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Abstract

:

Locomotion recognition and prediction is essential for real-time human–machine interactive control. The integration of electromyography (EMG) with mechanical sensors could improve the performance of locomotion recognition. However, the potential of EMG in motion prediction is rarely discussed. This paper firstly investigated the effect of surface EMG on the prediction of locomotion while integrated with inertial data. We collected EMG signals of lower limb muscle groups and linear acceleration data of lower limb segments from ten healthy participants in seven locomotion activities. Classification models were built based on four machine learning methods—support vector machine (SVM), k-nearest neighbor (KNN), artificial neural network (ANN), and linear discriminant analysis (LDA)—where a major vote strategy and a content constraint rule were utilized for improving the online performance of the classification decision. We compared four classifiers and further investigated the effect of data fusion on the online locomotion classification. The results showed that the SVM model with a sliding window size of 80 ms achieved the best recognition performance. The fusion of EMG signals does not only improve the recognition accuracy of steady-state locomotion activity from 90% (using acceleration data only) to 98% (using data fusion) but also enables the prediction of the next steady locomotion (∼370 ms). The study demonstrates that the employment of EMG in locomotion recognition could enhance online prediction performance.






Keywords:


data fusion; multimodal sensing; inertial sensor; surface electromyography; locomotion recognition; locomotion prediction; machine learning












1. Introduction


Movement disorders often occur as a manifestation of neurological diseases such as strokes, spinal cord injuries, and Parkinson’s disease [1]. Lower limb exoskeletons can augment the motor function of patients, enhance their locomotion abilities, and improve motion rehabilitation outcomes [2,3]. To restore the user’s normal natural gait patterns, an advanced human–machine interaction is essential to recognize and predict the locomotion states and dynamically adapt to different locomotion modes.



Various types of sensors have been utilized in the application of locomotion recognition. Among them, inertial measurement units (IMUs) that consist of accelerometers and gyroscopes have been widely employed in wearable systems due to their small size, low cost, and ease of use [4,5,6]. San-Segundo et al. [6] proposed a human activity recognition method based on a hidden Markov model that recognized six different daily activities: walking, walking upstairs, walking downstairs, sitting, standing, and lying. Haoyu Li et al. [4] developed an adaptive online classification model using a single IMU sensor placed on a shoe. The algorithm, based on a nonparametric triplet Markov model, obtained an overall accuracy above 98% for activity recognition of walking, running, stair ascent, and descent. Martinez-Hernandez and Dehghani-Sanij [5] introduced an adaptive Bayesian inference system method in which three sensors were used to recognize walking on different terrains such as level ground walking, a ramping ascent, and a descent. The Bayesian-based algorithm achieved a response time of 40 ms with an average accuracy of 99.82%. Studies have shown that the systems using inertial sensors can obtain a high classification accuracy in the recognition of activities. However, as inertial signals represent the current motion state of the human body segment, it is still challenging to predict the motion intention of locomotion activities using only inertial data.



As surface electromyography (sEMG) could directly represent muscle activation patterns reflecting the volitional control of human motion [7], it has been used in multiple studies to identify locomotion activities [8,9,10,11,12]. Huang et al. [13] developed a gait-phase-dependent model using sixteen channels of lower limb sEMG signals to identify seven locomotion modes. Xi et al. [8] investigated a series of sEMG features and recognition methods for daily activity monitoring using EMG signals of the rectus femoris, semitendinosus, tibialis anterior, and gastrocnemius. However, current EMG-based models cannot achieve a precise recognition performance compared with methods using inertial data due to a low signal-to-noise ratio and a high variability in EMG [7].



A few studies have considered fusing inertial data and sEMG for locomotion prediction, which was established by classifying transitions before the critical events of gait such as a heel strike or toe off. Peng et al. [14] proposed a multilevel classifier model in which sEMG was used to build a gait transition classification model and the fusion of sEMG and inertial sensors was used to build a steady-state locomotion recognition model. Hu et al. [15] proposed a double-model method with the integration of data from IMU and EMG sensors, which could accurately classify locomotion activities and gait phases. The transition between the locomotion activities and the steady-state modes were usually considered as independent tasks in the classification [16], which may result in the expense of using complicated classifiers and a computational burden for embedded robotic systems. However, the physiological property of sEMG that activates before an actual kinematic performance and its impact on the prediction of motion intention have been rarely discussed in current studies. We hypothesized that the employment of EMG enables the model built based on steady-state locomotion data to predict the next locomotion activity in advance during the gait transition (before the steady-state locomotion activity began).



In this paper, we investigated the impact of EMG-fused inertial data on locomotion recognition and prediction. Classification models were built based on four machine learning methods—support vector machine (SVM), k-nearest neighbor (KNN), artificial neural network (ANN), and linear discriminant analysis (LDA)—where a major vote strategy and a content constraint rule were utilized for the classification decision. Assuming that the methods should be able to predict steady locomotion activities during gait transitions, the effects of window sizes and the used data type for the online recognition performance based on the four different machine learning models were analyzed. Our results demonstrate that the classification models trained based on the data during steady-state locomotion can predict the locomotion modes during the gait transition. SEMG plays an essential role in enhancing the prediction ability of the classifiers whereas the prediction performance for different locomotions is varied.




2. Methods


2.1. Experiment Setup


The study was approved by the Ethics Committee of Tianjin University and was conducted at the Motion Rehabilitation Lab, Tianjin University. Ten healthy young people (5 males and 5 females, age 23.00 ± 0.82 years old, weight 60.71 ± 11.25 kg, height 168.00 ± 9.40 cm) were enrolled in the experiment. The participants did not have any movement disorders and related neurological diseases. All participants provided written informed consent before the experiment.



As shown in Figure 1, fourteen major muscles of both legs were selected, namely: rectus femoris (RF), vastus lateralis (VL), biceps femoris (BF), semitendinosus (Sem), tibialis anterior (TA), medial gastrocnemius (MG), and lateral gastrocnemius (LG). The linear acceleration of lower limb segments, including the pelvis, thigh, shank, and foot, were also measured during the experiment. Wearable motion analysis systems (Ultium EMG and Research Pro IMU, Noraxon USA, Inc., Scottsdale, AZ, USA) were used to collect sEMG signals and acceleration data synchronously at a sampling rate of 2000 Hz. A sixteen-camera optical motion capturing system (Vicon Bonita, Vicon Motion System, Ltd., Oxford, UK) was used as a reference system for identifying the locomotion modes. The participants also wore a retroreflective marker set of Plug-in-Gait (PiG) (Figure 1). The marker trajectories were recorded at a sampling rate of 100 Hz. Noraxon MyoSync and Vicon Locker were used to synchronize the instruments and ensure the alignment of the time frames.




2.2. Experimental Protocol


Before the experiment, the participants performed a static calibration trial in which they stood straight and still. Seven locomotion activities, including sit (S), stand (ST), level walk (LW), stair ascent (SA), stair descent (SD), ramp ascent (RA) and ramp descent (RD), were studied in the experiment. Each participant was required to complete the following tasks based on daily locomotion activities where different locomotion modes are usually combined (Figure 2): (1) S–ST–LW–ST; (2) ST–LW–SA–LW–ST; (3) ST–LW–SD–LW–ST; (4) ST–LW–RA–LW–ST; (5) ST–LW–RD–LW–ST. The trials were designed based on common daily locomotion activities during daily life. The participants completed 30 trials at comfortable speeds for every task. They ambulated over a 4-step staircase for SA and SD and walked over a ramp with an angle of 30°. The participants were required to initiate and terminate each locomotion activity with the right leg.




2.3. Data Processing


Raw sEMG signals were preprocessed using a fourth-order zero-lag Butterworth band-pass filter (30–300 Hz) and a sixth-order zero-lag Butterworth low-pass filter (25 Hz) was used for linear acceleration data. The preprocessed sEMG and acceleration data were then segmented for the different locomotion modes based on the gait cycles. One gait cycle was defined as two consecutive heel strikes (HSs) of the ipsilateral limb. The HS event was detected based on Zeni’s algorithm [17] using trajectory markers of the heel, toe, and pelvis. We defined that a locomotion mode started with foot heel strikes on the terrain and ended when the last HS occurred on the same terrain. If the participant switched locomotion modes during a gait cycle, the gait cycle was regarded as a gait transition, which could be defined using the hip flexion angular velocity obtained from the PiG model.



The root mean square (RMS) of the sEMG and linear acceleration data was calculated with the use of the sliding window analysis method [18]. The RMS features were then normalized with the minimum and the maximum values in all activities and combined to form a vector as follows:


   X i  =  {   T  i _ e 1   , … ,  T  i _ e m   , … ,  T  i _ e 14   ,  T  i _ a 1   , … ,  T  i _ a n   , … ,  T  i _ a 21    }   



(1)




where  i  represents the  i th sample instant,  m  represents the channel number of sEMG, and n corresponds with the 7 channels of the 3-axis linear acceleration data. The    X i    contained 35 feature samples in total.



Four machine learning methods were applied in this study to develop locomotion recognition models: support vector machine (SVM), k-nearest neighbor (KNN), artificial neural network (ANN), and linear discriminant analysis (LDA). SVM is defined by a separating hyperplane that maximizes the interval between each class and enables the mapping of features to a high-dimensional feature space through the kernel function to achieve a nonlinear classification. KNN is another common biological signal classifier based on the traditional machine learning algorithm [13] in which features are classified by measuring the Euclidean distance between the different feature vectors. LDA is considered a very simple but effective method and the ANN model enables the description of nonlinear class boundaries between classes [19]. A five-fold cross-validation was used to train our models and the model performance was then evaluated with the use of a separate test dataset. The model parameters used for each machine learning method are shown in Table 1.



Figure 3 illustrated the construction, training, and testing of the locomotion recognition models. Thirty trial data of each task were randomly divided into six sets. Five sets were used to train the classifier whereas the other set was used for evaluating the offline and online classification performance. In the online recognition test, a fixed-length window slides along the sEMG and linear acceleration data with a step of one sample, the RMS features are calculated, and online recognition results can be obtained for each sample instant. A major vote strategy and a content constraint rule were used to improve the stability and accuracy of the online performance. The classifier output did not update until at least 100 previous overlapping windows agreed upon a locomotion mode. It needs to be noted that the features were updated when one new data sample fed into the classifier so that the classification model had a common 50 ms delay for locomotion recognition. Moreover, the classification output only updated when the transition of the locomotion modes fitted the transition logic rules, as shown in Table 2. We stipulated that the S mode could only be converted to the ST, the ST could only be transited to the LW, the LW could be converted to any locomotion mode except the S, and the locomotion activities on stairs and ramps could only be converted to the LW. The recognition result of the classifier would then be the output if it met the abovementioned major vote strategy and content constraint rule. The above procedure was carried out using MATLAB software (The Mathworks, Natick, MA, USA).




2.4. Data Analysis


The classification accuracy (CA), specificity (SP), and sensitivity (SE) were used for the evaluation of the online recognition performance of the steady-state locomotion, shown in Equation (2):


  C A =    N  t r u e      N  a l l     × 100 %  
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(2)




where    N  t r u e     is the number of correctly classified samples,    N  a l l     is the total number of test samples, and  i  represents the seven locomotion activities.     S E  ¯    and     S P  ¯    are the mean sensitivity and specificity of the locomotion recognition for all activities, respectively.



The predictive accuracy (PA) and response time (RT) were calculated in the online performance validation, as shown in Equation (3):


  P A =      N  p r e d _ t r a n      N  a l l _ t r a n     × 100 %   R T =  T  a c t u a l   −  T  p r e d    



(3)




where    N  p r e d _ t r a n s     is the number of correctly predicted samples of the next locomotion activity in the gait transition states and    N  a l l _ t r a n s     is the total sample number of transitions in the trials.    T  a c t u a l     is the actual start time of the steady-state locomotion mode and    T  p r e d     is the moment when the mode is correctly predicted by the models. The negative value of RT illustrates that the model could predict the steady-state locomotion mode ahead of when the mode actually occurred.



In addition, an analysis of variance (ANOVA) was used to investigate the impact of the different classification methods on the locomotion recognition performance and then the difference between the four classifiers was compared by a post-hoc t-test. The t-test was used to investigate the impact of different data types on the locomotion recognition and prediction performance. The statistical significance was set as p < 0.05.





3. Results


As shown in Figure 4, the CA and PA increased and RT decreased with an increasing sliding window size until a threshold of approximately 140 ms was reached for all four classifiers. The window size had a greater impact on the prediction performance (varying from 85% to 96%) compared with the recognition of the locomotion modes (from 91% to 97%). All four classifiers performed a high variability in the RT in Figure 4; however, their performance still varied based on the window size. To achieve an optimal online performance, a sliding window size of 80ms was selected for SVM, KNN, and ANN and set as 50ms for LDA for the following investigation.



The performance of all four classifiers is detailed in Table 3. The results of the one-way ANOVA showed that the classification method had a significant effect on the CA (p = 0.0097) in the steady-state locomotion recognition. All four classification methods achieved a high recognition accuracy (CA > 96.4%, SE > 93.6%, SP > 99.4%) and SVM performed the best (CA = 98.78 ± 1.04%, SE = 98.46 ± 0.49%, SP = 99.76 ± 0.04%). It should be noted that only steady-state data were used for the training model and unused transition data could be correctly identified as the next locomotion mode. The methods had a good online locomotion prediction performance during the gait transitions (PA > 93%, RT < −213 ms). However, the prediction performance was significantly different when different models were applied (PA: p = 0.0023; RT: p = 0.0046). SVM reached the highest PA of 97.69 ± 0.85% in the four classifiers and its RT value (−372.63 ms) was significantly smaller than the other three classifiers (KNN: p = 0.0085, LDA: p < 0.001, ANN: p < 0.001). Overall, SVM had the best performance in the locomotion recognition and prediction.



The confusion matrix for the steady-state locomotion recognition of seven locomotion modes for the four classification methods is shown in Figure 5. We observed that SVM had the highest classification accuracy of the seven locomotion modes (95–100%) followed by KNN (94–100%) and ANN (94–100%). LDA had a large difference in the recognition performance for different locomotion modes (79–100%). The S mode (sitting) was the most distinguishable from other modes. The classifiers performed significantly worse for identifying the RA and SA compared with the others. Most errors in the RA and SA recognition were misclassified as the LW mode (Figure 5).



We also compared the online performance of the SVM model with the use of only sEMG, the acceleration and fusion of sEMG, and linear acceleration data. Figure 6 shows that the data fusion method significantly enhanced the classification accuracy (p < 0.001) and sensitivity (p < 0.001) for the steady-state locomotion recognition compared with that using one type of data alone. SEMG provided essential information for the prediction of locomotion where the performance using the sEMG signals was significantly better than with the use of the linear acceleration data alone (p < 0.001), as shown in Figure 7. SVM had a better prediction performance in the gait transitions from other locomotion modes (i.e., SA, SD, RA, RD) to the LW compared with that from the LW to other modes. The combination of sEMG and the acceleration data relatively reduced the response time but no significant statistical difference in most transition modes was observed, as shown in Figure 7. However, the data fusion significantly improved the recognition performance.




4. Discussion


SEMG reflects the physiological properties of neuromuscular control in locomotion. In this study, we hypothesized that the use of EMG could enhance the steady-state locomotion prediction during gait transitions and investigated the feasibility of locomotion prediction based on a fusion of sEMG and inertial data. The results demonstrated that sEMG provided essential information for the recognition of locomotion mode prior to initiation.



The role of sEMG fused with inertial data for enhanced locomotion recognition and prediction was firstly investigated in this study. Gao et al. [20] integrated sEMG signals with a ground reaction force in a locomotion recognition model. The method effectively improved the recognition accuracy (96.8%) compared with the model based on only mechanical data (80.96%). The study from Ai et al. [21] showed that a model based on the data fusion of sEMG and acceleration achieved over a 5% higher accuracy in the recognition of five daily activities than that using acceleration data alone. Spanias et al. [22] demonstrated that the combination of EMG and kinematic information enabled a significant reduction of the online error rate for the locomotion mode recognition from 14.1% (mechanical sensor data only) to 7.9% (fusion data). Consistent with previous studies [20,21,22,23,24,25,26,27,28], the results showed that the fusion of EMG signals improved the recognition accuracy of the steady-state locomotion activities from 90% (using acceleration data only) to 98% (using data fusion), which effectively supports the important role of sEMG in locomotion recognition. However, the early activation property of EMG is often overlooked. These studies usually regarded the locomotion transition as an independent state that could be recognized in order to detect the wearer’s intention for the next locomotion. We used the data from the steady-state locomotion to train the models, which could accurately predict the next locomotion activity in advance during the gait transition. This finding supported that sEMG could contribute significantly to locomotion prediction as muscle neural activation occurs prior to the actual movement.



Regarding locomotion recognition based on fused data, SVM performed the best on the classification and prediction in the four classifiers. Huang et al. [13] fused EMG and GRF to identify six locomotion activities and the results showed that SVM had a higher accuracy than LDA. Li et al. [28] developed a locomotion classification system for lower limb hemiparetic patients. The empirical results demonstrated that SVM (95.2%) produced a better classification accuracy than KNN (89.2%). The outperformance of SVM on locomotion recognition was also pointed out by Zhou et al. [29] and SVM had the highest accuracy (94.29%) compared with KNN and ensemble learning algorithms. The results of our study were consistent with previous studies. As three traditional machine learning methods were utilized, SVM and KNN performed significantly better than LDA in steady-state locomotion recognition and SVM could predict the next steady-state locomotion mode 140–158 ms earlier than the other two models. We additionally employed a neural network approach, which has been suggested to greatly improve the nonlinearity, solving complex problem ability, and accuracy for locomotion recognition [30]. However, ANN had a similar recognition performance to those of SVM and KNN and did not show advantages in the locomotion prediction. The results suggested that neural network methods are not always the most effective for locomotion recognition and prediction based on fused data with limited samples. Traditional machine learning methods such as SVM can achieve an optimal recognition performance.



The results showed that the online performance of the models based on four different machine learning methods was varied, corresponding with the selection of the window size. The trade-off between the PA and RT needs to be considered. A value of 80 ms was selected for SVM, KNN, and ANN whereas the window size was set to 50 ms for LDA in order to achieve an optimal recognition performance. The window size was significantly shorter than those used in previous studies where a data length of 150–300 ms was usually selected [21,27,29,31,32]. These studies chose a long sliding window for achieving a high recognition accuracy but sacrificed the response time. Our study proposed a major vote strategy and a content constraint rule that significantly increased the online performance of the locomotion recognition. The classifiers, especially SVM, obtained a high predictive accuracy (97.69 ± 0.85%) and correct prediction ahead of the next locomotion (−372.63 ± 352.91 ms) with a significantly shorter window size.



To ensure smooth locomotion transitions of the exoskeleton control model, locomotion recognition models in most studies need to predict the next locomotion mode before the ‘critical moment’ of the gait transition such as the toe off the ground moment during the gait transition from level walking to stair descent [13,33]. A model with the use of the principle of maximum entropy and prior probability based on the fusion of sEMG signals and ground reaction forces was built for the recognition of five locomotion tasks and it could predict the locomotion transitions 410–620 ms in advance [33]. Zhang et al. used a similar approach to predict locomotion transitions 100–300 ms ahead [34]. These studies mainly focused on locomotion prediction and its applications in prosthetic control for amputees where the gait transitions were recognized as independent states based on the next locomotion activity predicted. In our study, we aimed to test the hypothesis that the recognition method enabled the prediction of the motion intention before steady-state locomotion activities with a high accuracy when not using the training data from the gait transitions. We observed that the prediction of locomotion modes varied corresponding with different gait transitions by taking advantage of the neural properties of sEMG that muscles activate before limb movement. The SVM model could predict the LW before the heel off in the transition of ST to LW and before the toe off when moving from stairs and/or ramps to level walking and could recognize the next locomotion mode in the middle swing in the transitions from the LW to the RA or SA. The results verified the effectiveness of sEMG signals for locomotion prediction.



It should be noted that a few limitations exist in this study. Only the RMS features of sEMG and acceleration data were used in the classification models. The results from [8] showed that the Wilson amplitude (WAMP), mean of amplitude (MA), energy of wavelet coefficient (EWT), and energy of wavelet packet coefficient (EWP) features are distinguished in locomotion activities. A feature fusion method will be considered in future work to further improve the prediction of locomotion activities. Secondly, data from the gait transitions were not used for the model training. The gait transition provided additional information on the locomotion prediction. Due to high variance in muscle activations and limb movements during the gait transitions, the recognition accuracy of the gait transitions was significantly lower than the steady-state locomotion modes [35]. Our locomotion recognition model enabled the prediction of locomotion with a high accuracy (97.69 ± 0.85%) whilst not using training data from gait transitions, which proved the role of sEMG in the locomotion prediction. In following works, we will consider identifying related research on the motion intention prediction of the gait transition. As we focused on discussing the role of sEMG in locomotion recognition and prediction in the current study, the four most commonly used classifiers were selected. The employed classification methods may ignore temporal dynamics, which could be considered to further enhance the classification performance and reduce the time delay.




5. Conclusions


In this paper, we investigated the role of sEMG in locomotion recognition and prediction based on data fusion with acceleration data. Four classifiers were developed and SVM, KNN, ANN, and LDA methods were used. Their performance in steady-state locomotion recognition was compared and SVM achieved the best recognition accuracy. The effects of the window size and data type were further investigated. The results showed that the addition of EMG signals not only improved the online recognition accuracy of the steady-state locomotion activities but also enabled the model built based on the steady-state data to predict the next locomotion activity during gait transitions. Therefore, the neurological properties of EMG should be considered when developing classifiers for locomotion recognition or prediction, which may help to improve the real-time recognition performance and reduce the computational burden. This work has the potential to develop a real-time human–machine interactive control for a smooth gait transition.







Author Contributions


Conceptualization, L.M., R.X. and D.M.; methodology, L.M. and J.P.; Experimental data collection, J.P. and Z.W.; data analysis, L.M., J.P. and Z.W.; data interpretation, R.X. and D.M.; writing—original draft preparation, L.M. and J.P.; writing—review and editing, L.M. and J.P.; supervision, D.M. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Natural Science Foundation of China (82001921), the National Key R&D Program of China (2020YFC2004300, 2020YFC2004302) and the Key R&D Program of Tianjin (20JCZDJC00800).




Institutional Review Board Statement


The study was conducted according to the guidelines of the Declaration of Helsinki, and approved by the Ethics Committee of Tianjin University (date of approval 18 November 2020).




Informed Consent Statement


Informed consent was obtained from all subjects involved in the study.




Data Availability Statement


Not applicable.




Acknowledgments


Gratitude is expressed towards the the National Natural Science Foundation of China, the National Key R&D Program of China and the Key R&D Program of Tianjin.




Conflicts of Interest


The authors declare no conflict of interest.




References


	



Mayo, N.E.; Wood-Dauphinee, S.; Ahmed, S.; Gordon, C.; Higgins, J.; McEwen, S.; Salbach, N. Disablement following stroke. Disabil. Rehabil. 1999, 21, 258–268. [Google Scholar] [CrossRef]

	



Dombovy, M.L.; A Sandok, B.; Basford, J.R. Rehabilitation for stroke: A review. Stroke 1986, 17, 363–369. [Google Scholar] [CrossRef]

	



Jones, F.; Riazi, A. Self-efficacy and self-management after stroke: A systematic review. Disabil. Rehabil. 2010, 33, 797–810. [Google Scholar] [CrossRef]

	



Li, H.; Derrode, S.; Pieczynski, W. An adaptive and on-line IMU-based locomotion activity classification method using a triplet Markov model. Neurocomputing 2019, 362, 94–105. [Google Scholar] [CrossRef]

	



Martinez-Hernandez, U.; Dehghani-Sanij, A.A. Adaptive Bayesian inference system for recognition of walking activities and prediction of gait events using wearable sensors. Neural Netw. 2018, 102, 107–119. [Google Scholar] [CrossRef]

	



San-Segundo, R.; Montero, J.M.; Barra-Chicote, R.; Fernández-Martínez, F.; Pardo, J.M. Feature extraction from smartphone inertial signals for human activity segmentation. Signal Process. 2016, 120, 359–372. [Google Scholar] [CrossRef]

	



Ning, J.; Dosen, S.; Muller, K.R.; Farina, D. Myoelectric Control of Artificial Limbs—Is There a Need to Change Focus? IEEE Signal Process. Mag. 2012, 29, 152–150. [Google Scholar] [CrossRef]

	



Xi, X.; Tang, M.; Miran, S.M.; Luo, Z. Evaluation of Feature Extraction and Recognition for Activity Monitoring and Fall Detection Based on Wearable sEMG Sensors. Sensors 2017, 17, 1229. [Google Scholar] [CrossRef] [PubMed]

	



Zeng, Y.; Yang, J.; Peng, C.; Yin, Y. Evolving Gaussian Process Autoregression Based Learning of Human Motion Intent Using Improved Energy Kernel Method of EMG. IEEE Trans. Biomed. Eng. 2019, 66, 2556–2565. [Google Scholar] [CrossRef]

	



Sorkhabadi, S.M.R.; Chinimilli, P.T.; Gaytan-Jenkins, D.; Zhang, W. Human locomotion activity and speed recognition using electromyography based features. In Proceedings of the 2019 Wearable Robotics Association Conference, Scottsdale, AZ, USA, 26–28 March 2019; pp. 80–85. [Google Scholar]

	



Lin, C.-J.; Chuang, H.-C.; Hsu, C.-W.; Chen, C.-S. Pneumatic Artificial Muscle Actuated Robot for Lower Limb Rehabilitation Triggered by Electromyography Signals Using Discrete Wavelet Transformation and Support Vector Machines. Sens. Mater. 2017, 29, 1625–1636. [Google Scholar]

	



Ceseracciu, E.; Reggiani, M.; Sawacha, Z.; Sartori, M.; Spolaor, F.; Cobelli, C.; Pagello, E. SVM classification of locomotion modes using surface electromyography for applications in rehabilitation robotics. In Proceedings of the 19th International Symposium in Robot and Human Interactive Communication, Viareggio, Italy, 13–15 September 2010; pp. 165–170. [Google Scholar]

	



Huang, H.; Kuiken, T.A.; Lipschutz, R.D. A strategy for identifying locomotion modes using surface electromyography. IEEE Trans. Biomed. Eng. 2009, 56, 65–73. [Google Scholar] [CrossRef]

	



Peng, F.; Zhang, C.; Xu, B.; Li, J.; Wang, Z.; Su, H. Locomotion Prediction for Lower Limb Prostheses in Complex Environments via sEMG and Inertial Sensors. Complexity 2020, 2020, 8810663. [Google Scholar] [CrossRef]

	



Hu, F.; Wang, H.; Feng, N.; Zhou, B.; Wei, C.; Lu, Y.; Qi, Y.; Jia, X.; Tang, H.; Gouda, M.A. A novel fusion strategy for locomotion activity recognition based on multimodal signals. Biomed. Signal Process. Control 2021, 67, 102524. [Google Scholar] [CrossRef]

	



Su, B.-Y.; Wang, J.; Liu, S.-Q.; Sheng, M.; Jiang, J.; Xiang, K. A CNN-Based Method for Intent Recognition Using Inertial Measurement Units and Intelligent Lower Limb Prosthesis. IEEE Trans. Neural Syst. Rehabil. Eng. 2019, 27, 1032–1042. [Google Scholar] [CrossRef] [PubMed]

	



Zeni, J.; Richards, J.; Higginson, J. Two simple methods for determining gait events during treadmill and overground walking using kinematic data. Gait Posture 2008, 27, 710–714. [Google Scholar] [CrossRef]

	



Challis, R.E.; Kitney, R.I. Biomedical signal processing (in four parts). Med. Biol. Comput. 1991, 29, 1–17. [Google Scholar] [CrossRef] [PubMed]

	



Fang, C.; He, B.; Wang, Y.; Cao, J.; Gao, S. EMG-Centered Multisensory Based Technologies for Pattern Recognition in Rehabilitation: State of the Art and Challenges. Biosensors 2020, 10, 85. [Google Scholar] [CrossRef] [PubMed]

	



Gao, S.; Wang, Y.; Fang, C.; Xu, L. A Smart Terrain Identification Technique Based on Electromyography, Ground Reaction Force, and Machine Learning for Lower Limb Rehabilitation. Appl. Sci. 2020, 10, 2638. [Google Scholar] [CrossRef]

	



Ai, Q.; Zhang, Y.; Qi, W.; Liu, Q.; Chen, A.K. Research on Lower Limb Motion Recognition Based on Fusion of sEMG and Accelerometer Signals. Symmetry 2017, 9, 147. [Google Scholar] [CrossRef]

	



Spanias, J.A.; Simon, A.M.; Finucane, S.B.; Perreault, E.; Hargrove, L.J. Online adaptive neural control of a robotic lower limb prosthesis. J. Neural Eng. 2017, 15, 016015. [Google Scholar] [CrossRef]

	



Young, A.J.; Simon, A.M.; Fey, N.P.; Hargrove, L.J. Classifying the Intent of Novel Users during Human Locomotion using Powered Lower Limb Prostheses. In Proceedings of the 2013 6th International Ieee/Embs Conference on Neural Engineering (Ner), San Diego, CA, USA, 6–8 November 2013; pp. 311–314. [Google Scholar]

	



Spanias, J.A.; Simon, A.M.; Ingraham, K.A.; Hargrove, L.J. Effect of Additional Mechanical Sensor Data on an EMG-based Pattern Recognition System for a Powered Leg Prosthesis. In Proceedings of the 2015 7th International Ieee/Embs Conference on Neural Engineering (Ner), Montpellier, France, 22–24 April 2015; pp. 639–642. [Google Scholar]

	



Joshi, D.; Hahn, M.E. Terrain and Direction Classification of Locomotion Transitions Using Neuromuscular and Mechanical Input. Ann. Biomed. Eng. 2015, 44, 1275–1284. [Google Scholar] [CrossRef]

	



Zhao, Y.; Wang, J.; Zhang, Y.; Liu, H. Flexible and Wearable EMG and PSD Sensors Enabled Locomotion Mode Recognition for IoHT Based In-home Rehabilitation. IEEE Sens. J. 2021. [Google Scholar]

	



Hu, B.; Rouse, E.; Hargrove, L. Fusion of Bilateral Lower-Limb Neuromechanical Signals Improves Prediction of Locomotor Activities. Front. Robot. AI 2018, 5, 78. [Google Scholar] [CrossRef] [PubMed]

	



Li, H.-T.; Han, S.-L.; Pan, M.-C. Lower-limb motion classification for hemiparetic patients through IMU and EMG signal processing. In Proceedings of the 2016 International Conference on Biomedical Engineering (BME-HUST), Hanoi, Vietnam, 4–6 October 2016; pp. 113–118. [Google Scholar]

	



Zhou, B.; Wang, H.; Hu, F.; Feng, N.; Xi, H.; Zhang, Z.; Tang, H. Accurate recognition of lower limb ambulation mode based on surface electromyography and motion data using machine learning. Comput. Methods Programs Biomed. 2020, 193, 105486. [Google Scholar] [CrossRef]

	



Xia, P.; Hu, J.; Peng, Y. EMG-Based Estimation of Limb Movement Using Deep Learning With Recurrent Convolutional Neural Networks. Artif. Organs 2017, 42, E67–E77. [Google Scholar] [CrossRef]

	



Afzal, T.; White, G.; Wright, A.B.; Iqbal, K. Locomotion Mode Identification for Lower Limbs using Neuromuscular and Joint Kinematic Signals. In Proceedings of the 2014 36th Annual International Conference of the Ieee Engineering in Medicine and Biology Society, Chicago, IL, USA, 27–31 August 2014; pp. 4071–4074. [Google Scholar]

	



Liu, M.; Zhang, F.; Huang, H. An Adaptive Classification Strategy for Reliable Locomotion Mode Recognition. Sensors 2017, 17, 2020. [Google Scholar] [CrossRef]

	



Du, L.; Zhang, F.; Liu, M.; Huang, H. Toward design of an environment-aware adaptive locomotion-mode-recognition system. IEEE Trans. Biomed. Eng. 2012, 59, 2716–2725. [Google Scholar] [PubMed]

	



Fan, Z.; He, H. Source selection for real-time user intent recognition toward volitional control of artificial legs. IEEE J. Biomed. Health Inform. 2013, 17, 907–914. [Google Scholar]

	



Tkach, D.C.; Hargrove, L.J. Neuromechanical sensor fusion yields highest accuracies in predicting ambulation mode transitions for trans-tibial amputees. In Proceedings of the 2013 35th Annual International Conference of the IEEE Engineering in Medicine and Biology Society (EMBC), Osaka, Japan, 3–7 July 2013; pp. 3074–3077. [Google Scholar]








[image: Sensors 21 06291 g001 550] 





Figure 1. Experiment setup for data collection. The participant wore a set of sensors and retroreflective markers. EMG electrodes were placed on 14 muscles—rectus femoris (RF), vastus lateralis (VL), biceps femoris (BF), semitendinosus (Sem), tibialis anterior (TA), medial gastrocnemius (MG), and lateral gastrocnemius (LG)—of both legs. Motion sensors were placed on the pelvis, thigh, shank, and foot. A Plug-in-Gait (PiG) marker set was used as a reference for identifying the locomotion activities and gait cycles. 
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Figure 2. Schematic illustration of the experimental protocol. (a) Sit (S)–stand (ST)–level walk (LW)–stand (ST); (b) stand (ST)–level walk (LW)–stair ascent (SA)/stair descent (SD)–level walk (LW)–stand (ST); (c) stand (ST)–level walk (LW)–ramp ascent (RA)/ramp descent (RD)–level walk (LW)–stand (ST); (d) photos of one participant who performed the locomotion transition with her right leg. 
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Figure 3. Flowchart of the offline training and online test based on SVM, KNN, LDA, and ANN, respectively. 
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Figure 4. Effects of sliding window sizes and classifiers on: (a) the classification accuracy, (b) the predictive accuracy, and (c) the response time. The results were averaged over 10 participants. The shadows represent the +/– standard deviation (SD). 






Figure 4. Effects of sliding window sizes and classifiers on: (a) the classification accuracy, (b) the predictive accuracy, and (c) the response time. The results were averaged over 10 participants. The shadows represent the +/– standard deviation (SD).



[image: Sensors 21 06291 g004]







[image: Sensors 21 06291 g005 550] 





Figure 5. Confusion matrix for the steady-state locomotion recognition of seven locomotion modes for the four classifiers: (a) SVM; (b) KNN; (c) LDA; (d) ANN. The results in the confusion matrices were averaged over ten participants. The ST, S, LW, SA, SD, RA, and RD denote standing, sitting, level walking, stair ascent, stair descent, ramp ascent, and ramp descent, respectively. 
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Figure 6. Comparison of the steady-state locomotion recognition performance using sEMG, linear acceleration, and data fusion. * and ** demonstrate a statistically significant difference (t-test, *: p < 0:05, **: p < 0:001). 
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Figure 7. Comparison of the prediction performance using sEMG, acceleration, and sensor fusion signals. ST, S, LW, SA, SD, RA, and RD denote standing, sitting, level walking, stair ascent, stair descent, ramp ascent, and ramp descent, respectively. * and ** demonstrate a statistically significant difference (t-test, *: p < 0:05, **: p < 0:001). 
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Table 1. The settings of the parameters in the four classifiers.
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	Classifiers
	Classifier Parameter Settings





	SVM
	The Radial Basis Function (RBF) kernel method and C-SVM were used to build a ‘one-to-one’ multiclassification model; the optimal penalty factor c and kernel function parameter g were obtained using a five-fold cross-validation.



	KNN
	The K value was obtained using a five-fold cross-validation.



	LDA
	The Gauss kernel function was used as the kernel function.



	ANN
	A two-layer network was constructed with 30 hidden nodes and a selected learning rate of 0.01 and optimized with a gradient descent algorithm.
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Table 2. A set of logic rules for the locomotion transitions. The 0 and 1 values represent whether the specific gait transition was allowed.
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Current Mode






	

	
ST

	
S

	
LW

	
SA

	
SD

	
RA

	
RD




	
Previous Mode

	
ST

	
1

	
0

	
1

	
0

	
0

	
0

	
0




	
S

	
1

	
1

	
0

	
0

	
0

	
0

	
0




	
LW

	
1

	
0

	
1

	
1

	
1

	
1

	
1




	
SA

	
0

	
0

	
1

	
1

	
0

	
0

	
0




	
SD

	
0

	
0

	
1

	
0

	
1

	
0

	
0




	
RA

	
0

	
0

	
1

	
0

	
0

	
1

	
0




	
RD

	
0

	
0

	
1

	
0

	
0

	
0

	
1
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Table 3. Performance comparison of the four classifiers.
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	SVM
	KNN
	LDA
	ANN
	p-Value





	CA (%)
	98.78 ± 1.04
	97.84 ± 1.24
	96.43 ± 1.57
	97.74 ± 1.04
	0.0097



	SE (%)
	98.46 ± 0.87
	97.61 ± 1.16
	93.66 ± 1.43
	97.58 ± 1.09
	0.0963



	SP (%)
	99.76 ± 0.04
	99.62 ± 0.09
	99.43 ± 0.21
	99.60 ± 0.17
	0.2691



	PA (%)
	97.69 ± 0.85
	95.91 ± 1.27
	93.99 ± 1.44
	96.49 ± 0.96
	0.0023



	RT (ms)
	−372.63 ± 352.91
	−232.64 ± 325.60
	−213.37 ± 319.81
	−218.97 ± 318.13
	0.0046







Significant differences (p < 0.05) for the one-way ANOVA are indicated in bold and italics.
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