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Abstract
Background
Most prosthetic myoelectric control studies have concentrated on low density (less than 16 electrodes, LD) electromyography (EMG) signals, due to its better clinical applicability and low computation complexity compared with high density (more than 16 electrodes, HD) EMG signals. Since HD EMG electrodes have been developed more conveniently to wear with respect to the previous versions recently, HD EMG signals become an alternative for myoelectric prostheses. The electrode shift, which may occur during repositioning or donning/doffing of the prosthetic socket, is one of the main reasons for degradation in classification accuracy (CA).

Methods
HD EMG signals acquired from the forearm of the subjects were used for pattern recognition-based myoelectric control in this study. Multiclass common spatial patterns (CSP) with two types of schemes, namely one versus one (CSP-OvO) and one versus rest (CSP-OvR), were used for feature extraction to improve the robustness against electrode shift for myoelectric control. Shift transversal (ST1 and ST2) and longitudinal (SL1 and SL2) to the direction of the muscle fibers were taken into consideration. We tested nine intact-limb subjects for eleven hand and wrist motions. The CSP features (CSP-OvO and CSP-OvR) were compared with three commonly used features, namely time-domain (TD) features, time-domain autoregressive (TDAR) features and variogram (Variog) features.

Results
Compared with the TD features, the CSP features significantly improved the CA over 10 % in all shift configurations (ST1, ST2, SL1 and SL2). Compared with the TDAR features, a. the CSP-OvO feature significantly improved the average CA over 5 % in all shift configurations; b. the CSP-OvR feature significantly improved the average CA in shift configurations ST1, SL1 and SL2. Compared with the Variog features, the CSP features significantly improved the average CA in longitudinal shift configurations (SL1 and SL2).

Conclusion
The results demonstrated that the CSP features significantly improved the robustness against electrode shift for myoelectric control with respect to the commonly used features.
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Introduction
Surface electromyography (EMG) signals, which contain neural information [1], have long been used as control inputs of myoelectric prostheses [2–4]. With most conventional, commercially available myoelectric prostheses, a control scheme based on using amplitude or power of the EMG signals to control one degree-of-freedom (DOF) has been employed for several decades. To improve the functionality and provide more intuitive control of myoelectric prostheses, pattern recognition methods have been employed to classify EMG signals towards multifunctional prosthesis control for more than 20 years [5–9]. The pattern recognition-based control scheme is based on the assumption that amputees can activate consistent (same motion) and distinctive (different motions) EMG patterns using residual stump muscles [10].
In general, there are two types of surface EMG, low density (less than 16 electrodes, LD) EMG and high density (more than 16 electrodes, HD) EMG, which are classified by the number of electrodes. Electrode shift is an identified problem existing in both LD and HD EMG applications. It may occur during repositioning or donning/doffing of the prosthetic socket. It is one of the main reasons for degradation in classification accuracy (CA) [11]. In LD EMG, some researchers proposed efficient methods to reduce the CA degradation of electrode shift. Hargrove et al. proposed a strategy training the classifier with EMG signals from all expected displacement locations [12]. However, this strategy needing long-time training can be often frustrating for the user and leading to frequent device abandonment [13]. Young et al. demonstrated that electrode with larger size reduced the sensitivity of shift while performing worse than electrodes with smaller size without shift [11]. They suggested that electrodes oriented in longitudinal direction with the muscle fibers performed better than that oriented in transversal direction. They also showed that time-domain autoregressive (TDAR) features achieved the best classification performance and was least affected by electrode displacements. They further demonstrated that a greater interelectrode distance improved classification performance, and a combination of longitudinal and transversal electrode configurations also improved the performance in the presence of electrode shift [7].
Recently, HD EMG signals become an alternative for myoelectric prostheses [14–19]. Huang et al. showed that double differential spatial filter on HD EMG signals could improve the myoelectric control performance on targeted muscle reinnervation (TMR) patients [14]. However, for HD EMG application, the electrode shift is also very common and serious. Stango et al. used variogram (Variog) of HD EMG signals to provide features robust to electrode number and shift for myoelectric control [18]. The Variog is a statistical measure of the spatial correlation and widely used as spatial-domain feature for classification in geostatistic [20, 21]. It can be also called semivariance since it is a graph of the semivariance against the distance.
To solve the electrode shift problem of HD EMG, common spatial patterns (CSP), a method widely used in electroencephalogram (EEG) study has drawn our attention [22, 23]. In general, EEG has many electrodes (64 ∼ 128), which are similar to the HD EMG condition. Therefore, we expect the excellent capacity of CSP in EEG can also be suitable for HD EMG. Actually, Hahne et al. demonstrated that CSP feature showed a higher robustness against noise than time domain (TD) feature for myoelectric control [17]. However, they did not investigate the performance of CSP feature in the presence of electrode shift. Huang et al. also used an improved CSP for EMG classification, but they targeted LD EMG and did not consider the problem of electrode shift [24].
In this study, we investigate whether the CSP of HD EMG signals can improve the myoelectric control performance under electrode shift for eleven classes of hand and wrist motions. We test nine able-bodied subjects. The performance of CSP feature is compared with the commonly used TD, TDAR and Variog features. Linear discriminant analysis (LDA) classifiers are used to process the EMG data.

Methods
Subjects
Nine able-bodied subjects (eight males and one female; aged 22–27; referenced as Sub1-Sub9) participated in the experiment. The subjects had no neurological disorders. This work was approved by the Ethics Committee of Shanghai Jiao Tong University. All subjects participating in the experiment signed informed consent and the procedures were in compliance with the Declaration of Helsinki.

Experiment setup
Eleven classes of hand and wrist motions were performed by the subjects in order, i.e., hand close (HC), hand open (HO), key grip (KG), tip prehension (TP), wrist flexion (WF), wrist extension (WE), radial deviation (RD), ulnar deviation (UD), forearm supination (FS), forearm pronation (FP) and “no movement” (NM). In each trial, the subjects were asked to perform each motion for 10 s. Ten trials were performed by each subject. To avoid fatigue, the subjects had a 1-min rest between each trial.

Data acquisition
Monopolar surface EMG signals were measured and collected using a grid of 192 electrodes (3 semi-disposable adhesive matrix, 64 electrodes, ELSCH064NM3) composed by 8 rows and 24 columns, with 10 mm interelectrode distance (IED) (Fig. 1). The skin surface of forearm was rubbed lightly with alcohol to reduce impedance. The grid was mounted around the circumference of the forearm (Fig. 1), starting from the ulnar bone. The grid was mounted on the skin by adhesive foam and a reference electrode was mounted at the wrist. The matrixes were connected to a multichannel surface EMG amplifier (EMG-USB2 +, OT Bioelettronica, Torino, Italy) and the signals were amplified with a gain of 500, band-pass filtered (pass band 10–500 Hz), sampled at 2048 Hz, and A ∖D converted with 12-bit resolution.
[image: A12984_2015_102_Fig1_HTML.gif]
Fig. 1Position of the HD EMG grid and the HD EMG grid of 192 electrodes used in the experiments




                        

Common spatial patterns
CSP is a supervised two-class method to design linear spatial filters simultaneously maximizing the variance of one class and minimizing the variance of another class [22]. In this way, the classes can be maximally separated by their variances. CSP is widely used in motor imaginary-based brain computer interface (BCI) for classification of EEG signals [23, 25].
The raw EMG signals of class j and class k were represented as X
                           
                    j
                   and X
                           
                    k
                   with dimensions c×l, where c was the number of channels, and l was the number of samples per each channel (here l was 408). The objective was to find the ω of the spatial filter y=ω
                           
                    T
                  
                           X, which maximized the variance of class j and minimized the variance of class k. Thus, the optimization process was formulated as following: 
[image:  $$ \omega = \mathop{\arg\max}\limits_{\omega} \frac{{{\omega^{T}}{\sum_{j}}\omega}}{{{\omega^{T}}{\sum_{k}}\omega }}  $$ ]

 (1)


                        
where [image: ${\sum _{j}} = 1/(n - 1)*{X_{j}}*{X_{j}}^{T}$] and [image: ${\sum _{k}} = 1/(n - 1)*{X_{k}}*{X_{k}}^{T}$] were the covariance matrix of class j and class k respectively.
This was realized by finding the matrix W that simultaneously diagonalized both [image: ${\sum _{j}}$] and [image: ${\sum _{k}}$]: 
[image:  $$ W{{\sum\nolimits}_{j}} {{W^{T}}} = {D_{j}},  $$ ]

 (2)


                        

                  [image:  $$ W{\sum\nolimits}_{k} {{W^{T}}} = {D_{k}},  $$ ]

 (3)


                

                  [image:  $$ {D_{j}} + {D_{k}} = I.  $$ ]

 (4)


                
The row vectors of W were c spatial filters. Applying the full filter matrix W to the raw EMG signals would give c output signals Y=W∗X, which were called components. The variance of each component for class j was indicated by the corresponding eigenvalue of D
                           
                    j
                  , for class k of D
                           
                    k
                  . With the constraint (4), the eigenvector corresponding to the largest eigenvalue for D
                           
                    j
                   would had the smallest eigenvalues for D
                           
                    k
                  , and the eigenvector corresponding to the largest eigenvalue for D
                           
                    k
                   would had the smallest eigenvalues for D
                           
                    j
                  . These two eigenvectors were chosen as the spatial filters in this study.

Multiclass CSP
Since there were eleven motion classes in this study, we extended the two-class CSP into multiclass CSP by using one versus one (CSP-OvO) and one versus rest (CSP-OvR) scheme [17].
In the CSP-OvO scheme, the two-class CSP was designed for all possible class combinations. The filters were chosen in the same way as in the two-class CSP. Thus, there were M=N∗(N−1)/2 combinations for N classes. The features of all selected components were concatenated into one feature vector.
In the CSP-OvR scheme, each filter was designed to maximize the variance of one class and minimize the average of the variances of all other classes. The filters were chosen in the same way as in the two-class CSP. This process was repeated for all classes. Thus, there was N combinations for N classes. The features of all selected components were concatenated into one feature vector.

Feature extraction
The logarithm of the variances of the selected CSP components were calculated as features in the CSP-OvO and CSP-OvR scheme. Here, the length of analysis window was set to 200 ms and the increment of two adjacent windows was set to 50 ms. The length and the increment were chosen to ensure response time of the system was below 300 ms for reducing users’ perceived lag [5]. A feature set was computed on each of the CSP component, and then concatenated to form a feature vector.
To compare the proposed feature extraction method with the state of the art technology, TD features, TDAR features and Variog features, which were effective and robust with electrode shift [2, 5, 11, 18, 26, 27], were used in this study. These features were extracted using the same window length and the same increment as those specified in above paragraph.

Classification
As a simple and efficient classifier, the LDA classifier has been widely used for pattern recognition of EMG signals [7, 28]. Researchers have presented in previous studies that the LDA classifier can have the comparable performance to other more sophisticated classifiers [29] and generalizes better than the nonlinear multilayer perceptron classifier with electrode shift [11]. Hence, the LDA classifier was employed to identify the CSP features (CSP-OvO and CSP-OvR) and the two classic features (TD and TDAR) in this study. Since the Variog features performed better with support vector machine (SVM) classifier compared with LDA classifier [18], the SVM classifier was employed to identify the Variog features in this study [30]. A five-fold cross-validation procedure was used. Four fifths of the data were randomly selected and used as a training set to train the LDA classifier, while the remaining one fifth were used as a testing set.

Electrodes shift
Shift transversal and longitudinal to the direction of the muscle fibers were taken into consideration. We expected that shift in longitudinal or transversal direction would be the extreme situation. Meanwhile, the influence of electrode shift occurring along both axes would be between the influences of electrode shift in longitudinal and transversal directions. Since a shift of 10 mm or less was considered more likely in clinical applications [11], the shift distance was chosen as 10 mm to simulate the worst shift situation in the current study. To simulate the shift transversal to the direction of the muscle fibers, half of the columns were used for training and the remaining half for testing, which corresponded to a 10-mm shift for a configuration of 96 electrodes. Figure 2 shows the shift in transversal direction of the muscle fibers. Shift leftwards (ST1): the white color electrodes were used for training, while the red color electrodes were used for testing. Shift rightwards (ST2): the red color electrodes were used for training, while the white color electrodes were used for testing. To provide a control for transversal direction shift, the same color electrodes in Fig. 2 were used for both training and testing, referred as ST. It should be noted that the electrodes distance in the transversal and longitudinal direction was 20 mm and 10 mm respectively. Similar method was used to simulate the shift in longitudinal direction of the muscle fibers (Fig. 3). To provide a control for longitudinal direction shift, the same color electrodes in Fig. 3 were used for both training and testing, referred as SL. It should be noted that the electrodes distance in the transversal and longitudinal direction was 10 mm and 20 mm respectively.
[image: A12984_2015_102_Fig2_HTML.gif]
Fig. 2Shift transversal to the direction of the muscle fibers. Shift leftwards (ST1): the white color electrodes were used for training, while the red color electrodes were used for testing. Shift rightwards (ST2): the red color electrodes were used for training, while the white color electrodes were used for testing




                           [image: A12984_2015_102_Fig3_HTML.gif]
Fig. 3Shift longitudinal to the direction of the muscle fibers. Shift downwards (SL1): the white color electrodes were used for training, while the red color electrodes were used for testing. Shift upwards (SL2): the red color electrodes were used for training, while the white color electrodes were used for testing




                        

Quantification of feature space
To investigate the variations in the EMG feature space before and after the electrode shift, relative center shift (RCS) was defined in the current study. RCS was defined as the ratio between the mean value of the Mahalanobis distance of the same motion before and after the electrode shift across N motions and the mean value of the Mahalanobis distance of the different motions across N motions after the electrode shift: 
[image:  $$ {}RCS = \frac{(N - 1)\sum\limits_{i = 1}^{N} {\sqrt {{{({\mu_{i}} - {\mu_{si}})}^{T}}{{\left(\frac{{{S_{i}} + {S_{si}}}}{2}\right)}^{- 1}}({\mu_{i}} - {\mu_{si}})}}}{{\sum\limits_{i = 1}^{N} {\sum\limits_{j = 1,j \ne i}^{N} {\sqrt {{{({\mu_{sj}} - {\mu_{si}})}^{T}}{{\left(\frac{{{S_{sj}} + {S_{si}}}}{2}\right)}^{- 1}}({\mu_{sj}} - {\mu_{si}})}} } }}  $$ ]

 (5)


                        
where μ
                           
                    i
                   and μ
                           
                    si
                   were the centroid of the ellipsoid of motion i before and after the electrode shift, S
                           
                    i
                   and S
                           
                    si
                   were the covariance of the data for motion i before and after the electrode shift.
The value of RCS was positively correlated to the relative center shift in the EMG feature space.
As different feature sets would have different dimensionality of feature vector, prior to computation of RCS, the Fisher linear discriminant (FLD) [31] was adopted to reduce the dimension of feature vectors to the same level of N−1, where N is the number of motions, which was eleven here. Since the Variog features were identified by SVM classifier but not LDA classifier, the FLD was not suitable to process the Variog features. Therefore, the RCS was not computed on the Variog features.

Visualization of CSP patterns
To understand the improvements of the CSP features, the corresponding patterns of the motions before and after the electrode shift were visualized for a representative subject (Sub3). CSP patterns were columns of the inverse of filter matrix W. The ith pattern represented the source signal distribution to the sensors that produced activity in the ith CSP component. CSP patterns provided valuable information about the underlying electrophysiology processes and the related muscles. Contrary to the EMG amplitude patterns, which only showed muscle activation information, the CSP patterns emphasized the locations that provided most information to discriminate different motions. Figures 4 and 5 show the last CSP patterns of motion 1 and motion 4 for CSP-OvO extension scheme in the transversal direction shift (ST1) and longitudinal direction shift (SL1) respectively. Figures 6 and 7 show the first CSP pattern of each active motion and rest motions for CSP-OvR extension scheme in the transversal direction shift (ST1) and longitudinal direction shift (SL1) respectively.
[image: A12984_2015_102_Fig4_HTML.gif]
Fig. 4Last CSP pattern of motion 1 and motion 4 for CSP-OvO extension scheme in transversal direction shift (ST1). Left and right columns were the CSP patterns before and after electrode shift




                           [image: A12984_2015_102_Fig5_HTML.gif]
Fig. 5Last CSP pattern of motion 1 and motion 4 for CSP-OvO extension scheme in longitudinal direction shift (SL1). Left and right columns were the CSP patterns before and after electrode shift




                           [image: A12984_2015_102_Fig6_HTML.gif]
Fig. 6First CSP pattern of each active motion and rest motions for CSP-OvR extension scheme in transversal direction shift (ST1). First and second columns were the CSP patterns of the first five active motions (HC, HO, KG, TP and WF) before and after electrode shift. Third and fourth columns were the CSP patterns of the last five active motions (WE, RD, UD, FS and FP) before and after electrode shift
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Fig. 7First CSP pattern of each active motion and rest motions for CSP-OvR extension scheme in longitudinal direction shift (SL1). Left and right columns were the CSP patterns before and after electrode shift




                        

Statistical analysis
A two-way repeated measures ANOVA was used to analyze CA. The ANOVA included the following two factors: Shift (ST1, ST2, SL1 and SL2) and Feature (CSP-OvO, CSP-OvR, TD, TDAR and Variog). Similarly, a two-way repeated measures ANOVA was used to analyze RCS. The ANOVA included the following two factors: Shift (ST1, ST2, SL1 and SL2) and Feature (CSP-OvO, CSP-OvR, TD and TDAR). In all ANOVA tests, the full model was conducted first. When a significant interaction was detected, a simple-effects analysis was conducted by fixing the levels of one of the interacting factors. When no interaction was detected, a reduced ANOVA model with only the main factors was performed. Whenever significance was detected for the main factors, a Tukey comparison was performed. Only a significant difference was reported for these comparison tests. The significance level for all tests was p<0.05.


Results
Classification accuracy
Figure 8 shows the average CA of all features (CSP-OvO, CSP-OvR, TD, TDAR and Variog) across all subjects for the half grid configuration of 96 electrodes (ST and SL) and the different shift configurations (ST1, ST2, SL1 and SL2). The average CA of CSP-OvO and CSP-OvR was slightly higher than that of TD and was comparable with that of TDAR for the half grid configuration without electrode shift (ST and SL). The average CA of CSP-OvO, CSP-OvR, TD and TDAR was 8 % higher than that of Variog for the half grid configuration without electrode shift (ST and SL). Since the average CA of all features without electrode shift was over 90 %, it demonstrated that the half grid configuration without electrode shift was sufficient to provide good myoelectric control performance for all features (CSP-OvO, CSP-OvR, TD, TDAR and Variog). However, the average CA for TD was decreased to 67.2 % in ST1, 65.0 % in ST2, 81.9 % in SL1, and 85.4 % in SL2; the average CA for TDAR was decreased to 72.1 % in ST1, 74.5 % in ST2, 87.9 % in SL1, and 89.9 % in SL2; the average CA for Variog was decreased to 78 % in ST1, 78 % in ST2, 82.8 % in SL1, and 84.4 % in SL2. The average CA for CSP features (CSP-OvO and CSP-OvR) was ∼80 % in the electrode shift in transversal direction (ST1 and ST2) and ∼95 % in the electrode shift in longitudinal direction (SL1 and SL2) respectively. Thus, the CSP features (CSP-OvO and CSP-OvR) were more robust than the commonly used features (TD, TDAR and Variog) in the presence of electrode shift.
[image: A12984_2015_102_Fig8_HTML.gif]
Fig. 8Average CA across all subjects for five features: CSP-OvO, CSP-OvR, TD, TDAR and Variog. Error bars represented the standard deviation. The tests were marked by * in which significance were found between different features




                        
The two-way ANOVA revealed a statistically significant interaction between Shift and Feature (p<0.001). The simple-effects analysis was conducted to break down the ANOVA into subsequent one-way ANOVA, looking separately at the ST1, ST2, SL1 and SL2 for main effect of Feature.
For the Shift ST1, the one-way ANOVA revealed a main effect of Feature (p<0.001). Tukey comparison showed that the CA of CSP-OvO was not significantly different with that of CSP-OvR (p=0.997) and Variog (p=0.869) but significantly higher than that of TD (p<0.001) and TDAR (p=0.002); the CA of CSP-OvR was not significantly different with that of Variog (p=0.973) but significantly higher than that of TD (p<0.001) and TDAR (p=0.006); the CA of TD was not significantly different with that of TDAR (p=0.138) but significantly lower than that of Variog (p<0.001); the CA of TDAR was significantly lower than that of Variog (p=0.04).
For the Shift ST2, the one-way ANOVA revealed a main effect of Feature (p<0.001). Tukey comparison showed that the CA of CSP-OvO was not significantly different with that of CSP-OvR (p=0.531) and Variog (p=0.777) but significantly higher than that of TD (p<0.001) and TDAR (p=0.019); the CA of CSP-OvR was not significantly different with that of TDAR (p=0.536) and Variog (p=0.995) but significantly higher than that of TD (p<0.001) and TDAR (p=0.006); the CA of TD was significantly lower than that of TDAR (p<0.001) and Variog (p<0.001); the CA of TDAR was not significantly different with that of Variog (p=0.3).
For the Shift SL1, the one-way ANOVA revealed a main effect of Feature (p<0.001). Tukey comparison showed that the CA of CSP-OvO was not significantly different with that of CSP-OvR (p=0.995) but significantly higher than that of TD (p<0.001), TDAR (p<0.001) and Variog (p<0.001); the CA of CSP-OvR was significantly higher than that of TD (p<0.001), TDAR (p<0.001) and Variog (p<0.001); the CA of TD was not significantly different with that of Variog (p=0.944) but significantly lower than that of TDAR (p<0.001); the CA of TDAR was significantly higher than that of Variog (p<0.001).
For the Shift SL2, the one-way ANOVA revealed a main effect of Feature (p<0.001). Tukey comparison showed that the CA of CSP-OvO was not significantly different with that of CSP-OvR (p=0.783) but significantly higher than that of TD (p<0.001), TDAR (p<0.001) and Variog (p<0.001); the CA of CSP-OvR was significantly higher than that of TD (p<0.001), TDAR (p=0.002) and Variog (p<0.001); the CA of TD was not significantly different with that of Variog (p=0.933) but significantly lower than that of TDAR (p=0.006); the CA of TDAR was significantly higher than that of Variog (p<0.001).
Figures 9 and 10 show the average confusion matrix of the five features (CSP-OvO, CSP-OvR, TD, TDAR and Variog) across all subjects in ST1 and ST2 respectively. We could find that the improvements of CSP features were mainly from NM, WF and UD in ST1 and were mainly from NM, WF and WE in ST2. Figures 11 and 12 show the average confusion matrix of the five features across all subjects in SL1 and SL2 respectively. We could find that the improvements of CSP features were mainly from NM, WF and UD in SL1 and were mainly from NM, TP, and WE in SL2. Comparing (a) and (b) of Figs 9, 10, 11 and 12, we found that the CA for each motion was similar between the two CSP features in all shift configurations (ST1, ST2, SL1 and SL2). Furthermore, we found the misclassifications of one motion vs. another (e.g. HO vs. UD) were also similar between the two CSP features in all shift configurations. These results demonstrated that the separability from one motion to another was very similar between the two CSP features and could explain why the classification performance of the two CSP features was not significant different in all shift configurations. Comparing (a)–(d) and (e) of Figs. 9, 10, 11 and 12, we found that the misclassifications of one motion vs. another of Variog feature were pretty different from that of the other four features. We suggested that this phenomenon was induced by the different type of classifier that the Variog feature used.
[image: A12984_2015_102_Fig9_HTML.gif]
Fig. 9Average confusion matrix of the five features across all subjects in ST1. a CSP-OvO. b CSP-OvR. c TD. d TDAR. e Variog
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Fig. 10Average confusion matrix of the five features across all subjects in ST2. a CSP-OvO. b CSP-OvR. c TD. d TDAR. e Variog
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Fig. 11Average confusion matrix of the five features across all subjects in SL1. a CSP-OvO. b CSP-OvR. c TD. d TDAR. e Variog
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Fig. 12Average confusion matrix of the five features across all subjects in SL2. a CSP-OvO. b CSP-OvR. c TD. d TDAR. e Variog




                        

Shift in EMG feature space
Figure 13 shows the average RCS of the four features (CSP-OvO, CSP-OvR, TD and TDAR) across all subjects in the different shift configurations (ST1, ST2, SL1 and SL2). The average RCS of CSP-OvO changed from 1.15 to 1.25. The average RCS of CSP-OvR changed from 1.18 to 1.27. The average RCS of TD changed from 1.77 to 2.04. The average RCS of TDAR changed from 1.77 to 2.04. The average RCS of CSP features (CSP-OvO and CSP-OvR) was about two thirds of that of classic features (TD and TDAR) in all shift configurations (ST1, ST2, SL1 and SL2).
[image: A12984_2015_102_Fig13_HTML.gif]
Fig. 13Average RCS across all subjects for four features: CSP-OvO, CSP-OvR, TD, and TDAR. Error bars represented the standard deviation




                        
The two-way ANOVA revealed a statistically significant main effect of Feature (p<0.001). No other significant two-way interaction or main effect was revealed. For the factor of Feature, Tukey comparison showed that the RCS of CSP-OvO was not significantly different with that of CSP-OvR (p=1.0), but significant smaller than that of TD (p<0.001) and TDAR (p<0.001). It also showed that the RCS of CSP-OvR was significant smaller than that of TD (p<0.001) and TDAR (p<0.001). However, the RCS of TD was not significantly different with that of TDAR (p=1.0). The results demonstrated that the significant improvement in CA of the CSP features (CSP-OvO and CSP-OvR) was induced by the significantly smaller RCS in the feature space compared with the classic features (TD and TDAR). Unlike the CSP features (CSP-OvO and CSP-OvR), the significant difference in CA between TDAR and TD was not reflected on the RCS. The main reason was likely that the difference in CA between TDAR and TD was much smaller compared with the difference in CA between the CSP features and the classic features.

Interpretation of improvement in patterns of CSP features
Figures 4 and 5 show the last CSP patterns of motion 1 and motion 4 for CSP-OvO extension scheme in the transversal direction shift (ST1) and longitudinal direction shift (SL1) respectively. Figures 6 and 7 show the first CSP pattern of each active motion and rest motions for CSP-OvR extension scheme in the transversal direction shift (ST1) and longitudinal direction shift (SL1) respectively. We found that the locations emphasized by the CSP patterns before and after the shift were very similar. We believed that this was due to the underlying electrophysiology processes were not changed even in the presence of electrode shift. Thus, the CSP patterns of the EMG signals before electrode shift could emphasize the most discriminative locations after electrode shift and improve the CA in all electrode shift configurations (ST1, ST2, SL1 and SL2).


Discussion
As shown in Fig. 8, CSP features (CSP-OvO and CSP-OvR) significantly improved the CA over 10 % with respect to TD features in all shift configurations (ST1, ST2, SL1 and SL2) (p<0.05). The CSP-OvO feature achieved the highest average CA in all electrode configurations (ST, SL, ST1, ST2, SL1 and SL2) and significantly improved the average CA over 5 % with respect to TDAR features in all shift configurations (p<0.05). Except shift configuration ST2, the CSP-OvR feature significantly improved the average CA with respect to TDAR features in shift configurations ST1, SL1 and SL2 (p<0.05). Except transversal shift configurations (ST1 and ST2), the CSP features (CSP-OvO and CSP-OvR) significantly improved the average CA with respect to Variog features in longitudinal shift configurations (SL1 and SL2) (p<0.05). The CSP features (CSP-OvO and CSP-OvR) could achieve the average CA of ∼80 % in transversal direction shift (ST1 and ST2) and ∼95 % in longitudinal direction shift (SL1 and SL2). Thus, the CSP features could improve robustness against electrode shift for myoelectric control with respect to classic features.
Although there was no significant difference between the CA of CSP-OvO feature and that of CSP-OvR feature in all electrode configurations in Fig. 8, the average CA of CSP-OvO feature was slightly higher than that of CSP-OvR feature in all electrode configurations. We attributed this to the fact that the number of features extracted in CSP-OvO scheme was much more than the number of features extracted in CSP-OvR scheme. Therefore, the CSP-OvO feature extracted more helpful information for classification from the HD EMG signals with respect to the CSP-OvR feature. Furthermore, the results showed that the CSP features (CSP-OvO and CSP-OvR) performed best in longitudinal shift configurations (SL1 and SL2). We believed that this was presumably due to the fact that the electrode configuration was shifted in this case along the muscle fiber direction.
The results also showed that TDAR features significantly improved the CA with respect to TD features in shift configurations ST2, SL1 and SL2 (p<0.05). These confirmed the result that TDAR features significantly reduced sensitivity to electrode shift compared with TD features of a previous study [11]. Furthermore, the results showed that the Variog features significantly improved the average CA with respect to TD features in shift configurations ST1 and ST2 (p<0.05) and improved the average CA with respect to TDAR features in shift configuration ST1. However, the CA of the Variog features was not significantly different with that of TDAR features in shift configuration ST2 (p=0.3) and significantly lower than that of TDAR features in longitudinal direction shift (SL1 and SL2) (p<0.05). These results were partially consistent with the results of previous study [18]. Since parameters choosing was very important when using the Variog features and SVM classifiers, we suggested this might be due to that we could not find the optimized parameters in the current study. Moreover, this might be due to the number of motions considered in the current study was eleven which was larger than seven in that previous study.
As shown in Fig. 13, the average RCS of CSP features (CSP-OvO and CSP-OvR) across all subjects was significantly smaller than that of classic features (TD and TDAR) in all shift configurations (p<0.001). Since the average value of the feature vector of each motion and the covariance of all EMG data determined the parameters of the LDA classifier, the smaller RCS indicated that the LDA classifier trained before the electrode shift was more suitable for identifying the EMG data after the electrode shift. Thus, the CA of the features with smaller RCS should be greater than that with larger RCS. Here, we attributed that the improvement of CSP features (CSP-OvO and CSP-OvR) with respect to classic features (TD and TDAR) was induced by the relatively smaller RCS compared with the classic features.
For noise investigations, Hahne et al. have evaluated the performance of CSP features with a high baseline noise of individual channels and proved that the CSP features outperformed the classic features [17]. Thus, we did not test this effect, but only concentrated on the electrode shift in the current study.
The results showed that the proposed CSP features could improve the robustness against electrode shift for myoelectric control compared with the commonly used features. However, a limitation existed in the current study was that the proposed CSP features were not suitable for LD EMG. Geng et al. used CSP method to select LD channels from HD EMG, but they targeted channel selection and did not consider the problem of electrode shift [19]. Huang et al. also used an improved CSP for EMG classification, but they targeted LD EMG and did not consider the problem of electrode shift [24]. For LD EMG application, the proposed CSP features should be modified to common spatio-spectral pattern (CSSP) features and then evaluate their performance against electrode shift. In CSSP, several finite impulse response (FIR) spectral filters were embedded into CSP to constitute a spatio-spectral filter [20]. Since the embedded FIR filters would improve the number of channels for CSP, it could make the CSP suitable for LD EMG. We will investigate the performance against electrode shift of CSSP features for LD EMG application in the future.
As this work is an off-line analysis, an on-line study should be taken into account. In the future, the CSP features (CSP-OvO and CSP-OvR) will be tested in real-time experiments measured by three performance metrics, i.e. motion completion rate, motion completion time and motion selection time [32, 33]. There is a limitation in the current study that the subjects are intact-limb subjects. Although Scheme et al. showed that the results from intact-limb subjects could be generalized to amputees [34], the CSP features (CSP-OvO and CSP-OvR) should be tested on amputees in future work. To test the applicability of CSP features in practice, whether the computation capability of current micro-controller is enough for the analysis of HD EMG signals in myoelectric control should be investigated in the future.

Conclusion
This study evaluated whether the CSP of HD EMG signals could improve the myoelectric control performance under electrode shift for eleven classes of hand and wrist motions. Compared with the TD features, the CSP features significantly improved the CA over 10 % in all shift configurations (ST1, ST2, SL1 and SL2). Compared with the TDAR features, a. the CSP-OvO feature significantly improved the average CA over 5 % in all shift configurations; b. the CSP-OvR feature significantly improved the average CA in shift configurations ST1, SL1 and SL2. Compared with the Variog features, the CSP features significantly improved the average CA in longitudinal shift configurations (SL1 and SL2). It demonstrated that CSP of HD EMG signals could improve robustness against electrode shift for myoelectric control with respect to the commonly used features.

Acknowledgements
This work was supported by the National Basic Research Program (973 Program) of China (No. 2011CB013305), the National Natural Science Foundation of China (No. 51375296, 51475292).


                           Open Access This article is distributed under the terms of the Creative Commons Attribution 4.0 International License(http://​creativecommons.​org/​licenses/​by/​4.​0/​), which permits unrestricted use, distribution, and reproduction in any medium, provided you give appropriate credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were made. The Creative Commons Public Domain Dedication waiver(http://​creativecommons.​org/​publicdomain/​zero/​1.​0/​) applies to the data made available in this article, unless otherwise stated.

References
1.
Farina D, Jiang N, Rehbaum H, Holobar A, Graimann B, Dietl H, 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 Rehabil Eng. 2014; 22(4):797–809.CrossRefPubMed

2.
Graupe D, Cline WK. Functional separation of EMG signals via ARMA identification methods for prosthesis control purposes. IEEE Trans Syst Man Cybern. 1975; SMC-5(2):252–9.CrossRef

3.
Doerschuk PC, Gustafon DE, Willsky A. Upper extremity limb function discrimination using EMG signal analysis. IEEE Trans. Biomed. Eng. 1983; BME-30(1):18–29.CrossRef

4.
Fougner A, Stavdahl O, Kyberd P, Losier Y, Parker P. Control of upper limb prostheses: Terminology and proportional myoelectric control-a review. IEEE Trans Neural Syst Rehabil Eng. 2012; 20(5):663–77.CrossRefPubMed

5.
Hudgins B, Parker P, Scott RN. A new strategy for multifunction myoelectric control. IEEE Trans Biomed Eng. 1993; 40(1):82–94.CrossRefPubMed

6.
Englehart K, Hudgins B. A robust, real-time control scheme for multifunction myoelectric control. IEEE Trans Biomed Eng. 2003; 50(7):848–54.CrossRefPubMed

7.
Young AJ, Hargrove LJ, Kuiken TA. Improving myoelectric pattern recognition robustness to electrode shift by changing interelectrode distance and electrode configuration. IEEE Trans Biomed Eng. 2012; 59(3):645–52.PubMedCentralCrossRefPubMed

8.
Liu J, Zhang D, Sheng X, Zhu X. Quantification and solutions of arm movements effect on semg pattern recognition. Biomedical Signal Process and Control. 2014; 13:189–97.CrossRef

9.
Pan L, Zhang D, Sheng X, Zhu X. Improving myoelectric control for amputees through transcranial direct current stimulation. IEEE Trans Biomed Eng. 2015; 62(8):1927–1936.CrossRefPubMed

10.
Graupe D, Salahi J, Kohn KH. Multifunctional prosthesis and orthosis control via microcomputer identification of temporal pattern differences in single-site myoelectric signals. J Biomed Eng. 1982; 4(1):17–22.CrossRefPubMed

11.
Young AJ, Hargrove LJ, Kuiken TA. The effects of electrode size and orientation on the sensitivity of myoelectric pattern recognition systems to electrode shift. IEEE Trans Biomed Eng. 2011; 58(9):2537–544.PubMedCentralCrossRefPubMed

12.
Hargrove L, Englehart K, Hudgins B. A training strategy to reduce classification degradation due to electrode displacements in pattern recognition based myoelectric control. Biomed signal process control. 2008; 3(2):175–80.CrossRef

13.
Østlie K, Lesjø IM, Franklin RJ, Garfelt B, Skjeldal OH, Magnus P. Prosthesis rejection in acquired major upper-limb amputees: a population-based survey. Disabil Rehabil Assist Technol. 2012; 7(4):294–303.CrossRefPubMed

14.
Huang H, Zhou P, Li G, Kuiken T. Spatial filtering improves emg classification accuracy following targeted muscle reinnervation. Ann Biomed Eng. 2009; 37(9):1849–1857.PubMedCentralCrossRefPubMed

15.
Daley H, Englehart K, Hargrove L, Kuruganti U. High density electromyography data of normally limbed and transradial amputee subjects for multifunction prosthetic control. J Electromyogr Kinesiol. 2012; 22(3):478–84.CrossRefPubMed

16.
Muceli S, Farina D. Simultaneous and proportional estimation of hand kinematics from emg during mirrored movements at multiple degrees-of-freedom. IEEE Trans Neural Syst Rehabil Eng. 2012; 20(3):371–8.CrossRefPubMed

17.
Hahne JM, Graimann B, Muller K. Spatial filtering for robust myoelectric control. IEEE Trans Biomed Eng. 2012; 59(5):1436–1443.CrossRefPubMed

18.
Stango A, Negro F, Farina D. Spatial correlation of high density EMG signals provides features robust to electrode number and shift in pattern recognition for myocontrol. IEEE Trans Neural Syst Rehabil Eng. 2015; 23(2):189–198.CrossRefPubMed

19.
Geng Y, Zhang X, Zhang YT, Li G, et al. A novel channel selection method for multiple motion classification using high-density electromyography. Biomed eng online. 2014; 13(1):102.PubMedCentralCrossRefPubMed

20.
Chen Q, Gong P. Automatic variogram parameter extraction for textural classification of the panchromatic ikonos imagery. IEEE Trans Geosci Remote Sensing. 2004; 42(5):1106–1115.CrossRef

21.
Tonye E, Fotsing J, Zobo BE, Tankam NT, Kanaa TF, Rudant JP. Contribution of variogram and feature vector of texture for the classification of big size sar images. In: Proc. Seventh Int. Conf. on Signal Image Technology and Internet-Based Systems. New Jersey: IEEE: 2011. p. 382–9.

22.
Ramoser H, Muller-Gerking J, Pfurtscheller G. Optimal spatial filtering of single trial eeg during imagined hand movement. IEEE Trans Rehabil Eng. 2000; 8(4):441–6.CrossRefPubMed

23.
Blankertz B, Dornhege G, Krauledat M, Müller KR, Curio G. The non-invasive berlin brain–computer interface: fast acquisition of effective performance in untrained subjects. NeuroImage. 2007; 37(2):539–50.CrossRefPubMed

24.
Huang G, Zhang Z, Zhang D, Zhu X. Spatio-spectral filters for low-density surface electromyographic signal classification. Medical & biological engineering & computing. 2013; 51(5):547–55.CrossRef

25.
Dornhege G. Toward Brain-computer Interfacing. Massachusetts: MIT press; 2007.

26.
Huang Y, Englehart KB, Hudgins B, Chan AD. A gaussian mixture model based classification scheme for myoelectric control of powered upper limb prostheses. IEEE Trans Biomed Eng. 2005; 52(11):1801–1811.CrossRefPubMed

27.
Farrell TR, Weir RF. A comparison of the effects of electrode implantation and targeting on pattern classification accuracy for prosthesis control. IEEE Trans Biomed Eng. 2008; 55(9):2198–211.PubMedCentralCrossRefPubMed

28.
Chen X, Zhang D, Zhu X. Application of a self-enhancing classification method to electromyography pattern recognition for multifunctional prosthesis control. J Neuroengineering and Rehabil. 2013; 10(1):44.CrossRef

29.
Englehart K, Hudgins B, Parker PA, Stevenson M. Classification of the myoelectric signal using time-frequency based representations. Medical Engineering & Physics. 1999; 21(6):431–8.CrossRef

30.
Chang CC, Lin CJ. Libsvm: A library for support vector machines. ACM Trans Intell Syst Technol (TIST). 2011; 2(3):27.

31.
Duda RO, Hart PE, et al, Vol. 3. Pattern Classification and Scene Analysis. New York: Wiley; 1973.

32.
Kuiken TA, Li G, Lock BA, Lipschutz RD, Miller LA, Stubblefield KA, Englehart KB. Targeted muscle reinnervation for real-time myoelectric control of multifunction artificial arms. JAMA. 2009; 301(6):619–28.PubMedCentralCrossRefPubMed

33.
Li G, Schultz AE, Kuiken TA. Quantifying pattern recognition-based myoelectric control of multifunctional transradial prostheses. IEEE Trans Neural Syst Rehabil Eng. 2010; 18(2):185–92.PubMedCentralCrossRefPubMed

34.
Scheme E, Englehart K. Electromyogram pattern recognition for control of powered upper-limb prostheses: State of the art and challenges for clinical use. J Rehabil Res Dev. 2011; 48(6):643.CrossRefPubMed



Competing interests
The authors declare that they have no competing interests.

Authors’ contributions
Conceived and designed the experiments: LZP XYZ. Performed the experiments: LZP DGZ XJS. Analyzed the data: LZP DGZ NJ. Contributed reagents/materials/analysis tools: LZP NJ XJS. Wrote the paper: LZP.


OEBPS/sidebar.gif





OEBPS/A12984_2015_102_Fig12_HTML.gif





OEBPS/A12984_2015_102_Article_Equ4.gif
Dj+De=1





OEBPS/A12984_2015_102_Article_Equ3.gif
Wy W=D,





OEBPS/A12984_2015_102_Article_Equ5.gif
gN—l/Z - (5) =)
RCS =
5y15s

= (22 g = g






OEBPS/A12984_2015_102_Fig4_HTML.gif
Before electrode shift

e m
Key §Z i3 §: 1‘0
. [

i s 3 oo

ot of HE EMO stectrocts





OEBPS/A12984_2015_102_Article_Equ2.gif
WZJWT =D,





OEBPS/A12984_2015_102_Article_Equ1.gif
WY
w = agmax—o—
o W

w
T





OEBPS/A12984_2015_102_Fig10_HTML.gif





OEBPS/A12984_2015_102_Fig13_HTML.gif
Relative Center Shift

3.5
3
.5
2

|
5 o

2

1
1

0.

.5
0

BCS5P-OvO BCSP-OvR B 1D O TDAR

ST1 ST2

Electrode S|

SL1
Configuration

SL2





OEBPS/A12984_2015_102_Fig7_HTML.gif
Key
grip

Tip

prehension 2

Wrist
flexion

Wrist
extension

Radial
deviation

Ulnar
deviation

Forearm
supination

Forearm
pronation

Beiore electrode shiit

After electrode shift

it

I

s 15w 5w 15w
y .05 005
‘L !:1
5 15 2 s o5
4] 05 05
. ]
5 0 15 20 08 08
1 1
F - ;
s w15 05 05
o5 g 05
2 e 2
5 0 15 20 05 5 0 15 20 oS
4 05 ] 05
2 P il
i i L' u
5 w15 2 I TR T}
4 T 05y T 05
p p!
5 0 15 2 ol 5 0 15 20 s
05 005
2 ar. 2 w [ | 3
s 15 2 05 5 1 15 2
4 P -
p 1 1
5 00 15 20 02 5 00 15 2 02
- - -
2 p
s 1 15 20 = 0 1 %0 05






OEBPS/A12984_2015_102_Fig6_HTML.gif
Belore electrode shift  After electrode shift

Before electrode shift After electrode shift

L

=

L =

L






OEBPS/A12984_2015_102_Fig3_HTML.gif
o Jol Jof ol J
o lo] lof JoI ]
o lo] lof JoI ]
o _lo] lof JoI ]
o _lo] lo] JoI ]
o Jol Jo] Jol J
o lo] lof JoI ]
o] lof Jof JoI ]
o] Jo] lof Jof ]
(6] 1o] 1o JoI ]
(o _lo] lof JoI ]
o _lo] Jof JOI ]
o Jol Je] Jol J
0000000
00000000
00000000
0000000
00000000
0000000
00000000
00000000
00000000
0000000
(R 1L X111 ]






OEBPS/contact.gif





OEBPS/A12984_2015_102_Fig11_HTML.gif
™ W WE

i
ok

: : oz

Actual Motions

g 3 & 3 3






OEBPS/A12984_2015_102_Fig9_HTML.gif
N4 HC HO KG TP WP WE RD D 5 FP
Fracid otors






OEBPS/A12984_2015_102_Fig1_HTML.gif





OEBPS/A12984_2015_102_Fig5_HTML.gif
Belore electrode shiit Alter electrode shift

Key
grip

[—
.-
™

i
=
N





OEBPS/A12984_2015_102_Article_IEq3.gif
2





OEBPS/A12984_2015_102_Fig2_HTML.gif
OO
00000000
[0J0]0J0J0J0J0I0]
00000000
[0JOl0J010J0J010]
00000000
OOREREROOG
00000000
[0J0100]0J0J0I0]
00000000
[0J010J010J0J0J0]
00000000
jojJojolololololo]
00000000
[eJolojololo1elo]
00000000
0JOl0J616J01010]
00000000
[eJelejolololelo]
00000000
[©J016]010J01610)]
00000000
OOOOCO®OG






OEBPS/A12984_2015_102_Article_IEq4.gif
L





OEBPS/A12984_2015_102_Fig8_HTML.gif
g8

BLFP-Ov0 BGF-OvR BTV BITDAR UVvariog

Classification Accuracy (%)

9%

‘ m u
ST st sT1 sT2 st

Electrode Shift Configuration





OEBPS/A12984_2015_102_Article_IEq1.gif
DYERYUCESED F5-





OEBPS/A12984_2015_102_Article_IEq2.gif
Te=1/n—1)* Xex X





