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Abstract

:

Surface electromyography (sEMG) is a promising technology that can capture muscle activation signals to control robots through novel human–machine interfaces (HMIs). This technology has already been applied in scenarios such as prosthetic design, assisted robot control, and rehabilitation training. This article provides an overview of sEMG-based robot control, covering two important aspects: (1) sEMG signal processing and classification methods and (2) robot control strategies and methods based on sEMG. First, the article outlines the general steps in sEMG signal processing and summarizes the commonly used methods for data acquisition, pre-processing, and feature extraction. In addition, machine-learning-based pattern recognition methods have been introduced for sEMG signal classification. Subsequently, user intent-based robot control strategies are classified into three categories: full-human continuous control, semi-autonomous continuous control, and discrete control, and their control methods and applicable scenarios are compared. Finally, this article discusses the advantages, disadvantages, and future development prospects of sEMG-based robot control. This review provides a comprehensive overview of sEMG-based robot control, from signal processing and classification methods to robot control strategies and methods, aiming to guide future research on selecting filters, feature sets, and pattern recognition methods and to assist in establishing sEMG-driven robot control frameworks.
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1. Introduction


Surface electromyography (sEMG) is the superposition of numerous motor unit action potentials (MUAPs) in time and space, which can be recorded by sEMG sensors. sEMG-based technologies have been widely used in rehabilitation [1,2,3,4,5,6,7], exercise physiology [8,9,10], and other fields [11,12,13,14,15]. Research by Das Deutsche Zentrum für Luft- und Raumfahrt (DLR) has shown that, among various biological signal interfaces in the design of HMIs, non-invasive methods in BCI (brain–computer interface technology, including electroencephalograms, magnetoencephalography, and functional magnetic resonance imaging) have poor time or spatial resolution, whereas invasive methods (electrocorticography and microelectrodes) perform well but have harsh usage conditions, making them unfeasible for robot control [16]. There have also been studies that explore the use of head, tongue, and eye movements as control signals [17]; however, these methods are difficult to apply to the continuous control of robotic arms. With the gradual maturity of sEMG sensor technology, the convenience and practicality of using sEMG in device control has become increasingly prominent.



The sEMG signal, which appears 50–100 ms before movement [18,19], can be used to predict human movement and then control robots based on such predictions. There are numerous application scenarios for sEMG-based robot control. In the rehabilitation field, Lu created an EMG-driven exoskeleton hand robot designed to assist in hand rehabilitation training of neurologically injured patients [20]. Sun demonstrated the effectiveness of sEMG-driven robots in stroke rehabilitation training [7]. Secciani presented a fully wearable Hand Exoskeleton System (HES) controlled by a novel sEMG-based classification strategy [21]. It can also be used as an auxiliary device to assist individuals with limb movement impairment in their daily activities. Li introduced two novel strategies for power-assist exoskeleton control using sEMG [22]. Kiguchi has been working on sEMG-based neuro-fuzzy control in a power-assisted upper-limb exoskeleton [23]. Hagengruber and Vogel used sEMG as an interface to control a manipulator that can assist people with severe muscular atrophy (SMA) in some daily activities [24]. An integrated system with 27-DOF named EDAN consists of a wheelchair, a manipulator, and a robot hand and can help people with movement disorders in daily activities [25]. For amputees, some sEMG-driven prostheses are available [26,27]. The mode of robot control varies depending on the type of robot and application scenario. A method combining a low-pass filter with spherical linear interpolation was used for lightweight robot trajectory generation in Roman’s study. Guided by an sEMG signal, the robot can mimic human motion with a small delay [28].



Despite extensive research on sEMG in the academic community, its development in practical applications, particularly in robot control, is not yet mature. Factors such as instability and interindividual variability of sEMG signals pose significant challenges for control. A comprehensive review of the relevant literature will be constructive in synthesizing key research results and revealing major research trends in this field. Therefore, this study aimed to summarize and answer the following questions:




	
What methods are used in each step of sEMG signal processing?



	
What are the strategies and methods for robot control driven by sEMG?



	
What are the advantages and disadvantages of using sEMG for robot control, the main challenges encountered, and the future development trends?








To address these questions, this paper searches for research articles, conference papers, and books related to the use of surface electromyography for robot control in the IEEE Xplore Digital Library, Web of Science, and PubMed databases using keywords such as sEMG, robot, exoskeleton, etc. that were published up to March 2023, with a focus on research on the use of surface electromyography for robot control in the past 10 years. Papers with unclear descriptions of research methods, low-quality reports, and review articles were excluded. The advantages and disadvantages of using sEMG for robot control are also discussed, along with the major challenges encountered and future development trends in this area. Overall, this review provides a valuable resource for researchers and practitioners in the field of sEMG-driven robot control.




2. Methods Summary in sEMG-Based Robot Control


Various methods have been used to process sEMG signals. In general, the processing steps are roughly the same: The signals are first filtered and amplified after collection. This step is crucial for subsequent research, especially for patient data where residual muscle strength may be weaker, meaning that their sEMG amplitude may be smaller by an order of magnitude or greater than that of healthy individuals. Therefore, reasonable filtering and amplification processes can ensure the signal-to-noise ratio of the signal, making it easier to extract sufficient motion information from sEMG. Feature extraction was then performed. Most studies focus on muscle activation levels; therefore, time-domain features are often selected for extraction. Studies related to muscle fatigue levels tend to focus on the frequency-domain features. In addition, there are studies based on time-frequency feature sets. Finally, sEMG signal recognition was performed, and various machine-learning methods were used to decode the sEMG signals into limb movement information. This step is critical and is currently a research hotspot. Some scholars do not perform recognition; instead, they combine the muscle model proposed by Hill [29,30] to acquire muscle activation levels through sEMG and then perform subsequent research based on muscle activation. The main contents of this article are summarized in Figure 1.




3. Processing and Pattern Recognition Methods


Raw sEMG signals cannot be applied to limb movement motion detection or robot control because of their spatial and time complexity. To obtain the subject’s movement information, sEMG signals need to be processed by data acquisition, pre-processing, feature extraction, dimensionality reduction (if necessary), and pattern recognition. Figure 2 provides an overview of the signal processing steps and methods. Data acquisition and pre-processing filter noise and signals emanating from unrelated muscles. The selection of the feature sets extracted from the processed signal is vital to the accuracy of the classifiers, which is the core of pattern recognition. The following paragraphs discuss the methods used in these steps.



3.1. Data Acquisition


Many types of sEMG sensors have been applied in previous studies. Single-channel sEMG sensors focus on a particular area of muscle to try to eliminate the signals from uninterested muscles. This sensor is typically used in groups to form a multichannel acquisition system and simultaneously collect sEMG signals from different body parts. In contrast, high-density sEMG sensors can acquire spatial and temporal EMG information of a certain area using an electrode array that includes dozens of electrodes. Most researchers choose a commercial product that is quite mature compared with several self-made sensors. The Myo armband is a widely used product in hand gesture recognition based on sEMG [31,32,33]. Delsys Inc. provides various sensors for different situations [11,13,34,35]. In addition, some devices can provide biofeedback signals to stimulate the muscles of patients to help them perform rehabilitation exercises [36].



The knee, ankle, shoulder, elbow, wrist, and finger joints support most movements in activities of daily living. Therefore, muscles attached to the bones that make up these joints have been extensively studied for a long time. Table 1 shows the muscles of interest in some papers published in the last 20 years. From the table, it can be concluded that, for the upper limb, these muscles are the biceps brachii, triceps brachii, and deltoid; for the lower limb, the most interesting muscles are the quadriceps femoris, anterior tibial, and gastrocnemius; for the wrist and finger joints, these muscles mainly refer to the flexor/extensor carpi ulnaris/radialis and extensor digitorum. In addition, some authors have performed their work on other muscles of the human body. Wang studied speech recognition based on sEMG signals of the facial and neck muscles [13]. Potvin’s paper contributes to the load of the waist and abdomen muscles during repetitive weightlifting [12]. For studies in the field of hand gestures, the first dorsal interosseous, thenar, and hypothenar have also received attention from researchers.



To obtain a higher signal-to-noise ratio (SNR), references [6,20,101,102] carried out a strict experimental protocol: shaving off the hair on the limbs, polishing the skin of the target area with sandpaper, wiping it with an alcohol pad, and finally, applying the medical gel. The authors of these studies believe that these steps are necessary for collecting satisfactory data, but most scholars have not executed such tedious operations in their experiments. Although there are some differences in the experimental protocols, researchers should be able to reach a consensus that the position of the sEMG sensor should be relatively fixed in each experiment. To maintain the same position in different trials, reference [73] divided the subject’s forearm into seven areas according to their body structure and marked them with different colors. Vogel indicated that a slight deviation of the electrode will lead to a significant impact on the experimental results, but for SMA patients, maintaining the exact location in every test is challenging [37].




3.2. Pre-Processing


The primary purpose of pre-processing is to obtain filtered signals. Generally, noise can be divided into six classes: electronic devices’ inherent noise, ambient noise, motion artifacts, inherent instability of sEMG signals, electrocardiographic artifacts, and cross-talk from muscles around the target area [100,103,104]. Although some artifacts and cross-talk have been avoided by selecting the electrode position and using a wireless transform, raw data acquired by the sEMG sensor still contain many noise signals.



The most helpful information from the sEMG signal is distributed in the frequency band of 0 Hz–500 Hz, and the primary energy is concentrated in 20 Hz–150 Hz [105]. Based on this fact, most studies have used band-pass filters, and the frequency band of filtering is 20 Hz–500 Hz. De Luca [106,107] and Beck [8,101,108,109,110]’s works are based on a broader frequency band from 20 Hz to 1750 Hz, whereas others focus on a narrow band. The Butterworth band-pass filter is the most popular filter. The main difference in those studies in which the Butterworth filter is used is its order. Bidirectional filters help prevent phase shifts that filters may introduce [42,51,77,92]. To eliminate the influence of power frequency interference on sEMG, a signal with a small amplitude, Kline [111] and Kuan [112] used a notch filter at 50 Hz or 60 Hz. On the contrary, some scholars believe that the notch filter filters the bioelectrical information in the corresponding frequency band; therefore, they did not use a notch filter [96]. In addition to placing electrodes on the target muscles, Schiel [113] and Kuan [112] also placed an extra sensor on the nearby inactive muscle as the resting signal channel. By subtracting the resting signal from the signals of each target channel, the baseline noise and cross-talk can be filtered. After the first round of filtering, a low-pass filter was used again in some studies because the contraction frequency of muscles in healthy people is low under normal conditions [12,32,42,86]. High-frequency (>10 Hz) nerve stimulation triggers tonic contraction of skeletal muscle, which is a concern of scholars who pay attention to Parkinson’s disease and stroke patients.



The power of the sEMG signal is meager, and the maximum amplitude is generally less than 10 mV [48]. Therefore, amplifying the sEMG signal is necessary to facilitate the signal acquisition. However, most acquisition systems can perform this step automatically, and researchers no longer need to handle it manually. The amplitude of the sEMG signals is assumed to be proportional to the muscle tension [48]. Thus, the strength difference between muscles (including individual differences) is inconvenient when comparing the effort levels during muscle contraction. In this case, normalization is beneficial. In addition to the above pre-processing methods, there are rectification, dimension reduction, and other methods. The pre-processing techniques used in related studies are summarized in Table 2.




3.3. Feature Extraction


Before feature extraction, the signal segmentation should first be determined. An overlapping window is the most widely used method; however, the window width and overlapping width are different. The width of the window directly affects the effectiveness of the feature extraction and delay time. The larger the window width, the more information will be obtained, and the less the deviation of the extracted features will be, but more computing time will be required. In references [121,122,123], for the first time, it was suggested that the maximum delay in a closed-loop real-time control system should be less than 300 ms. A delay time of 100 ms–250 ms is appropriate, and the classifier’s performance should precede the delay time.



For a specific classifier, the selection of the feature sets of the sEMG signals is the most important factor affecting its performance. Signal analysis generally includes Time Domain (TD), Frequency Domain (FD), Time-Frequency Domain (TFD) transformation, and entropy. TD features are used most frequently and are mainly for muscle effort or active-level analysis; FD features are primarily utilized to study the level of muscle fatigue. They can also be recruited as supplement features to form a feature set together with TD features to improve the accuracy of classification. TFD transforms such as Short-Time Fourier Transform (SFTF), Fast Fourier Transform (FFT), and wavelet transform retain the TD and FD characteristics of a signal. However, there are few studies based on TFD, owing to its complexity and poor interpretability. Fifty groups of standard features were recruited from reference [116] to select the most robust single feature and feature set. TD, FD, TFD, and Entropy features were also included. Based on the Linear Discriminant Analysis (LDA) classifier, the feature sets with the best performance are the Sample Entropy (SampEn), Cepstrum Coefficient (CC), Root Mean Square (RMS), and Wave Length (WL). The feature sets used in these studies are listed in Table 2.




3.4. Pattern Recognition


The data obtained through the above processing should be input into a classifier for pattern recognition that can extract human actions from sEMG signals through machine-learning (ML) methods. The classifier can then be applied to specific scenes, such as HMIs or prosthesis control. Academic research has focused on the type of classifier used and how to improve the accuracy of classification. In recent studies, Support Vector Machines (SVMs), Linear Discriminant Analysis (LDA), K-Nearest Neighbor (KNN), Decision Trees (DTs), Random Forest (RF), the Hidden Markov Model (HMM), Bayesian Classifiers (BCs), Fuzzy Control (FC), Recurrent Neural Networks (RNNs), Convolutional Neural Networks (CNNs), and Artificial Neural Networks (ANNs) as well as their improved models have been used to identify sEMG.



The performance of different classifiers in different scenarios may vary significantly when using machine-learning methods. Therefore, in recent studies, researchers have used various methods to simultaneously compare and select those with better performance. After extracting six TD features from the same dataset, a SVM, LDA, and KNN were used for classification in Hussein’s work, with accuracy rates of 96.16%, 95.07%, and 88.33%, respectively. For the SVM, the RBF core achieves a higher accuracy than the linear method [54].



In [11,24], the collected sEMG signal was mapped to the control commands using a machine-learning approach based on a Gaussian Process, where a space velocity (three dimensions) and a binary trigger signal were decoded. Then, the LDA classifier was used to interpret the binary trigger signal from the training data.



DT, LibSVM, KNN, and NaiveBayes, which are supported by the open-source machine tool Weka, were compared in [40]. For LibSVM, a grid search algorithm tunes the best RBF kernel parameters. The other three classifiers used default parameters. The experimental results show that the four classifiers LibSVM, KNN, DT, and NaiveBayes achieved 96.16%, 94.02%, 76.18%, and 63.87% accuracy, respectively, in the intra-subject test.



In a study of sEMG-controlled upper-limb prostheses under force variation conditions, the average error rates of LDA, RF, NaiveBayes, and KNN (k = 3) for hand gesture recognition were 17.42%, 17.97%, 19.07%, and 19.14%, respectively [27].



Long Short-Term Memory (LSTM) has been applied to gait phase recognition in a low-cost system [95]. LSTM has been used to solve the problem of long-term dependence in general RNNs since it was designed. It can effectively transfer and express information in a long time series without causing useful information to be ignored (forgotten). Simultaneously, LSTM can solve the problem of gradient disappearance/explosion in RNNs. The proposed method achieved average classification accuracies of 94.10%, 87.25%, 90.71%, 94.02%, and 87.87%, respectively, for different gaits. In addition, the proposed system exhibits an advantage in terms of real-time performance, with a low average time consumption.



Reference [34] worked on daily activity monitoring and fall detection based on sEMG and an accelerometer (ACC). The two signals were input into double-stream HMMs, a double stochastic process including Markov chains and a general stochastic process. O = {OE, OA} is the model of the two-stream feature sequences, where OE denotes the sEMG signals, and OA denotes the ACC signals. The corresponding parameters of the two models, such as the transition probability matrix and observation probability distribution, were obtained through model training. The experimental results for 387 activities showed that the HMM achieved an average recognition accuracy of 98.3%.



Kiguchi’s research [23,76,85,87,91,93,117] focused on applying neuro-fuzzy theory to control a power-assist exoskeleton of the upper limbs. In [23], the authors established a 4 × 12 mapping matrix between the RMS of a 12-channel sEMG and a 4-DOF upper limb (shoulder and elbow) motion. Each element in this matrix is the weight of each channel signal to 4-DOF torque. The neuro-fuzzy model is used to modify the weight value in the matrix so that the weight value can consider the influence of upper-limb posture and adapt to individual differences. The four joint angles were the inputs of the neuro-fuzzy modifier. After calculating the fuzzifier, rule, and defuzzifier layers, the weights were modified. The experimental results show that the model can effectively reduce the force level of users when they operate the exoskeleton.



Elahe proposed a novel deep architecture, referred to as XceptionTime, which integrates depth-wise separable convolutions, adaptive average pooling, and a new non-linear normalization technique. By connecting these modules in a series, XceptionTime can extract both temporal and spatial messages without the need for data augmentation or manual feature extraction. In addition, this model is more robust to input, less complex, and less likely to overfit. Based on the Nina dataset, DB1, the result indicates a better performance than other methods [124].




3.5. Datasets


Generally, the specific fields of research are different, and most researchers have conducted unique experiments on their topics. Thus, the datasets in different studies are quite different and are not universal. However, studies on biceps brachii, triceps brachii, and hand gesture-related muscles are more popular. Some authors have contributed to open-source datasets of these muscles for future work.



Jarque-Bou provides a database of kinematics and sEMG of the forearm and hand, called the KIN-MUS UJI Dataset, recording 572 forearm angles and muscle activities of 22 subjects during activities of daily living [73]. The sEMG and Inertial Measurement Unit (IMU) signals of the forearm during typing, push-ups, weightlifting, and rest were collected using the Myo Thalamic band in Khan’s study [53]. Al-Timemy AH provided EMG signals for patients with radial artery amputation for prosthetic control [27]. A dataset related to the hand movements of amputees provided in [125] can be used to study the relationship between the sEMG signal, hand kinematics, and hand force. Zhu used the Myo band to collect datasets under non-ideal conditions, including electrode displacement, individual differences, muscle fatigue, daytime differences, arm posture, and other factors, for robust research on the sEMG control system [66]. The literature [72] records 12 high-density sEMG signals of gestures for gesture recognition and the development of muscle–computer interfaces (MCIs). In [39], gesture recognition was based on the CapgMyo and CSLHDEMG datasets. Mónica provides a record of high-density EMG signals of five muscles of the upper limb [89]. Cene provides an open-source dataset of the upper limb for an Extreme Learning Machine (ELM) limit learning machine for intention detection [50]. Mohammed provided a method for simulating and generating EMG data from healthy individuals [114].





4. Application of sEMG Interface in Robot Control


The unique advantage of EMG in driving robots is its ability to capture bioelectric signals released during muscle contraction. The practicality, convenience, and earlier-than-movement characteristics of sEMG sensors also enable real-time control of robots. In the existing research, controlled robots are not limited to popular mechanical arms and exoskeletons. Wearable mechanical dexterous hands and gloves are also common in the rehabilitation field, and some scholars have studied the control of mobile robots, such as wheelchairs and wheeled robots. The control methods and difficulty levels vary for the different types of devices used in applications. In Section 4.1, we will discuss the differences in control strategies used in current research when the similarity between human motion and robot motion is different. In Section 4.2, we distinguish two methods for extracting human motion information from sEMG. These two different methods, combined with the three control strategies in Section 4.1, will form different robot control schemes.



4.1. Classification of Robot Control Strategies


The use of sEMG signals to drive robots or prosthetics can assist individuals with movement disorders in activities or enhance their movement abilities. Rehabilitation robots using neural interfaces have promising potential for the treatment of post-stroke patients. The control strategies for robots using sEMG interfaces can be generally categorized into full-human continuous control (S1), semi-autonomous continuous control (S2), and discrete control (S3). Their characteristics and related research are detailed in the following paragraphs.



4.1.1. Full-Human Continuous Control Strategy (S1)


Under this control strategy, the movement of the robot is entirely dependent on muscle activation information. The robot begins to move synchronously when the signal collected by the sEMG interface exceeds a given threshold. Typically, a robot’s movement mimics human limb movement or collaborates with the subject to accomplish tasks when using this control strategy.



A Gaussian regression process-based method was used to control the manipulator in Vogel’s study. They decoded biological signals using a Gaussian regression process and mapped an eight-channel sEMG to directed velocity-based 2D or 3D control commands for manipulator control in a microgravity (space) environment [11]. In [24,37], a machine-learning method based on the Gaussian regression process was used to transform the EMG signals of SMA patients into force and velocity control commands for a manipulator. Weitschat proposed a spherical linear interpolation motion-planning method that allows an sEMG-controlled manipulator to imitate human motion with a short delay [28].



Artemiadis and Kyriakopoulos dimensionally reduced the acquired sEMG signals to two dimensions and mapped them to the four joint angles of the shoulder and elbow joints [82,86,88]. By interacting with a 4-DOF manipulator, the hand position and interaction force, which can be used as exoskeleton control, are obtained through the forward kinematics and dynamics of the human body.



Grafakos implemented variable admittance control for a 7-DOF manipulator based on sEMG and compared it with constant admittance control in terms of motion accuracy, execution time, and energy consumption [35]. Li implemented adaptive impedance control for an upper-limb exoskeleton using sEMG [126].



Fuzzy neural networks were used to model the various factors of the dominant muscles when the upper arm shoulder-elbow joint was in different positions in Kiguchi’s work. The model takes multi-channel sEMG signals as input and maps them to the joint torques on the human upper limb. The resulting model is applied to control exoskeletons [23,76,85,87,91,93,117].



Li et al. collected sEMG information from agonist and antagonist muscles simultaneously to calculate the exoskeleton’s joint torque control and applied LDA classifiers to improve the classification efficiency at each joint [22].



Liu et al. proposed a method to adapt a household rehabilitation bilateral exoskeleton’s stiffness based on the user’s dynamic motion using sEMG and upper-limb musculoskeletal models [3]. Ding proposed a model that combines Hill’s muscle model and human dynamics to estimate the joint angular velocity and joint angle, which can be applied to drive a manipulator [81].



Sun et al. controlled a simple single-axis robot for upper-limb rehabilitation training for stroke patients using myoelectric signals from the triceps brachii [7]. Minatil proposed a control method for a 6-DOF robot that combines multi-sensor fusion perception and control, including eye tracking, EEG, EMG, and head motion sensors. This control method can be applied to control wheelchairs and daily assistive robots [127].



Zeng proposed an HRI method that combines both active and antagonist myoelectric signals to control a robotic gripper, allowing users to change grip stiffness by altering the degree of muscle contraction [49]. HRI can be applied to the remote operation of robots and the design of prosthetics. In [71], a hand synergistic control method combining a multifactor model and sEMG signals was proposed. A five-finger robotic hand with two degrees of freedom for each finger is illustrated in [69]. This robotic hand was driven by sEMG signals from the forearm, and control commands were generated by the classification results of EMG using the Random Forest (RF) method.



Khoshdel introduced a method that applies an ANN to estimate lower-limb strength from sEMG signals and apply it to a knee rehabilitation robot. Both human and robot models were simulated and experimentally validated using OpenSim [62,98]. In [4], a 6-DOF parallel robot was controlled by four channels of sEMG signals from the lower limb and applied to lower-limb rehabilitation. Fan used a fuzzy neural network to identify a user’s motion intent based on sEMG and interactive forces [18]. The lower-limb exoskeleton robot uses the estimated human motion as the control command and feedback with the exoskeleton joint angle, forming a closed-loop rehabilitation system for human–machine collaboration. Malosio designed a spherical parallel 3-DOF robot for ankle-foot joint rehabilitation using sEMG and interactive force [2].



Kuan et al. combined binary intent estimation based on a SVM for sEMG classification and continuous intent estimation based on linear regression for force prediction for the control of a rehabilitation robot, which can help improve joint mobility in the human body [112]. Jain et al. studied an artificial finger that could perform biomimetic movements using sEMG signals from the index finger. This artificial finger was made of an ion-polymer metal composite material [128].




4.1.2. Semi-Autonomous Continuous Control Strategy (S2)


This strategy frequently requires a combination of many sensors, notably vision, for perception. The robot system follows the sEMG signal for movement and then uses signals from additional sensors to sense the surrounding environment and objects, further determining the user’s motion intention and automatically executing a pre-programmed task template to aid in fulfilling the task.



Vogel provides shared control templates, which employ the subject’s sEMG signals to direct the robotic arm’s motion by combining visual perception from a camera with pre-set task action templates, such as drinking water, opening doors, and picking up objects. Based on this, the control computer infers the user’s task intention and calls a shared control template for the robotic arm to aid the user in performing the task. During this procedure, the motion of the robotic arm is no longer solely determined by the sEMG signals [16,25,83].



Shenoy employs a different semi-automatic control method, extracting only the direction of movement from a recorded sEMG signal with a predefined speed and joint torque for the movement of a robotic arm [60]. Activation of the hand extensor and abductor pollicis brevis muscles controls the opening and closing of a wearable five-fingered mechanical hand with the motor moving at a constant angular velocity, as described in [42]. This artificial hand was utilized for hand rehabilitation training after a stroke.




4.1.3. Discrete Control Strategy (S3)


Unlike the previous two control strategies, in this strategy, the human and robot movements are often dissimilar. The most convenient and commonly used human movement involves various gestures, and there are studies using other limb movements of amputees. On the other hand, robot movements are expressed as movement or joint rotation, and there are more types of controllable devices. However, this type of control only uses sEMG signals for simple threshold control switch-label settings for specific movements. The control logic is simple but limited to simple scenarios involving few movements. For scenarios with many movements, a certain amount of learning is required.



Murillo defined five gestures as motion commands for a multi-axis mechanical arm, recorded sEMG signals using the Myo armband, identified them, and then controlled the mechanical arm to move in a predetermined manner [33]. Hassan collected EMG signals from the forearm using the Myo armband and compared the recognition accuracies of the SVM, LDA, and KNN algorithms [54]. The gesture recognition results were applied to control a mechanical arm with 5-DOF. In [31], the Myo armband was applied to recognize motions using sEMG and IMU signals, and the recognition results were used to control a PeopleBot home robot.



Chen mapped the sEMG signals of seven gestures to the movement and grasping of a mechanical arm, which matched seven predetermined movements [52]. The corresponding mechanical arm control commands were obtained from the results of SVM classification. Gowtham employed sEMG and IMU to control a 5-DOF mechanical arm, where the IMU signals of the left and right arms controlled the movement of four rotating DOF, and the sEMG signal of the palm opening and closing controlled the movement of the end gripper [129]. Abayasiri controlled the movement of electric wheelchairs and gripped mechanical arms using sEMG signals from both upper limbs [85]. Maeda developed eight wrist movements and mapped them using fuzzy logic for wheelchair motion commands [78].



Duan investigated the utilization of residual limb gestures of amputees for prosthesis control via EMG signals [65]. Shenoy et al. applied SVM classification to classify sEMG signals and mapped the results to four predetermined gestures, allowing a prosthetic robot to perform grabbing, left-right, up-and-down, and rotating movements [60]. AL-Quraishi et al. applied the results to the control of dexterous hand prostheses using sEMG signals from the forearms of amputees for motion classification recognition [6].



Lu et al. utilized four-channel sEMG signals from his forearm and hand to define six distinct actions and accomplished real-time control of a wearable five-finger robot for hand mobility rehabilitation training [20]. Bisi et al. defined ten gestures and utilized the KNN algorithm for sEMG classification recognition, translating these into mobile robot control commands [44]. Tamilsenlvi et al. designed a simple mechanical arm for amputees that could be controlled by a sEMG interface for rudimentary movements [26]. Nam et al. proposed a human–machine interface based on the fusion of three sensors: glosso-kinetic potential, electrooculogram, and EMG signals from facial muscles, providing robot assistance for people with limb movement disorders or complete paralysis [17].





4.2. Robot Control Methods Using sEMG Interfaces


In the research mentioned in the previous section, the methods for translating sEMG signals into robot control commands can be divided into the following two categories:



Human Model-Based Method (M1): M1 involves solving muscle activation levels from sEMG data, estimating human motion based on musculoskeletal models and human dynamics, and commanding robots for human–robot collaboration activities or exoskeleton devices to follow human motion.



Machine-Learning-Based Method (M2): M2 considers the physical system of muscle-driven bone movement in the human body as a black box and uses machine-learning techniques to directly convert sEMG signals to the joint torque and joint angle. Then, the position, velocity, and force control are implemented based on the kinematics of the robot. Interestingly, Bu starts with processed sEMG pictures and uses the YOLO algorithm to identify joint movement and detect joint angles [79].



Figure 3 shows the relationship between control methods and control strategies. When using muscle signals from limb movement (arms or legs), most researchers employ the M1 or M2 approaches. Generally, more studies adopt the M2 than the M1. The reason for this, in the author’s opinion, is that human modeling based on physiology and biomechanics is highly complex, and it is difficult to guarantee its accuracy. In addition, this form of the model is easily affected by individual variances, leading to low generalizability. Hand gesture movements involve so many muscles and bones that it is difficult to discuss their dynamics. Hence, hand gesture-related research uses the machine-learning method M2 to make the process easier.





5. Discussion and Future Perspectives


sEMG signals contain rich information, which can not only reflect the level of muscle activation and the strength of contraction, but also extract information on limb movement control, limb impedance, and muscle fatigue. The use of sEMG sensors does not require complex operations, and signals can be obtained by attaching electrodes to the skin, which is simple, convenient, and efficient. sEMG precedes movement, which makes it advantageous as a control interface for devices, and it can be used to predict human motion in real time. The myoelectric signals of the residual muscle can still provide movement information for people with movement disorders or amputations.



However, there are still some unresolved challenges in using sEMG as a control signal for robotic arms. The information obtained from sEMG is ambiguous. The biological signals of adjacent muscles overlap and form cross-talk, making it difficult to extract specific muscle information. Factors such as the electrode position and muscle fatigue during movement also affect the collected data. Differences between individuals, such as muscle development level and health status, mean the same control algorithm needs adjustment to its parameters to be applied to different people. There are few studies on individual differences, and the use of machine-learning methods to train with large sample sizes can reduce the negative effects of such differences to some extent.



After more than 20 years of research, pre-processing methods and the selection of signal feature sets for sEMG signals have matured. Currently, the research focuses mainly on the following two areas: one is the improvement and innovation of pattern recognition algorithms based on machine learning to achieve higher classification performance, mainly in terms of accuracy; the other is the design of new HMIs based on sEMG.



Many studies have been conducted on the use of sEMG for discrete robot control. These studies used supervised learning methods to map predefined actions onto the actions of the robot. Although this method is simple, its disadvantage is that the robot’s movement capability is limited, and it can only perform several predetermined actions. Conversely, using sEMG to recognize continuous movement intentions and control the robot can greatly improve the flexibility of the controlled device; however, it is difficult to conduct theoretical research on the complex human muscle-bone model, which increases the difficulty of research.



In clinical medicine, sEMG can be used as biofeedback for the treatment of diseases such as Parkinson’s disease and stroke. De Luca’s research is dedicated to decomposing the obtained sEMG signal into motor unit action potentials (MUAP).



As an emerging technology, sEMG has been widely researched and applied in fields such as rehabilitation therapy, sports, and the design of new human–robot interactions. With the continuous progress of technology and the decrease in cost, the practicality, convenience, and uniqueness of sEMG sensors will mean they have good development prospects.




6. Conclusions


This study selected 129 relevant articles in the sEMG field over the past 20 years to summarize the research on sEMG signal processing methods, machine-learning-based sEMG pattern recognition methods, and sEMG-driven robot control methods and provide an overview of the advantages and disadvantages of using sEMG for robot control, as well as discuss the current research hotspots and challenges.



Owing to the different situations of subjects in various studies, as well as the different objects for signal acquisition and criteria for motion classification, it is of limited significance to directly compare the classification accuracy achieved in these experiments. This review does not include these in the table for comparison purposes.
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Abbreviations




	Abbreviation
	Complete Spelling



	AMP
	Amplitude



	ANN
	Artificial Neural Network



	AR
	Autoregressive Coefficient



	BPNN
	Back-Propagation Neural Network



	CC
	Cepstrum Coefficient



	ConvEMG
	Convolutional Electromyography



	CRNN
	Convolutional Recurrent Neural Network



	CviT
	Convolutional Vision Transformer



	DT
	Decision Tree



	ELM
	Extreme Learning Machine



	EMD
	Empirical Mode Decomposition



	ESECW
	Empirical Mode Filtering and Self-Enhancement Algorithm with Classical Wavelet



	fApEn
	Fuzzy Approximate Entropy



	FD
	Frequency Domain



	FFT
	Fast Fourier Transform



	GRU
	Gate Recurrent Unit



	HIST
	Histogram



	IAV
	Integral of Absolute Value



	IEMG
	Integrated Electromyography



	KNN
	K-Nearest Neighbor



	LDA
	Linear Discriminant Analysis



	LDB
	Local Discriminant Basis



	LOG
	Log Detector



	LSTM
	Long Short-Term Memory



	MAV
	Mean Absolute Value



	MDF
	Median Frequency



	mDWT
	Marginal Discrete Wavelet Transform



	MEMD
	Multivariate Empirical Mode Decomposition



	MF
	Mean Frequency



	MFR
	Mean Firing Rate



	MLP
	Multi-Layer Perceptron



	MNF
	Mean Frequency



	MPF
	Mean Power Frequency



	NN
	Neural Network



	OFNDA
	Orthogonal Fuzzy Neighborhood Discriminant Analysis



	OMA
	Online Moving Average



	PCA
	Principal Component Analysis



	RF
	Random Forest



	RMS
	Root Mean Square



	RNN
	Recurrent Neural Network



	SampEn
	Sample Entropy



	SD
	Standard Deviation



	SSC
	Slope Sign Change



	SSD
	Sum of Squares Difference



	SSI
	Simple Square Integral



	STFT
	Short-Time Fourier Transform



	SUKF
	Scale Unscented Kalman Filter



	SVM
	Support Vector Machine



	SVR
	Support Vector Regression



	TD
	Time Domain



	VAR/VR
	Variance



	WL
	Waveform Length



	WPT
	Wavelet Packet Transform



	ZCR
	Zero Cross Rate



	ZC
	Zero Cross
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Figure 1. Summary of sEMG review (icons by Figdraw). 
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Figure 2. Processing and recognition methods of sEMG signals. 
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Figure 3. sEMG-driven robot control method and control strategy. 
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Table 1. Summary of muscles of interest in sEMG studies.
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Body Part

	
Joint

	
Muscles

	
References






	
Upper-limb

	
Hand gestures

	
flexor carpi radialis

flexor carpi ulnaris

flexor digitorum superficialis

flexor digitorum profundus

extensor digitorum

first dorsal interosseous

hypothenar

extensor digiti minimi

long palmar

supinator

abductor pollicis brevis

	
[6,31,33,37,38,39,40,41,42,43,44,45,46,47,48,49,50,51,52,53,54,55,56,57,58,59,60,61,62,63,64,65,66,67,68,69,70,71,72]




	
Wrist

	
flexor carpi radialis

extensor carpi radialis

flexor carpi ulnaris

extensor carpi ulnaris

pronator teres

extensor digitorum

flexor digitorum

	
[16,22,24,37,38,73,74,75,76,77,78,79]




	
Elbow

	
biceps brachii

triceps brachii

flexor carpi radialis

extensor carpi radialis

flexor carpi ulnaris

extensor carpi ulnaris

flexor digitorum superficialis

brachioradialis brachialis

anconeus

pronator teres

supinator

extensor digitorum

	
[3,7,11,16,22,23,24,25,37,70,77,80,81,82,83,84,85,86,87,88,89,90,91]




	
Shoulder

	
biceps brachii

deltoid

pectoralis major

supraspinatus

trapezius

teres major

teres minor

infraspinatus

latissimus dorsi

	
[9,22,23,37,75,80,82,84,86,87,88,91,92,93]




	
Lower-limb

	
Hip

	
gluteus maximus

hamstring

	
[10]




	
Knee

	
quadriceps femoris

hamstring

gastrocnemius

anterior tibial

	
[5,34,80,94,95,96,97,98,99]




	
Ankle

	
gastrocnemius

anterior tibial

peroneus longus

extensor digitorum longus

peroneus brevis

	
[2,4,6,34,100]




	
Other parts

	
Face

	
masseter muscle

	
[13]




	
Abdomen

	
rectus abdominis

	
[80]




	
Back

	
erector spinalis

	
[12,80]











 





Table 2. Summary of pre-processing, feature sets, and classifiers.
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	Reference
	Pre-Processing *
	Feature Sets **
	Classifiers **
	Publish Time





	[4]
	1-2-5
	RMS, MAV
	SVR
	2014



	[6]
	2
	logarithmic transferred time-domain features,

traditional time-domain features
	LDA, KNN, NaiveBayes
	2017



	[7]
	1-2
	fApEn
	-
	2014



	[11]
	-
	WL, SSC, ZCR, AMP
	Gauss Process
	2021



	[14]
	2
	RMS, MFR, MPF
	-
	2014



	[18]
	-
	STFT, WPT
	-
	2014



	[22]
	-
	RMS
	Fuzzy, NN
	2012



	[24]
	-
	AMP, SSC, ZCR, WL
	LDA
	2018



	[26]
	2-5
	MPF, MDF
	-
	2018



	[27]
	-
	self-defined features
	LDA, NaiveBayes, RF, KNN
	2016



	[32]
	2-3-6
	MAV, VAR, WL, HIST,

CC, mDWT
	MLP(ANN), SVM
	2015



	[37]
	-
	AMP, SSC, ZCR, WL
	Gauss Process
	2018



	[38]
	1-2
	MAV, AR
	Improved dynamic time-warping algorithm
	2014



	[40]
	2
	MAV, Reflection Coefficients, Histogram, RMS,

Autoregressive coefficient, Variance,

Willison amplitude, Modified Median Frequency,

Modified Mean Frequency
	DT, SVM, NN,

NaiveBayes
	2016



	[43]
	-
	1-Time Domain

2-Enhanced Time Domain

3-NinaPro Features

4-SampEn, CC, RMS, WL
	SVM, ANN, RF, KNN, LDA
	2019



	[44]
	8
	IEMG, MAV, SSI, RMS, LOG, VAR
	KNN
	2018



	[46]
	2
	MAV, VAR, SSC, WL, MNF
	Linear SVM
	2021



	[49]
	-
	MAV, ZC, SSC, WL, AR
	LDA
	2022



	[50]
	9
	RMS, VAR, MAV, SD
	ELM
	2019



	[51]
	2
	RMS, AR, WL, ZC
	Linear Bayes
	2017



	[52]
	1-2-3-5
	RMS, WL, ZC, MNF, AR
	SVM
	2020



	[54]
	-
	MAV, WL, RMS, AR, ZC, SSC
	SVM, LDA, KNN
	2019



	[55]
	-
	RMS, MMAV, MMAVTP, MPF
	SVM
	2020



	[57]
	2-5
	MAV, WL, ZC, SSC
	SVM
	202