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Abstract

:

The growing interest in wearable robots opens the challenge for developing intuitive and natural control strategies. Among several human–machine interaction approaches, myoelectric control consists of decoding the motor intention from muscular activity (or EMG signals) with the aim of driving prosthetic or assistive robotic devices accordingly, thus establishing an intimate human–machine connection. In this scenario, bio-inspired approaches, e.g., synergy-based controllers, are revealed to be the most robust. However, synergy-based myo-controllers already proposed in the literature consider muscle patterns that are computed considering only the total variance reconstruction rate of the EMG signals, without taking into account the performance of the controller in the task (or application) space. In this work, extending a previous study, the authors presented an autoencoder-based neural model able to extract muscles synergies for motion intention detection while optimizing the task performance in terms of force/moment reconstruction. The proposed neural topology has been validated with EMG signals acquired from the main upper limb muscles during planar isometric reaching tasks performed in a virtual environment while wearing an exoskeleton. The presented model has been compared with the non-negative matrix factorization algorithm (i.e., the most used approach in the literature) in terms of muscle synergy extraction quality, and with three techniques already presented in the literature in terms of goodness of shoulder and elbow predicted moments. The results of the experimental comparisons have showed that the proposed model outperforms the state-of-art synergy-based joint moment estimators at the expense of the quality of the EMG signals reconstruction. These findings demonstrate that a trade-off, between the capability of the extracted muscle synergies to better describe the EMG signals variability and the task performance in terms of force reconstruction, can be achieved. The results of this study might open new horizons on synergies extraction methodologies, optimized synergy-based myo-controllers and, perhaps, reveals useful hints about their origin.
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1. Introduction


The discovery of human brain capabilities has always gained high interest and expectation among all the disciplines that study and do research on the human body. This trend is closely linked to three important objectives: enlarging the comprehension of the underlying neural control mechanisms, developing more effective therapies in the event of either cognitive or physical impairments and augmenting human abilities. In this context, myocontrol grabbed the attention of many researchers, for its potential utility in the motion intention detection and prostheses control domains [1,2,3] as well as teleoperation systems [4,5], without invasive signal acquisitions. Although many different strategies have been developed in the last decades, such as direct control models [6], neuromusculoskeletal models [7,8,9,10,11,12] and multiple linear regression models [13,14], some obstacles still represent a gap between prototypes and commercial devices. The lack of simultaneous control and the high computational cost of some complex models [15] do head off a truly natural human–machine interaction. Pursuing this purpose, bio-inspired models suggested a way to preserve a simple and intuitive interface, as done in many other fields, through the exploitation of complex muscle activation patterns called muscle synergies. This biological model comes from the hypothesis that the central nervous system decodes high level user’s intent and drives, concurrently, a subset of motor primitives instead of independently activating muscles. Although the neurological origin of synergies has been supposed [16,17,18], this theory still remains unproven and many issues are still unresolved [19].



However, several works assessed how muscle synergies could be useful to detect abnormal co-contraction patterns, e.g., due to stroke [20,21] or spinal cord injury [22] or case history evolution throughout limbs rehabilitation [23,24]. Such evidence suggests that therapies could be improved gathering information from muscle activation patterns. Moreover, the acquisition of new motor skills leads to either the development of new activation patterns or changes in the components of existing ones [25,26]. From the application point of view, by combining those patterns, it would be possible to achieve different, even complex, motor tasks [27] also granting more robustness than other control strategies. Previous studies showed how synergistic models are useful for achieving either multi-DoF planar movements with the upper-limb [28] and wrist [29] or upper-limb force prediction during isometric contractions [14]. In the current state-of-art, many algorithms have been used for time-invariant synergies extraction [30], starting from surface EMG (sEMG) data, such as principal component analysis, independent component analysis, linear discriminant analysis, clustering (e.g., k-means) and non-negative matrix factorization (NNMF). The latter gained particular attention because of its intrinsic capabilities of extracting non-negative features that match a physical constraint of muscles activations [31] (i.e., positive activations of muscles). Nevertheless some of the limitations that traditional approaches face when dealing with sEMG, such as cross-talk, electrodes positioning, fatigue and many others, are magnified whenever synergies perform dimensionality reduction [32,33]. In this scenario, undercomplete autoencoders (AE) have been investigated as a new computationally efficient method for bio-signal processing and, consequently, synergies extraction. Previous studies aimed at developing autoencoder-based architectures for muscle synergies extraction [34], EMG signals mapping in the kinematic space [35] and gestures recognition [36,37]. Synergies analysis was accomplished comparing the input compressed representation (i.e., code) to the outcomes of the most used algorithms, mentioned before, and evaluating both the signal total variance reconstruction rate and the prediction/classification performance.



Even though a certain number of procedures for muscles synergy extraction has been proposed in the literature [19,30,34], the main drawback of the existing approaches concerns the fact that muscle synergies are estimated by analyzing recorded muscle activities without having any information about neither the underlying task nor the final application. This means that the synergy extraction procedure considers the total variance reconstruction rate of the EMG signals as the only performance index to be optimized. The authors completely agree with Cristiano et al. [19] who reported “We suggest that synergy extraction methods should explicitly take into account task execution variables, thus moving from a perspective purely based on input-space to one grounded on task-space as well … In conclusion, we believe that the evidence reviewed here provides support for the existence of muscle synergies. However, many issues are still unresolved. A deeper investigation of the relationship between synergies and task variables might help to address some of the open questions”. Few works have investigated the concept of functional synergies that are an initial attempt to link muscle synergies with task variables [19,38,39,40]. However, as deeply discussed by Barradas et al. [41] and Cristiano et al. [19], functional synergies present some issues and limitations. After an extensive argumentation, Cristiano and his colleagues state that a novel required technique for muscle synergy extraction “… should optimize the reconstruction error of the EMG signals, and constrain a good fit of the task-variables”.



In this work, as an extension of a previous study [34], the authors proposed a novel autoencoder-based neural model able to extract the muscle synergy patterns simultaneously considering the performance in the task space, i.e., estimation of moments/forces exerted by the human upper limb. Specifically, the novel autoencoder-based model builds its synergy code considering both the EMG signals reconstruction performance and the estimation quality of the upper limb moments computed as a linear combination of the synergy activation signals thus allowing for a task-oriented synergy extraction. The authors believe that directly integrating task-space constraints in the algorithm used to extract the synergies could produce a better task-space variable estimation, thus leading to a new class of optimized myo-controllers and, perhaps, providing a deeper understanding of the hypothetical modularity of the central nervous system and its relationship with the motor learning.




2. Materials and Methods


2.1. Participants


Nine right-handed healthy subjects (seven males, aged   27.7 ±  4.9    years, weight   74.1 ±  9.1    kg) were involved in the study. All the subjects signed a written consent form before joining the experiments. The experimental procedures were conducted in accordance with the World Medical Association Declaration of Helsinki and approved by the Ethical Review Board of Scuola Superiore Sant’Anna (Approval Number: 1292).




2.2. Experimental Setup


The setup was designed for measuring the subject upper-limb muscle EMG signals and forces exerted at the hand level during a set of isometric contractions (see Figure 1). An electromechanical upper-limb exoskeleton, designed for upper-limb rehabilitation, namely L-Exos, was used for acquiring the interaction force between the subject’s hand and the exoskeleton’s cylindrical handle featuring a triaxial force sensor. The L-Exos has been designed as a wearable haptic interface, capable of providing a controllable force at the center of user’s righthand palm, oriented along any direction of the space [42]. The L-Exos has four actuated DOFs for supporting elbow and shoulder movements: shoulder adduction/abduction; shoulder flexion/extension; shoulder internal/external rotation; elbow flexion/extension, and one passive DOF used for measuring the wrist pronosupination angle. All the motors of the exoskeleton have been located on the fixed frame. For each actuated DOF, the torque is delivered from the motor to the corresponding joint by means of steel cables and a reduction gear integrated at the joint axis. All actuated joints are driven with a proportional-derivative control strategy with gravity compensation. The force sensor readings have been then used to estimate the articulation moments. Concerning the EMG acquisition system, two bio-signals amplifiers (g.USBamp, gTec, Austria) were included in the setup to record the activity of 13 muscle heads: biceps short head, biceps long head, brachioradial, triceps long head, triceps lateral head, deltoid anterior head, deltoid posterior head, trapezius, pectoralis major, teres major, infraspinatus, latissimus dorsi and rhomboid. Disposable Ag/AgCl surface electrodes were placed by following the SENIAM recommendations, after a skin cleaning process, and the ground electrode attached to the right elbow. All the surface EMG signals were acquired at 1200 Hz sampling frequency and filtered by the amplifier with a 5–500 Hz band-pass filter and a 50 Hz notch filter. In order to make a more intuitive and easy experimental session, the subject was immersed in a virtual environment (VE) by wearing a head mounted display (Oculus Rift HMD, Oculus) to receive visual feedback. The force sensor measurements, VE signals and EMG data were synchronized on a single PC (Master PC), featuring Microsoft Windows 10 (64 bit), Intel i7 1.6 GHz, 8 Gb RAM and Matlab [43] (Release 2018b). The Master PC has been also used to generate commands for driving the exoskeleton and the VE, according to the acquisition routine.




2.3. Data Acquisition Protocol


Before starting the acquisition routine, subjects were invited to sit on a chair and wear the exoskeleton using the flip-off arm bands. By using stacked hard plastic layers under the chair, the height of the seat was adjusted in order to align the centers of rotation of the subject’s and exoskeleton shoulder joint. At the beginning of the experiment the exoskeleton joint angles were automatically fixed to a pre-defined angles set: shoulder abduction/abduction angle equal to 0 degrees, shoulder internal rotation angle equal to 0 degrees, shoulder elevation angle equal to 10 degrees and elbow angle equal to 90 degrees. After the surface EMG electrodes were placed on the targeted muscles, elastic bands were used to keep electrodes and wires firmly attached to the body in such a way that the exoskeleton handle was easily reachable. Then, subjects were asked to perform 16 isometric virtual reaching tasks along 8 directions (two trials per direction) on the sagittal plane, equally spaced at 45 degrees and randomly sorted. Isometric contractions were achieved through the exoskeleton end effector position control, keeping the subjects upper-limb pose fixed. In the virtual environment, the subjects hand position corresponds to a red sphere (cursor) and the task target is represented as a green sphere. The distance between the two spheres is covered applying the target force of 20   k g · m /  s 2    on the sensor and the radius difference allowed a maximum positioning error equal to 3   k g · m /  s 2    (1   N = 1  k g · m /  s 2   ). Each virtual reaching task consists of (1) positioning the cursor inside the target, (2) holding it in place for 2 s and then (3) relaxing to move the cursor back to the rest position. The cursor position is driven by a spring model    P c  = K *  F  E E     where   P c   is the 3D cursor position,   F  E E    is the applied isometric force vector and K is the elastic constant of the virtual spring.




2.4. Autoencoder-Based Neural Model for Muscle Synergy Extraction and Task Optimization


In this work the authors propose a novel neural architecture that is able to learn the optimized muscles synergies patterns that lead to the optimized muscle synergy-based movement intention detection. The structure of the presented model (see Figure 2) is a feed-forward neural network composed of two main blocks that will be discussed later: an undercomplete autoencoder for muscle synergies extraction and a feed-forward layer for movement estimation based on muscle synergy activations.



2.4.1. Undercomplete Autoencoder for Muscle Synergies Extractions


The first block of the proposed model considers an undercomplete autoencoder that has been previously proposed by the authors for muscle synergies extraction [34]. Autoencoders belong to the family of unsupervised learning techniques and represent models that are able to leverage the neural networks for the representation learning task, e.g., denoising, feature reduction, clustering, image processing [44,45,46,47,48,49]. Specifically, an autoencoder is a feedforward neural network that is trained to copy the input data to the output layer. Internally, an autoencoder is based on a symmetric topology that is composed of an encoder and a decoder. The encoder is composed of one of more layers aiming at codifying the input into a code h that is representative of the input x, i.e., h = e(x). The decoder has a symmetric structure respect to the encoder and produces a reconstruction r = d(h). A good autoencoder does not have the ability to perfectly copy the input, but to generate an output that resembles the training data.



Among the several kinds of AE families [50], in this work the authors considered a particular type of autoencoder that is call undercomplete AE. An undercomplete AE has a specific structure that is able to extract the most representative features contained in the input data. Such property is achieved by imposing the size of code h to a value that is smaller than the dimension of input x. By introducing such a bottleneck the AE should be forced to learn an internal structure that exists in the input data, e.g., correlation among input signals.



Referring to the Figure 2, given the input feature vector   I  ( t )  = [  m 1   ( t )   m 2   ( t )  ⋯  m N   ( t )  ]  , where    m i   ( t )    indicates the pre-processed activation of the i-th muscle and N is the number of considered muscles, the AE has the objective to extract muscle synergy activations   s i  . A three step pre-processing routine is also executed on each raw electromyographic signal: (1) high-pass filtering (20 Hz second-order Butterworth); (2) rectification and low-pass filtering (5 Hz second-order Butterworth); (3) per-channel normalization over the maximum value computed at the step 2.



The proposed topology has one hidden layer with four positive linear neurons that encode the muscle activations into synergy activations named    s 1   ( t )   ,    s 2   ( t )   ,    s 3   ( t )    and    s 4   ( t )   . Such configuration has been chosen with aim to replicate the physiological model of the spatial muscles synergies reported and deeply discussed in the work of Berger and D’Avella [13].



In this work, the authors did not investigated the best number of the hidden neurons, i.e., the number of muscles synergies. A code dimension equal to four has been used since some studies in the literature have reported that upper limb muscle activations during planar isometric reaching tasks can be accurately described by four muscle synergies [13,51]. As suggested by Goodfellow et al., the authors have used a simple linear decoder with biases avoiding the copying task without extracting useful information caused by excessive learning capacity [50].




2.4.2. Feed-Forward Layer for Synergy-Based Movement Intention Detection


Differently from the previous authors’ work [34], in this paper the synergy-based movement intention detection has been achieved by adding a feed-forward block on top of the encoding hidden layer of the AE. By adding such block, the proposed neural model is able to compute the best muscle-synergy patterns that leads to the best trade-off between muscle activation reconstruction and the movement intention estimation, i.e., hand forces or articulation moment predictions. To the author’s best knowledge this is the first attempt in the literature to build model that is able to extract muscles synergies considering the performance into the task space, i.e., movement. Regarding the activation function, the layer considers a linear function and no bias have been added. Such configuration allows for the computation of the forces/moments as a linear combination of the synergy activations. In detail, the output vector   T  ( t )  = [  T 1   ( t )   T 2   ( t )  ]   represents the estimated moments. It is important mentioning that the moment components    T 1   ( t )    and    T 2   ( t )    have been normalized to range within the interval [−0.5, 0.5].




2.4.3. Network Training


The proposed network has been implemented using the Neural Network toolbox of Matlab (Release 2018b), and trained using a gradient descent with momentum and adaptive learning rate algorithm for 1000 epochs. Given a single training set, the training of the neural model has been repeated 10 times considering different initial weights [35], then the model featuring the best performance has been considered for the next analysis. Considering a training set composed of about 1000 time points, the training process of the model lasts about 4.5 s. All the training sequences have been run on a PC featuring two Intel XEON E5 2630 v3 CPUs and 64 GB of RAM.





2.5. Muscle Synergy Extraction: Ae Vs Nnmf


The AE block of the proposed model has been compared with the most used technique in the literature for muscle synergies extraction, i.e., Non-Negative Matrix Factorization. Given a matrix M, the NNMF is a factorization algorithm able to compute the two matrices W and C such that:


  M ≈ W · C ,  



(1)




with the property that all three matrices have no negative elements. When the NNMF algorithm is applied to pre-processed muscles activation signals, the matrix M (size:   N × P  ) contains the muscles activation observations during a task, where N is the number of recorded muscles and P is the number time samples, W (size:   N × Q  ) is the synergy matrix, where Q is the number of extracted synergies, and C is the matrix (size:   S × P  ) that contains the synergy activation signals. Given such nomenclature,   m ( t )   and   c ( t )   indicate a single column (that corresponds to a single sample time) of M and C, respectively. After the synergy model has been defined by running the NNMF on a training set, i.e., the synergy matrix W has been computed, the synergy activation vector   c ( t )   related to s test EMG signals vector   m ( t )   can be computed as follows [13]:


  c  ( t )  =  W +  · m  ( t )  ,  



(2)




where   W +   is the pseudo-inverse matrix of W.




2.6. Joint Moment Estimation Based on Muscle Synergies: Comparison with the State-Of-The-Art


Muscle synergies have been previously used to detect the motor intention and continuously drive robotic devices as prosthetic hands and assistive interfaces. A good myoelectric controller should be able to process the activations of the involved muscles and compute an estimation of the intended movement in terms of both the direction and amplitude. Considering a robotic interface controlled by an admittance control, such estimation has to be a force/torque vector. As an example, an upper limb exoskeleton could assist the arm movement if it moves accordingly to the patient movement intention.



It is well known that, under certain conditions [7], the EMG-based force/moment estimation can be based on a linear combination of the processed EMG signals as follows:


  T = H ·  f  E M G    



(3)




where T represents the vector of the force/moment components,   f  E M G    is the vector of the instantaneous EMG-based features and H is the matrix relating EMG features to force/moment estimated using multiple linear regressions of each applied force/moment component. If the movement is constrained on a plane, T is   2 X 1   vector,   f  E M G    is a   M x 1   vector, and H is a   2 x M   matrix, where M is the number of considered EMG-based features.



In this study, the performance of a bi-dimensional motion intention estimator based on the model presented in Figure 2 has been compared with other methods already proposed in the literature that are based on the same model described by Equation (3). In detail, the authors have considered four models:




	
Model H m :   T = H · m  , where m is the muscle activation signal vector processed as the input data of the AE (see Figure 2) [13];



	
Model    H W W  +  m  :   T = H · W ·  W +  · m  , where H is exactly the same EMG-to-moment matrix extracted for the Model   H m   [13] and W is the synergy matrix extracted with the NNMF by using the Matlab function   n n m f ( … )   (Release 2018b);



	
Model   H ^  c  :   T =  H ^  · c  , where c is extracted with the NNMF for the model calibration and computed as reported in Equation (2) for the model evaluation [51];



	
AE-based model:   T =  H  m o d e l   · S  , where S is the synergy activation vector extracted by the autoencoder and   H  m o d e l    are the weights of the model block devoted to the Synergy-based movement intention detection.








It is worth noting that the matrix H has dimension equal to   2 × N   (two is the number of moment components: shoulder and elbow joint moments), whereas the matrices   H ^   and   H  m o d e l    have size   2 × 4   (four is the number of considered muscle synergies). All methods have been tested using the same set of muscle activation recordings.




2.7. Model Calibration and Performance Metrics


Each subject-specific model has been independently trained on different 256 (   2 8   ) training sets, where 2 is the number of isometric reaching trials executed for each of the 8 directions (see Section 2.3 for details). Hence, a single training set contains the sEMG and moment data acquired in one trial out of two for each of the eight direction. Given a single training set, then all models have been evaluated on the complementary test set.



The multivariate   R 2   index has been computed for each test set in order to evaluate the synergy extraction performance of both the NNMF and AE. The multivariate   R 2   index represents the fraction of total variation accounted by the synergy reconstruction and then is a global indicator of the goodness of reconstruction. The   R 2   has been computed as follows [27]:


   R 2  = 1 −   S S E   S S T   = 1 −    ∑ s    ∑  k = 1   k s      m s   (  t k  )  −  m s r   (  t k  )   2      ∑ s    ∑  k = 1   k s      m s   (  t k  )  −  m ¯   2      



(4)




where   S S E   is the sum of the squared errors, and   S S T   is the sum of the squared residuals from the mean activation vector   m ¯  , i.e., the total variation multiplied by the total number of samples   K =  ∑ s   k s   .



The shoulder and elbow articulation moment reconstruction has been evaluated computing both the root mean square error (  E  R M S   ) and the multivariate   R 2   index between the measured and estimated moments using Equation (4).




2.8. Statistics


In order to compare the proposed methods, the average values of the   R 2   and   E  R M S    among the 256 test sets for each subject have been computed. The two synergy extraction methods, i.e., AE-based and NNMF, have been compared with the Wilcoxon test. The four moment estimator models, i.e.,   H m  ,   H W  W +  m  ,    H ^  c   and AE-based Model, have been compared running the Friedman test and the Dunn’s pairwise post-hoc tests with Bonferroni correction. The significance level has been set to 0.05. Non-parametric tests were adopted since the assumptions underlying parametric tests resulted to be violated for all sets of data. All the analyses have been performed using the SPSS software [52] (Version 21).





3. Results


The proposed neural model has been evaluated both in terms of joint moment estimation and sEMG signal reconstruction. Figure 3 (top-left and bottom-left) and Figure 3 (top-right) report the mean value of the ERMS and the mean   R 2   values among all test sets for each subject, respectively. Table 1 reports the   E  R M S    and multivariate   R 2   values averaged among all subjects for each compared methodology.



The Friedman test revealed that there is a significant difference among the four investigated techniques in terms of ERMS relative to both shoulder moment prediction (   χ 2  = 18.733 , p < 0.001  ) and elbow moment prediction (   χ 2  = 15.000 , p = 0.002  ). Dunn test with Bonferroni correction was then used to perform the post-hoc tests (see Table 2). The results of the post-hoc analysis showed that the shoulder moment ERMS error observed with   A E  -based model is significantly lower than both the errors obtained by the   H W  W +  m   model (  Z = 2.556 , p < 0.001  ) and    H ^  c   model (  Z = 1.778 , p = 0.021  ). No significant differences were found between the   A E  -based model and   H m   model (  Z = 1.222 , p = 0.268  ). Similar results were found analyzing the moment elbow ERMS errors. In detail, the elbow moment ERMS error observed with   A E  -based model is significantly lower than both the errors obtained by the   H W  W +  m   model (  Z = 2.111 , p = 0.003  ) and    H ^  c   model (  Z = 1.778 , p = 0.021  ). No significant differences were found between the   A E  -based model and   H m   model (  Z = 0.778 , p = 1.000  ).



The Friedman test also revealed that there is a significant difference among the four investigated techniques in terms of multivariate   R 2   index between the measured and predicted joint moments,    χ 2  = 21.400 , p < 0.001  . The post-hoc analysis has reported that there is a significant difference between three pairs of models (see Table 2): the   R 2   index of the   A E  -based model is higher than both the   R 2   index of the   H W  W +  m   model (  Z = − 2.667 , p < 0.001  ) and    H ^  c   model (  Z = − 1.889 , p = 0.011  ), respectively; the   H m   model outperforms the   H W  W +  m   model (  Z = 1.667 , p = 0.037  ); then no significant difference was found between the   A E  -based model and the   H m   model (  Z = − 1.000 , p = 0.602  ).



The difference between the autoencoder and the NNMF algorithm were also assessed in terms of sEMG signals reconstruction quality by comparing the multivariate   R 2   index between the acquired and reconstructed EMG signals (see Figure 3 (bottom-right) and Table 3). The Wilcoxon test results showed that the NNMF achieved a significant higher   R 2   index value than the autoencoder (  Z = − 2.666  ,   p = 0.008  ).




4. Discussion and Conclusions


In this study the authors presented a novel neural model that is able to estimate the movement intention, in terms of upper limb joint moments, exploiting the muscle synergy concept. In detail, the architecture of the proposed model is composed of an undercomplete autoencoder that performs the muscle synergies extraction and a feed-forward layer employed to estimate articulation moments as a linear combination of the synergies activations. Such topology is derived from the physiological model of the spatial muscle synergies [13]. The rationale under the proposed model is based on the possibility to extract muscle synergies considering not only the performance on the EMG signal reconstruction, but also the estimation performance in the task space. Hence, the main goal of the proposed method is to find the best muscle synergy patterns that optimize the performance both in the EMG and task space.



Considering the success that synergy-based myo-controllers are achieving in the wearable robotic field, the authors have investigated whether the synergy activations extracted with the AE could be used in motion intention detection. In detail, the proposed AE-based estimator has been compared with three other methods already proposed in the literature for their capabilities of estimating shoulder and elbow joint moments generated while performing planar isometric reaching tasks. The comparison has been conducted analysing the   E  R M S    and   R 2   between the estimated and measured moment of both the shoulder and the elbow articulations. The clear messages that arise from the statistical analysis and the Figure 3 are: (1) the proposed method outperforms the two synergy-based approaches   H W  W +  m   and    H ^  c   and such difference is statistically significant; (2) no statistical difference has been found between the proposed method and the   H m   model that considers a direct mapping between the EMG signals and the joint moments. Such findings seem promising since the proposed method is able to achieve the comparable performance of the   H m   model even if introduces some loss in the EMG signal information due to the AE bottleneck.



The autoencoder part of the model has then been directly compared with the non-negative matrix factorization algorithm, i.e., the most used method in the literature, in muscle synergy extraction. Since the experiment consisted in exerting planar isometric forces with upper limb, the authors have chosen to consider a predefined number of synergies equal to four. The AE and the NNMF have been compared in terms of a multivariate   R 2   index that measures the quality of the muscle activity reconstruction given the synergy structures (or patterns) and synergy activations. As reported in Figure 3, it turned out that the proposed AE-based model has shown slightly lower performance than the NNMF (Wilcoxon test, z = −2.666, p = 0.008). This means that the NNMF generates synergy activations that better reconstruct the original muscle activation signals. Sincerely, this finding is not a big surprise since, differently from the NNMF, the proposed neural model has simultaneously focused on the reconstruction of both the EMG signals and joint moment. It is also worth noting that the AE and the NNMF have not been tested on the reconstruction of the same EMG signals used to calibrate the synergy model, but on different muscle activations acquired in the same condition, i.e., the same upper limb pose.



This work does not address the study of the relationship between the model accuracy and the number of considered muscles [11]. The authors have considered all the main superficial upper limb muscles that contribute to the shoulder and elbow moment generation [13]. Clearly, a reduction in the number of considered muscles would lead to a loss of model accuracy, and such loss would be related to the functional contribution of the specific excluded set of muscles. A further study could investigate the role of the considered muscles in moment estimation when using the proposed approach. However, it is important to remark that the authors just want to propose a general methodology. The specific setup, i.e., considered muscles, task-space variables and acquisition procedure, needs to be customized case by case.



In the author’s opinion, this work represents a first attempt to develop a muscle synergy-based myo-controller that is tailored to the specific subject by simultaneously considering the synergy extraction and the mapping between the synergy activations and the variables used in the task space, i.e., forces or moments. Concerning the specific experimental setup used in this study, the obtained results have clearly showed that the proposed model has lead to a better moment estimation when compared with other synergy-based models. However, at the same time, the quality of the EMG signals reconstruction was slightly degraded. This finding demonstrated that a trade-off between the capability of the extracted muscle synergies to better describe the EMG signals variability and the task performance in terms of force reconstruction might exist and can be exploited to develop more intuitive myo-controllers that are mainly evaluated in the task space [19,41].



The proposed strategy might open new perspectives for muscle synergy extraction techniques and, perhaps, encourages new studies related to the fundamentals of muscle synergies and human motor learning and control. In fact, as it has been done so far, the findings of such basic research might moreover be useful for implementing more intuitive simultaneous and proportional myoelectric controls of prostheses [35,53], and robotic devices [12,33] and for the development of innovative diagnostic tools and rehabilitation approaches [25]. Even VE-based rehabilitation exercises based on synergy-control might promote recovery of movement skills in stroke patients [13]. In conclusion, the study of task-oriented synergies and the relative comparison with the standard muscles synergies, i.e., the one extracted with standard approaches, could reveal interesting information about whether and how those patterns might be used to improve the myo-controllers and rehabilitative therapies.







Author Contributions


Conceptualization, D.B. and V.B.; methodology, D.B., G.D.C., C.C. and V.B.; software, D.B., G.D.C., C.C. and I.D.F.; validation, D.B., G.D.C., C.C. and I.D.F.; formal analysis, D.B., G.D.C. and C.C.; investigation, D.B. and G.D.C.; data curation, D.B. and C.C.; writing—original draft preparation, D.B., G.D.C. and C.C.; writing—review and editing, all authors; visualization, D.B., G.D.C., C.C. and I.D.F.; supervision, A.F. and V.B.; project administration, V.B.; funding acquisition, V.B. All authors have read and agreed to the published version of the manuscript.




Funding


This work has been supported by the Italian project RoboVir within the BRIC INAIL-2016 program and by the PRIN-2015 ModuLimb project (Prot. 2015HFWRYY).




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Farina, D.; Jiang, N.; Rehbaum, H.; Holobar, A.; Graimann, B.; Dietl, H.; Aszmann, O.C. 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, 797–809. [Google Scholar] [CrossRef] [PubMed]

	



Roche, A.D.; Rehbaum, H.; Farina, D.; Aszmann, O.C. Prosthetic myoelectric control strategies: A clinical perspective. Curr. Surg. Rep. 2014, 2, 44. [Google Scholar] [CrossRef]

	



Papapicco, V.; Parri, A.; Martini, E.; Bevilacqua, V.; Crea, S.; Vitiello, N. Locomotion mode classification based on support vector machines and hip joint angles: A feasibility study for applications in wearable robotics. In Human Friendly Robotics; Ficuciello, F., Ruggiero, F., Finzi, A., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 197–205. [Google Scholar]

	



Artemiadis, P.K.; Kyriakopoulos, K.J. EMG-based teleoperation of a robot arm in planar catching movements using ARMAX model and trajectory monitoring techniques. In Proceedings of the 2006 IEEE International Conference on Robotics and Automation (ICRA 2006), Orlando, FL, USA, 15–19 May 2006; pp. 3244–3249. [Google Scholar]

	



Artemiadis, P.K.; Kyriakopoulos, K.J. An EMG-based robot control scheme robust to time-varying EMG signal features. IEEE Trans. Inf. Technol. Biomed. 2010, 14, 582–588. [Google Scholar] [CrossRef] [PubMed]

	



Graupe, D.; Cline, W.K. Functional separation of EMG signals via ARMA identification methods for prosthesis control purposes. IEEE Trans. Syst. Man Cybern. 1975, 5, 252–259. [Google Scholar] [CrossRef]

	



Buchanan, T.S.; Lloyd, D.G.; Manal, K.; Besier, T.F. Neuromusculoskeletal modeling: Estimation of muscle forces and joint moments and movements from measurements of neural command. J. Appl. Biomech. 2004, 20, 367–395. [Google Scholar] [CrossRef]

	



Lloyd, D.G.; Besier, T.F. An EMG-driven musculoskeletal model to estimate muscle forces and knee joint moments in vivo. J. Biomech. 2003, 36, 765–776. [Google Scholar] [CrossRef]

	



Yao, S.; Zhuang, Y.; Li, Z.; Song, R. Adaptive admittance control for an ankle exoskeleton using an EMG-driven musculoskeletal model. Front. Neurorobot. 2018, 12, 16. [Google Scholar] [CrossRef]

	



Buongiorno, D.; Barsotti, M.; Sotgiu, E.; Loconsole, C.; Solazzi, M.; Bevilacqua, V.; Frisoli, A. A neuromusculoskeletal model of the human upper limb for a myoelectric exoskeleton control using a reduced number of muscles. In Proceedings of the 2015 IEEE World Haptics Conference (WHC), Evanston, IL, USA, 22–26 June 2015; pp. 273–279. [Google Scholar] [CrossRef]

	



Buongiorno, D.; Barsotti, M.; Barone, F.; Bevilacqua, V.; Frisoli, A. A linear approach to optimize an EMG-driven neuromusculoskeletal model for movement intention detection in myo-control: A case study on shoulder and elbow joints. Front. Neurorobot. 2018, 12, 74. [Google Scholar] [CrossRef]

	



Buongiorno, D.; Barone, F.; Solazzi, M.; Bevilacqua, V.; Frisoli, A. A linear optimization procedure for an EMG-driven neuromusculoskeletal model parameters adjusting: Validation through a myoelectric exoskeleton control. In Haptics: Perception, Devices, Control, and Applications; Bello, F., Kajimoto, H., Visell, Y., Eds.; Springer International Publishing: Cham, Switzerland, 2016; pp. 218–227. [Google Scholar] [CrossRef]

	



Berger, D.J.; d’Avella, A. Effective force control by muscle synergies. Front. Comput. Neurosci. 2014, 8, 46. [Google Scholar] [CrossRef]

	



Camardella, C.; Barsotti, M.; Murciego, L.P.; Buongiorno, D.; Bevilacqua, V.; Frisoli, A. Evaluating generalization capability of bio-inspired models for a myoelectric control: A pilot study. In International Conference on Intelligent Computing; Springer: Berlin, Germany, 2019; pp. 739–750. [Google Scholar]

	



Gijsberts, A.; Bohra, R.; Sierra González, D.; Werner, A.; Nowak, M.; Caputo, B.; Roa, M.A.; Castellini, C. Stable myoelectric control of a hand prosthesis using non-linear incremental learning. Front. Neurorobot. 2014, 8, 8. [Google Scholar] [CrossRef]

	



Berger, D.J.; Gentner, R.; Edmunds, T.; Pai, D.K.; d’Avella, A. Differences in adaptation rates after virtual surgeries provide direct evidence for modularity. J. Neurosci. 2013, 33, 12384–12394. [Google Scholar] [CrossRef] [PubMed]

	



Bizzi, E.; Cheung, V.C. The neural origin of muscle synergies. Front. Comput. Neurosci. 2013, 7, 51. [Google Scholar] [CrossRef] [PubMed]

	



Kutch, J.J.; Valero-Cuevas, F.J. Challenges and new approaches to proving the existence of muscle synergies of neural origin. PLoS Comput. Biol. 2012, 8, e1002434. [Google Scholar] [CrossRef] [PubMed]

	



Alessandro, C.; Delis, I.; Nori, F.; Panzeri, S.; Berret, B. Muscle synergies in neuroscience and robotics: From input-space to task-space perspectives. Front. Comput. Neurosci. 2013, 7, 43. [Google Scholar] [CrossRef] [PubMed]

	



Cheung, V.C.; Turolla, A.; Agostini, M.; Silvoni, S.; Bennis, C.; Kasi, P.; Paganoni, S.; Bonato, P.; Bizzi, E. Muscle synergy patterns as physiological markers of motor cortical damage. Proc. Natl. Acad. Sci. USA 2012, 109, 14652–14656. [Google Scholar] [CrossRef]

	



Cheung, V.C.; Piron, L.; Agostini, M.; Silvoni, S.; Turolla, A.; Bizzi, E. Stability of muscle synergies for voluntary actions after cortical stroke in humans. Proc. Natl. Acad. Sci. USA 2009, 106, 19563–19568. [Google Scholar] [CrossRef]

	



Wenger, N.; Moraud, E.M.; Gandar, J.; Musienko, P.; Capogrosso, M.; Baud, L.; Le Goff, C.G.; Barraud, Q.; Pavlova, N.; Dominici, N.; et al. Spatiotemporal neuromodulation therapies engaging muscle synergies improve motor control after spinal cord injury. Nat. Med. 2016, 22, 138. [Google Scholar] [CrossRef]

	



Dipietro, L.; Krebs, H.I.; Fasoli, S.E.; Volpe, B.T.; Stein, J.; Bever, C.; Hogan, N. Changing motor synergies in chronic stroke. J. Neurophysiol. 2007, 98, 757–768. [Google Scholar] [CrossRef]

	



Tropea, P.; Monaco, V.; Coscia, M.; Posteraro, F.; Micera, S. Effects of early and intensive neuro-rehabilitative treatment on muscle synergies in acute post-stroke patients: A pilot study. J. Neuroeng. Rehabil. 2013, 10, 103. [Google Scholar] [CrossRef]

	



Safavynia, S.; Torres-Oviedo, G.; Ting, L. Muscle synergies: Implications for clinical evaluation and rehabilitation of movement. Top. Spinal Cord Inj. Rehabil. 2011, 17, 16–24. [Google Scholar] [CrossRef]

	



Fiorentino, M.; Uva, A.E.; Foglia, M.M.; Bevilacqua, V. Wearable rumble device for active asymmetry measurement and correction in lower limb mobility. In Proceedings of the 2011 IEEE International Symposium on Medical Measurements and Applications, Bari, Italy, 30–31 May 2011; pp. 550–554. [Google Scholar] [CrossRef]

	



D’Avella, A.; Portone, A.; Fernandez, L.; Lacquaniti, F. Control of fast-reaching movements by muscle synergy combinations. J. Neurosci. 2006, 26, 7791–7810. [Google Scholar] [CrossRef]

	



Lunardini, F.; Casellato, C.; d’Avella, A.; Sanger, T.D.; Pedrocchi, A. Robustness and reliability of synergy-based myocontrol of a multiple degree of freedom robotic arm. IEEE Trans. Neural Syst. Rehabil. Eng. 2015, 24, 940–950. [Google Scholar] [CrossRef] [PubMed]

	



Jiang, N.; Rehbaum, H.; Vujaklija, I.; Graimann, B.; Farina, D. Intuitive, online, simultaneous, and proportional myoelectric control over two degrees-of-freedom in upper limb amputees. IEEE Trans. Neural Syst. Rehabil. Eng. 2013, 22, 501–510. [Google Scholar] [CrossRef]

	



Tresch, M.C.; Cheung, V.C.; d’Avella, A. Matrix factorization algorithms for the identification of muscle synergies: Evaluation on simulated and experimental data sets. J. Neurophysiol. 2006, 95, 2199–2212. [Google Scholar] [CrossRef] [PubMed]

	



Lee, D.D.; Seung, H.S. Algorithms for non-negative matrix factorization. In Advances in Neural Information Processing Systems 13; Leen, T.K., Dietterich, T.G., Tresp, V., Eds.; MIT Press: Cambridge, MA, USA, 2001; pp. 556–562. [Google Scholar]

	



Tkach, D.; Huang, H.; Kuiken, T.A. Study of stability of time-domain features for electromyographic pattern recognition. J. Neuroeng. Rehabil. 2010, 7, 21. [Google Scholar] [CrossRef] [PubMed]

	



Ison, M.; Artemiadis, P. The role of muscle synergies in myoelectric control: Trends and challenges for simultaneous multifunction control. J. Neural Eng. 2014, 11, 051001. [Google Scholar] [CrossRef] [PubMed]

	



Buongiorno, D.; Camardella, C.; Cascarano, G.D.; Pelaez Murciego, L.; Barsotti, M.; De Feudis, I.; Frisoli, A.; Bevilacqua, V. An undercomplete autoencoder to extract muscle synergies for motor intention detection. In Proceedings of the 2019 International Joint Conference on Neural Networks (IJCNN), Budapest, Hungary, 14–19 July 2019; pp. 1–8. [Google Scholar] [CrossRef]

	



Vujaklija, I.; Shalchyan, V.; Kamavuako, E.N.; Jiang, N.; Marateb, H.R.; Farina, D. Online mapping of EMG signals into kinematics by autoencoding. J. Neuroeng. Rehabil. 2018, 15, 21. [Google Scholar] [CrossRef]

	



Buongiorno, D.; Cascarano, G.D.; Brunetti, A.; De Feudis, I.; Bevilacqua, V. A Survey on peep learning in electromyographic signal analysis. In Intelligent Computing Methodologies; Huang, D.S., Huang, Z.K., Hussain, A., Eds.; Springer International Publishing: Cham, Switzerland, 2019; pp. 751–761. [Google Scholar]

	



Lv, B.; Sheng, X.; Zhu, X. Improving myoelectric pattern recognition robustness to electrode shift by autoencoder. In Proceedings of the 2018 40th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Honolulu, HI, USA, 17–21 July 2018; pp. 5652–5655. [Google Scholar] [CrossRef]

	



Chvatal, S.A.; Torres-Oviedo, G.; Safavynia, S.A.; Ting, L.H. Common muscle synergies for control of center of mass and force in nonstepping and stepping postural behaviors. J. Neurophysiol. 2011, 106, 999–1015. [Google Scholar] [CrossRef]

	



Ting, L.H.; Macpherson, J.M. A limited set of muscle synergies for force control during a postural task. J. Neurophysiol. 2005, 93, 609–613. [Google Scholar] [CrossRef]

	



Torres-Oviedo, G.; Macpherson, J.M.; Ting, L.H. Muscle synergy organization is robust across a variety of postural perturbations. J. Neurophysiol. 2006, 96, 1530–1546. [Google Scholar] [CrossRef]

	



Barradas, V.R.; Kutch, J.J.; Kawase, T.; Koike, Y.; Schweighofer, N. When 90% of the variance is not enough: Residual EMG from muscle synergy extraction influences task performance. BioRxiv 2019, 634758. [Google Scholar] [CrossRef] [PubMed]

	



Frisoli, A.; Rocchi, F.; Marcheschi, S.; Dettori, A.; Salsedo, F.; Bergamasco, M. A new force-feedback arm exoskeleton for haptic interaction in virtual environments. In Proceedings of the First Joint Eurohaptics Conference and Symposium on Haptic Interfaces for Virtual Environment and Teleoperator Systems, World Haptics Conference, Pisa, Italy, 18–20 March 2005; pp. 195–201. [Google Scholar]

	



The MathWorks, Inc. Available online: https://it.mathworks.com/products/matlab.html (accessed on 16 April 2020).

	



Ye, F.; Chen, C.; Zheng, Z. Deep autoencoder-like nonnegative matrix factorization for community detection. In Proceedings of the 27th ACM International Conference on Information and Knowledge Management, Turin, Italy, 22–26 October 2018; pp. 1393–1402. [Google Scholar]

	



Bando, Y.; Mimura, M.; Itoyama, K.; Yoshii, K.; Kawahara, T. Statistical speech enhancement based on probabilistic integration of variational autoencoder and non-negative matrix factorization. In Proceedings of the 2018 IEEE International Conference on Acoustics, Speech and Signal Processing (ICASSP), Calgary, AB, Canada, 15–20 April 2018; pp. 716–720. [Google Scholar]

	



Zia ur Rehman, M.; Gilani, S.; Waris, A.; Niazi, I.; Slabaugh, G.; Farina, D.; Kamavuako, E. Stacked sparse autoencoders for EMG-based classification of hand motions: A comparative multi day analyses between surface and intramuscular EMG. Appl. Sci. 2018, 8, 1126. [Google Scholar] [CrossRef]

	



Bevilacqua, V.; Buongiorno, D.; Carlucci, P.; Giglio, F.; Tattoli, G.; Guarini, A.; Sgherza, N.; De Tullio, G.; Minoia, C.; Scattone, A.; et al. A supervised CAD to support telemedicine in hematology. In Proceedings of the 2015 International Joint Conference on Neural Networks (IJCNN), Killarney, Ireland, 12–16 July 2015; pp. 1–7. [Google Scholar] [CrossRef]

	



Dimauro, G.; Girardi, F.; Gelardi, M.; Bevilacqua, V.; Caivano, D. Rhino-Cyt: A system for supporting the rhinologist in the analysis of nasal cytology. Intell. Comput. Theor. Appl. 2018, 619–630. [Google Scholar] [CrossRef]

	



Buongiorno, D.; Trotta, G.F.; Bortone, I.; Di Gioia, N.; Avitto, F.; Losavio, G.; Bevilacqua, V. Assessment and rating of movement impairment in Parkinson’s disease using a low-cost vision-based system. In Intelligent Computing Methodologies; Huang, D.S., Gromiha, M.M., Han, K., Hussain, A., Eds.; Springer International Publishing: Cham, Switzerland, 2018; pp. 777–788. [Google Scholar]

	



Goodfellow, I.; Bengio, Y.; Courville, A.; Bengio, Y. Deep Learning; MIT Press: Cambridge, UK, 2016; Volume 1. [Google Scholar]

	



Buongiorno, D.; Barone, F.; Berger, D.J.; Cesqui, B.; Bevilacqua, V.; d’Avella, A.; Frisoli, A. Evaluation of a pose-shared synergy-based isometric model for hand force estimation: Towards myocontrol. In Converging Clinical and Engineering Research on Neurorehabilitation II; Ibáñez, J., González-Vargas, J., Azorín, J.M., Akay, M., Pons, J.L., Eds.; Springer International Publishing: Cham, Switzerland, 2017; pp. 953–958. [Google Scholar] [CrossRef]

	



IBM. SPSS. Available online: https://www.ibm.com/analytics/spss-statistics-software (accessed on 16 April 2020).

	



Jiang, N.; Englehart, K.B.; Parker, P.A. Extracting simultaneous and proportional neural control information for multiple-DOF prostheses from the surface electromyographic signal. IEEE Trans. Biomed. Eng. 2008, 56, 1070–1080. [Google Scholar] [CrossRef] [PubMed]








[image: Information 11 00219 g001 550] 





Figure 1. The experimental setup. (A) The subject that is wearing the upper limb L-Exos exoskeleton. (B) The virtual environment showing the cursor and the target sphere. (C) The surface EMG (sEMG) electrode placement. 
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Figure 2. The proposed Autoencoder-based neural model. 
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Figure 3. Results averaged among the test sets for each subject and each compared technique/model. Top-left. Shoulder moment ERMS errors. Bottom-left. Elbow moment ERMS errors. Top-right. Moment Multivariate   R 2   index values. Bottom-right. sEMG Multivariate   R 2   index values. 
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Table 1. Means and standard deviations of the shoulder/elbow moment RMS errors and Multivariate R2 index values among all subjects.
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	Model
	Shoulder Moment

RMS Error [Nm]

(M ± SD)
	Elbow Moment

RMS Error [Nm]

(M ± SD)
	Shoulder and Elbow Moment

Multivariate R2

(M ± SD)





	   H m   
	   1.15 ± 0.24   
	   0.72 ± 0.17   
	   0.75 ± 0.09   



	   H W  W +  m   
	   1.42 ± 0.31   
	   0.90 ± 0.16   
	   0.62 ± 0.09   



	    H ^  c   
	   1.40 ± 0.30   
	   0.90 ± 0.16   
	   0.63 ± 0.08   



	   A E  m o d e l   
	   1.06 ± 0.26   
	   0.62 ± 0.14   
	   0.80 ± 0.07   
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Table 2. Results of the post-hoc analysis about the joint moments. p-values lower than 0.05 are in bold text.
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Shoulder Moment

RMS Error

	
Elbow Moment

RMS Error

	
Moment

Multivariate R2






	
Pairwise

Comparison

	
Z

	
p-Value

	
Z

	
p-Value

	
Z

	
p-Value




	
   H m − H W  W +  m   

	
−1.333

	
0.171

	
−1.333

	
0.171

	
1.667

	
0.037




	
   H m −  H ^  c   

	
−0.556

	
1.000

	
−1.000

	
0.602

	
0.889

	
0.865




	
   H m − A E  m o d e l   

	
1.222

	
0.268

	
0.778

	
1.000

	
−1.000

	
0.602




	
   H W  W +  m −  H ^  c   

	
0.778

	
1.000

	
0.333

	
1.000

	
−0.778

	
1.000




	
   H W  W +  m − A E  m o d e l   

	
2.556

	
<0.001

	
2.111

	
0.003

	
−2.667

	
<0.001




	
    H ^  c − A E  m o d e l   

	
1.778

	
0.021

	
1.778

	
0.021

	
−1.889

	
0.011
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Table 3. Means and standard deviations of the sEMG Multivariate R2 index values among all subjects. Results of the Wilcoxon Test about the comparison between the non-negative matrix factorization (NNMF) and Autoencoder.
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Model

	
sEMG Multivariate R2




	
M ± SD

	
Wilcoxon Test






	
   N N M F   

	
   0.89 ± 0.02   

	
   Z = − 2.666 , p = 0.008   




	
   A E   

	
   0.86 ± 0.02   
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