1

ND
o
1

o
1

0 -

- LDA
B sVM
- Ensemble of classifiers

Whole period Middle period

Accuracy(%)

WL MAV RMS DWT WL MAV RMS DWT All

Classical Features

100 -

90 -

(02]
o
1

Whole period

Middle period

S

N

Q O
PR
S

A\ QO Q
R
New Features

N
?3





OPS/images/fnins-16-796711-e001.jpg
1
DF, (xi) = T (xi = xi1) @





OPS/images/fnins-16-796711-i004.jpg





OPS/images/fnins-16-796711-e006.jpg
trimmed mean = E {x| lowery, < x < higher,} (7)





OPS/xhtml/nav.xhtml




Contents





		Cover



		Kernel Density Estimation of Electromyographic Signals and Ensemble Learning for Highly Accurate Classification of a Large Set of Hand/Wrist Motions



		INTRODUCTION



		MATERIALS AND METHODS



		Ninapro Database



		Ninapro V.2



		Ninapro V.3







		Simultaneous Movement Detection



		Pre-processing



		Feature Extraction



		Kernel Density Estimation



		Trimmed Mean of the density



		The Entropy of the Density



		Trimmed Mean Absolute Value of the Density Derivative







		Classification



		Conventional (Sequential) Control



		Feature Selection for Ensemble Learning



		Classification and Ensemble Learning







		Simultaneous Control



		Classification







		Performance Evaluation







		Statistical Analysis







		RESULTS



		Ninapro Database



		Ameri’s Database







		DISCUSSION



		Comparison With the State-of-the-Art



		The Formulation of the Proposed Features



		Final Considerations







		CONCLUSION



		DATA AVAILABILITY STATEMENT



		ETHICS STATEMENT



		AUTHOR CONTRIBUTIONS



		FUNDING



		SUPPLEMENTARY MATERIAL



		REFERENCES

















OPS/images/fnins-16-796711-e007.jpg
70 = ﬁ ZK")(%) ®

i=1





OPS/images/fnins-16-796711-e004.jpg
(5)

]

T |&

2
X

X2

<

2
X1

<

X1

<

&2
X1

<

<

82
X

P2jx)





OPS/images/fnins-16-796711-g006.jpg
B XGBoost

B LDA

I | _

105

|
o ) - )
o (®)) D o 0)

(%) s1oalgns ||e JaA0 sSeo uoljow Yyoea Jo Aoeindoy

80

Ext Pro Sup FIx/Pro Fix/Sup Ext/Pro Ext/Sup No motion

Fix





OPS/images/fnins-16-796711-e005.jpg
Jj (k) = f{xk.j @ = pry (O dx— f{Pk.i Y
6)





OPS/images/fnins-16-796711-e008.jpg
Jow = Y
2mnhr+t






OPS/images/fnins-16-796711-e009.jpg
(10)





OPS/images/cover.jpg
, frontiers
In Neuroscience

Kernel Density Estimation
of Electromyographic Signals
and Ensemble Learning
for Highly Accurate
Classification of a Large Set
of Hand/Wrist Motions









OPS/images/logo.jpg
' frontiers

in Neuroscience





OPS/images/fnins-16-796711-e010.jpg
.5 TP;
precision; (PR) = 7o an





OPS/images/fnins-16-796711-e013.jpg
2PR; x RL;
- B = e ot 14
F — score; (F;) ’ . (14)





OPS/images/fnins-16-796711-e014.jpg
(15)

Fuacro =






OPS/images/fnins-16-796711-e011.jpg
TP;
C(RL;) = ———— 12
Recall; (RL;) ” 7 (12)





OPS/images/fnins-16-796711-e012.jpg
4 TP; + TN; 13)
Accuracy; (Acc;) = IO ¥ EP ¥ TN, ¥ FN,





OPS/images/fnins-16-796711-e017.jpg
de

n—1

1

T max(iii= L., ny 2% =yl

(18)





OPS/images/cross.jpg
3,

i





OPS/images/fnins-16-796711-e015.jpg
D ENGEN) e





OPS/images/fnins-16-796711-e016.jpg
an





OPS/images/fnins-16-796711-t003.jpg
Epoch width Training time (ms)

Test time (ms)

Overall accuracy

(ms)

300 67.72 +7.98 67.69 + 7.96 85.75 + 6.98
200 63.44 + 6.62 63.43 + 6.62 82.20 £7.72
100 56.25 + 5.64 56.24 + 5.64 73.97 +£9.04
50 53.53 + 5.60 53.53 + 5.60 61.51 +8.99

The average running time included the feature extraction, selection and classifica-
tion times. The overall accuracy was calculated on three tests sets in the Split1,

Split2, and Split3 sets.
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# mov. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 Sum
Split1 1 1 1 1 1 0 0 2 2 1 3 2 1 1 2 0 0 5 5 5 34
Split2 1 1 2 0 0 2 0 0 1 0 1 1 2 0 0 1 1 1 3 0 17
Split3 1 0 1 0 1 0 0 1 0 1 0 0 2 0 1 1 1 3 0 2 15
# mov. 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 37 39 40 Sum
Split1 3 2 2 1 | 3 5 0 7 3 1 2 2 0 0 1 0 41
Split2 5 1 1 1 2 1 1 1 4 3 2 1 0 0 1 1 1 1 0 29
Split3 2 1 0 1 1 3 3 3 3 2 1 0 0 2 1 2 0 1 1 32
Over amputee subjects
# mov. 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 Sum
Split1 3 4 3 1 2 2 3 4 3 0 3 1 5 2 6 5 5 6 1 5 64
Split2 2 1 2 1 3 3 2 1 3 0 3 2 6 3 3 2 8 8 4 4 61
Split3 1 2 1 1 0 1 4 3 5 1 4 1 5 3 2 1 4 6 2 4 51
# mov. 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 37 39 40 Sum
Split1 3 6 5 4 5 2 4 3 2 5 4 9 5 5 4 0 5 0 2 1 75
Split2 5 6 4 4 4 4 4 8 7 8 4 9 3 5 8 0 6 1 1 0 91
Split3 6 4 3 2 5 3 1 3 8 8 3 3 5 6 1 2 0 0 1 71

#mov. (movement number) for each considered split; the number of misclassifications was calculated as the total number of cases in the entire training or test sets and
40 subjects, in which the specific movement was not correctly (either False Positive or False Negative error) estimated.
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Commonly used features

New proposed features

Features WL MAV RMS DWT TMD TMAVDD ED All new
features
Classifiers LDA SVM MLP LDA SVM MLP LDA SVM MLP LDA MLP LDA SVM MLP LDA SVM MLP DA SVM MLP Ensemble
of learners
Whole period 20 38 40 14 38 40 29 38 40 11 40 15 29 40 40 40 40 40 40 40 4
Middle part 40 40 40 40 40 40 40 40 40 40 40 4 18 40 40 40 40 40 40 40 0

WL, waveform length; MAV, Mean Absolute Value; RMS, Root Mean Square; DWT, Discrete Wavelet Transform; TMD, Trimmed Mean of Density; TMAVDD, trimmed mean absolute value of derivative density; ED,

Entropy of density. Bold values indicate that the best methods for analyzing the middle part.





