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Abstract

:

It is of great significance to estimate the interaction force of upper limbs accurately for improving the control performance of human–computer interaction. However, due to the randomness of the input biological signals and the influence of environmental interference, the interaction force is difficult to estimate using the current methods. Therefore, based on the advantages of the Residual Network (ResNet) and Bidirectional Long Short-Term Memory Network (BiLSTM) model, this paper proposes an end-to-end regression model that integrates ResNet and BiLSTM with an attention mechanism. This model is more suitable for time series sEMG signals. Moreover, it improves the feature extraction ability of the signal and improves the accuracy of interaction force estimation. Experimental results show that this method can automatically extract effective features without professional knowledge. In addition, our method is superior to existing methods in estimation accuracy and generalization ability.
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1. Introduction


With the global increase in the older population and the demand for assisted rehabilitation for hemiplegia patients, various exoskeleton rehabilitation assistance robots are being developed. To improve the control performance of the assistance robots, the biggest challenge is to rapidly and accurately recognize the intention of human action [1]. At present, there are mainly the following ways to realize motion intention recognition [2,3]: mechanomyography (MMG), Surface electromyography (sEMG), electroencephalography (EEG), and electrocardiography (ECG).



The surface electromyography (sEMG) signal is a biological electrical signal produced by human muscle contraction. It has been extensively used to obtain human motion intention in wearable robot systems because of its effectiveness, portability, non-trauma, and non-delay features [4,5,6,7]. Different motion modes produce different frequencies and amplitudes of sEMG signals. Therefore, a wealth of information can be drawn from sEMG signals. Researchers have shown that the estimation of joint interaction force based on sEMG is one of the most effective ways to realize motion intention recognition [8]. There are two widely used methods to define the relationship between the sEMG signal and force: parametric–based and nonparametric-based. Muye et al. [9] used the Hill–type musculoskeletal model to design a quantitative method for the representation of the elbow joint force estimation. Romero et al. [10] proposed an interaction force estimate method by using the tendon length and contraction velocity obtained from sEMG and inverse dynamics analysis. Buchanan et al. [11] presented a forward dynamic neuromusculoskeletal model which can be used to estimate and predict joint moments and muscle forces. Mitsuhiro et al. [12] presented a model which allows the estimation of muscle force from EMG signals associated with a physiology-based model of underlying microtubule dynamics. Youngjin Na et al. [13] proposed a force estimation method by combining a biomechanical muscle model with sEMG signal peaks. Na et al. [14] proposed a muscle-twitch model to estimate the muscle force in fatigue conditions. Nevertheless, since all these methods need to know the exact parameters of the muscle model, the convergence of the parameters is sensitive to computational time and complexity. A nonparametric algorithm is proposed to find the relationship between the sEMG signal and force.



As for nonparametric–based methods, machine learning–powered force estimation methods have become an effective tool in muscle force estimation and action recognition. A large variety of deep learning methods have been used in the biomedical field [15,16,17,18,19,20,21,22,23]. For instance, Youn et al. [15] systematically studied the feasibility of MMG for estimating the elbow interaction force at the wrist under an isometric contraction by using an artificial neural network in comparison with sEMG. In [16], an SVR model is proposed to estimate knee joint muscle force based on the MMG signal. Allouch S et al. [17] combined PCA and a Laplacian arrangement to fit the relationship between sEMG and muscle force. Xia et al. [18] proposed a model based on deep learning to estimate kinematic information from multi-channel sEMG signals. Duan et al. [19] presented a novel method based on multi-sensors to realize six gesture recognition tasks. DWT was used to realize the time–domain feature extraction of signals, and WNN was used to realize the action classification task. Experimental results show that the action classification accuracy of the proposed method is 94.67%, and is superior to the traditional ANN network. Wu et al. [20] proposed a CNN–SVM combined model to make use of their advantages for pattern recognition of knee motion. Xie et al. [21] applied a Long Short–Term–Memory (LSTM) neural network model for estimating the acceleration of the knee joint. Luo et al. [22] proposed a three domains fuzzy wavelet neural network (TDFWNN) algorithm without prior knowledge of the biomechanical model to estimate force through sEMG. In [23], Aviles et al. presented a method for estimating the applied forces that are based on using fuzzy theory and deep learning. However, parameter optimization is a difficult and important task for machine learning methods. Furthermore, the crucial problem is that the gradient of the error function vanishes easily after back–propagation.



It can be concluded from the above analysis that the means of obtaining timely and accurate interaction force estimation in advance is an enormous challenge. This study is aimed at resolving this challenging problem. That is to say, it proposes a timely and accurate estimation of human interaction force for a musculature–driven human–machine system. A novel deep learning framework is presented to accurately estimate the elbow interaction force. We selected ResNet, which is the latest CNN to automatically extract the valid feature of sEMG, instead of the manual way because it provides outstanding performance in terms of feature extraction. Subsequently, the BiLSTM network with attention mechanism was selected to map the nonlinear relationship between sEMG features and interaction force. To verify the estimation results, the experimental condition was selected as the elbow flexion in the horizontal plane during isometric contraction. The outline of our approach is illustrated in Figure 1. The purpose of this study is to demonstrate the feasibility of estimating elbow interaction force during isometric contraction based on a deep learning algorithm. To highlight the advantages of muscle force estimation which we proposed, we compared our algorithm with other mainstream force estimation algorithms in the experiment. The main contributions are summarized as follows:




	
Our framework can automatically extract the features of the sEMG signal and capture the local dependence between the data.



	
By introducing the attention mechanism, we can capture the salient structures of input data and explore the correlations among multiple dimensions of data, improving the learning performance of the model.



	
Our framework overall outperforms the non-ensemble methods in accuracy. In addition, the training time and testing time of the network are the shortest among other reported methods.









2. Materials and Methods


2.1. Elbow Anatomy Model Analysis


Isometric contraction refers to muscle contractions in which the length of a muscle remains constant and the tension changes. During this contractility, muscle tension can be maximized. Studies show that [24], when muscles contract at non–isometric speed, muscle force is not only related to sEMG signal strength but also to joint motion angle, muscle shape, muscle fatigue degree, and other factors. Therefore, when under isometric contraction conditions, muscle length remains constant, and only tension changes. Elbow interaction force was positively correlated with the amplitude of the sEMG signal. Therefore, acquired sEMG signals may have specific significance for reflecting the activity state of elbow interaction force. In this study, we intend to adopt the different angles of the elbow joint during isometric contraction to analyze the relationship between elbow interaction force and sEMG signals.



Figure 2 depicts the major contribution of the muscle under the isometric contraction of the elbow joint [25]. Therefore, we can consider that the major muscles involved in the completion of isometric contractions are the biceps. By studying the sEMG signal of the biceps, we can search for the relationship between elbow interaction force and sEMG signals.




2.2. Signal Preprocessing


Under ideal conditions, the sEMG signal is superimposed by the signals of the muscle units involved in the body movement, and they would not crosstalk each other [26]. Signal analysis–based force estimation methods depend on extracting the biological signal components. However, most sEMG signals are composed of many different components, including background noise, resistive noise, and scatter-shot noise. Therefore, the sEMG signal is a time series signal coupled with the nonlinear and non–stationary feature, which has the characteristics of weak strength, a low–frequency range, and large randomness. This dynamically stochastic feature of the sEMG signal affects the reliability and accuracy of the muscle force estimation. It is often difficult for the traditional signal analysis–based force estimation methods to identify the different signal components and extract effective features.



To decompose the nonlinear and non–stationary part, we introduce the moving average filter to separate the raw sEMG sequence for more convenience and effectiveness. After that, the nonlinearity data are normalized by using the sliding window technique.



Suppose the sEMG acquisition system collected the raw sEMG time series which is noted by:    S t   ( l )  =  {   S t 1  ,  S t 2  , … ,  S t l   }   .



The nonlinearity series part of the raw sEMG series can be obtained by the sliding average filter, noted by:   M  S t   ( l )  =  {  M  S t 1  , M  S t 2  , … , M  S t l   }   ,


  M  S t k  =  {         S t 1  +  S t 2  + … +  S t l   k  ,           k = 1 , 2 , … ,  w 1  − 1          S t  k −  W 1  + 1   +  S t  k −  W 1  + 2   +  S t l     w 1    ,   k =  w 1  ,  w 1  + 1 , … , L          



(1)




where    w 1  (  w 1  < L )   is the sliding window size;    S t l    denotes the raw sEMG data at time step  l ;   M  S t k    denotes the sEMG nonlinearity data at time step  k .



Muscle contraction is a continuous process, so we adopted a sliding window with an overlapping window to divide the entire sEMG series into multiple discrete time series by sliding window. The process of this algorithm is shown in Figure 3. Considering that the nonlinear sequence has strong characteristics of time series, and historical data hide rich operating experience, we presumed that    W x    is window size, and sEMG time–series signals are divided into several segments by the window. Let,    x i  =  S t   ( l )  ,    χ t   ¯  = M  S t l  ,  


   x i  =  (    χ ¯   t −  T x  + 1   ,   χ ¯   t −  T x  + 2   , … ,    χ t   ¯   )     



(2)






  t =  T x  ,  T x  +  Δ  t ,  T x  + 2  Δ  t , …    








where   Δ t   is the slide step,  t  is the window size.




2.3. Our Proposed Framework


2.3.1. Feature Extraction


The traditional force estimation methods used the statistics of the extracted features from the biological signal [27]. However, all those methods require manual parameter tuning for feature extraction, which leads to poor accuracy and higher sensitivity to the noise. It is difficult to extract the valid features of sEMG using a manual method due to the non–stationary characteristic and the nonlinearity of sEMG. Deep learning methods have been widely used in feature extraction. Studies have proved that the deep neural network is more effective in the feature extracting of one–dimensional time series [28]. CNN is a kind of feed–forward neural network which includes a convolution operation and deep structure. The essential characteristics of this network are local perception and parameter sharing. It can realize the high–dimensional representation of the original data and extract valid spatial features from the original input data. In 2016, He et al. [29] proposed the ResNet based on the cross–layer connection principle of the VGGNet to effectively solve the degradation phenomenon, and the input x is mapped and added to the output feature. The framework of ResNet is shown in Figure 4. In this section, we used ResNet to extract the different features of electromyography. It is a one–dimensional operation on two–dimensional input data, and it was used to extract the spatial features of the time series from the input. The network consists of the convolution layer, pooling layer, and the residual block, which showed as follows:




	(1)

	
Convolutional Layer









The convolution layer is mainly used to extract the features of local regions by the convolution operation of sEMG time series segment    x i   . Different convolution kernels extract different time series features, and the convolution operation can be expressed as:


   x j  = f  (    ∑  i   k  i , j   *  x i  +  b j   )     



(3)




where,    x i    represents the input time series of ith layer,    x j    represents the feature of jth layer,    k  i , j     represents the convolution kernel,   f  ( . )    represents the ReLU activation function.



	(2)

	
Pooling Layer







The pooling layer mainly conducts feature selection by subsampling the output of the convolutional layer, which can reduce the feature size. We adopt the average pool method, and the expressions are as follows:


   y  i j   =  1   c 2     (    ∑   i = 1  c    ∑   j = 1  c   F  i j    )  + b    



(4)






   y  i j   =   m a x      i = 1 , j = 1  c   (   F  i j    )  + b    



(5)







F represents the input of the feature matrix, and c is the moving step.



	(3)

	
Residual Learning







Residual learning is the core of ResNet, whose main feature is the introduction of the concept of “shortcut connection” by establishing residual blocks. The schematic diagram of the residual block is shown in Figure 5.



The output feature   H  ( x )    is expressed as:


  H  ( x )  = F  ( x )  + x    



(6)




where,   F  ( x )    is a residual error,  x  is input.




2.3.2. Force Estimation


A Recurrent Neural Network (RNN) is a computational model designed to deal with the temporal features of the input signal. It is quite similar to a feed–forward neural network, and it can cycle in the network. The network can realize memory through the cycle, allowing it to combine the current input with the past several time steps.



LSTM network is a branch of RNN that can remember the previous information and keep the error at a constant level [30]. It can let the recursive network establish a long distance connection. LSTM is quite suitable for processing time sequence data. It can exploit long–range dependencies in time series data and can furthermore lead to more efficient force estimation. Figure 6 shows the unit composition of the LSTM block which consists of the input gate, forget gate, and the output gate. The calculation process of LSTM can be summarized as follows: Calculate the useful information for the next moment by forgetting the information in the current cell state and memorizing new information from the new cell. The useless information needs to be discarded, and a hidden state will be output at each time step.



Forget Gate: The information to be saved is determined by the current input, the state at the previous moment, and the output of the previous moment.


   f t  = σ  (   W f  ·  [   h  t − 1   ,  x t   ]  +  b f   )   



(7)




where    h  t − 1     is hidden state of the previous moment,    x t    is the current input,    W i    is the weight parameter,    b f    is bias, and    f t    is the output of the forget gate.



Input Gate: Memorize the information you need to remember.


   i t  = σ  (   W i  ·  [   h  t − 1   ,  x t   ]  +  b i   )   



(8)






   C ˜  =  tan h   (   W C  ·  [   h  t − 1   ,  x t   ]  +  b C   )   



(9)




where    h  t − 1     is the hidden state of the previously hidden layer,    x t    is the current input,    b i  ,    b C    is bias term,    i t    is the output of the input gate, and   C ˜   is the candidate information of the unit memory at the current moment.



Status updates: Calculates the current cell state at the moment.


   C t  =  f t  *  C  t − 1   +  i t  *    C t   ˜   



(10)




where    i t    is the output of the input gate,    f t    is the output of forget gate,    C  t − 1     is the cellular state of the previous moment,      C t   ˜    is the temporary cellular state.



Output Gate: The information to be output is determined based on the latest state, the output of the previous moment, and the current state.


   o t  = σ  (   W o   [   h  t − 1   ,  x t   ]  +  b o   )   



(11)






   h t  =  o t   * tan h   (   C t   )   



(12)




where,    o t    is the output of the output gate,    h  t − 1     is the hidden state of the previously hidden layer,    x t    is current input,    b o    is bias term,    h t    is the hidden state,    C t    is the cellular state of the current moment.



However, there were two common problems with the model using LSTM: the vanishing gradient problem and the inability to encode information back to the front. BiLSTM networks mitigate this problem by combining two normal LSTMs, information can flow both in the forward and backward time direction. The structure of BiLSTM consists of a forward LSTM cell and a backward LSTM cell. Figure 7 shows a schematic of a BiLSTM. Where the    X 1  ,  X 2  , … ,  X T    represent the outputs of the previous layer.



sEMG features series contain different temporal information, and not all features contribute equally to the estimate of force. By introducing an attention mechanism, encoding the full input sequences into a fixed–length vector is no longer needed. A neural network with attention mechanism has recently shown success in a wide range of tasks, such as machine translation, time series prediction, and speech recognition [31,32,33]. In this part, we employed an attention mechanism to improve the learning efficiency and ability to learn important features for regression tasks.


  P  (   y t  |  y 1  ,  y 2  , … ,  y  t − 1   , X  )  = g  (   y  t − 1   ,  s t  ,  C t   )     



(13)






   s t  = f  (   s  t − 1   ,  y  t − 1   ,  C t   )     



(14)






   C t  =   ∑   i = 1  T   α  t , i    h i     



(15)






   α  t , i   =   e x p  (   e  t , j    )      ∑  j T  e x p  (   e  t , j    )       



(16)






   e  t , j   = s c o r e  (   s  t − 1   ,  h i   )     



(17)




where,    y 1  ,  y 2  ,  y  t − 1   ,  y t    is output at time step   1 , 2 , t − 1 , t  , respectively,  X  is the input of the current moment,    C t    is the output of the BiLSTM model,    α  t , i     is the weight of the attention layer, the score is the inner product,    h i    is output of hidden layer,    s  t − 1     is a summary of the previous period which from 0 to (t − 1) time step.





2.4. Training Process


2.4.1. Optimizer


Although the stochastic gradient descent algorithm (SGD) is effective in most cases, it does not easily jump out of the region of the local optimal solution. To solve this problem, the idea of momentum was introduced into the SGD [34]:


   g t  =  ∇   θ  t − 1     f  (   θ  t − 1    )     



(18)






   ∇   θ t    = − η *  g t     



(19)






   m t  = μ *  m  t − 1   +  g t     



(20)




where,    g t    is the gradient of step t,  η  is the learning rate,    m t    is the sum of the current momentum,  μ  is the momentum factor that is used to adjust the importance of the previous step’s momentum to the parameter update.




2.4.2. Cost Function


Since the ResNet network is a multi–feature classification model, the most commonly used cost function is the cross–entropy cost function:


   J 1  = −  1 m    ∑   n = 1  m  [  y   ( n )    log   y ^    ( n )    +  (  1 −  y   ( n )     )  log  (  1 −   y ^    ( n )     )  ]  



(21)




where,    y   ( n )      represents the input value,     y ^    ( n )      represents the expected value.



In the BiLSTM model, we chose the mean square error cost function which is suitable for regression problems:


   J 2  =  1 N    ∑   i = 1  N     (   y i  −  y p   )   2     



(22)




where,    y i    represents the actual value,    y p    represents the estimated value.




2.4.3. Learning Rate


Learning rate is a crucial hyper–parameter in the training process of deep learning. Too low a learning rate will cause the loss function to change too slowly. Although you will not miss any local minimum, it will take longer to converge, especially if you are trapped in a highland region [35,36]. Therefore, the fixed learning rate decay method is adopted in our model, which is defined as:


  α =  1   (  1 + d e c a y _ r a t e * e p o c h  )    * l r      



(23)




where  α  is learning rate,   d e c a y _ r a t e   is attenuation,   e p o c h   is iterations,   l r   is initial learning rate which is set as 0.0001.




2.4.4. Overfitting


Dropout is adopted into our framework. It uses the idea of model averaging as a great way to prevent one neuron from becoming overly dependent on another [37].





2.5. Evaluation


In this paper, we chose the Normalized Root Mean Square Error (NRMSE) and coefficient of determination    (   R 2   )      as the evaluation indexes of algorithm performance [38]. The definition of The NRMSE is as follows:


   N R M S E  =      1 n    ∑   i = 1  n     (   y i  −   y ˜  i   )   2        y ˜  i     m a x   −   y ˜  i     m i n        



(24)




where,    y i    is actual force,     y ˜  i    is estimated force,     y ˜  i     m i n     is the minimum of the actual force,     y ˜  i     m a x     is the mean value of actual force.



The derivation of the coefficient of determination is as follows:



	1.

	
Calculate the total sum of squares (TSS):


   T S S  =  ∑     (   y i  −   y ¯  i   )   2     



(25)




where, the     y ¯  i    represents the average value.







	2.

	
Calculate the sum of squares for error (SSE):


  SSE =  ∑     (    y ˜  i  −  y i   )   2     



(26)




where, the    y i    represents the actual value,      y ˜  i    represents the predicted value.







	3.

	
The coefficient of determination (    R  2   ) is used to evaluate the fit of the network:


    R  2  = 1 −   S S E   T S S   =    ∑     (    y ˜  i  −  y i   )   2     ∑     (   y i  −   y ¯  i   )   2       



(27)













3. Results


3.1. Subjects and Experimental Setup


We chose five healthy adults with a mean age of 24 ± 3 years who participated in our experiment. All subjects were given adequate information about the purpose and procedure of the study and each subject’s informed consent was obtained before participation. This experiment was approved by the Medical Ethics Committee of Hefei Institutes of Physical Sciences, Chinese Academy of Sciences, Hefei, China. The physical parameters of each subject are shown in the Table 1.



The interaction force is estimated while the elbow joint is performing isometric contraction. As shown in Figure 8A, considering the physiological characteristics of human hand movement and the corresponding major muscles during contraction, the most common flexion and extension movements of hand movement were selected in this experiment. The three main muscles involved in the exercise were chosen: biceps brachii, brachialis, brachioradialis. The subjects were asked to sit in a chair and the right elbow joint was fixed at a different angle (  30 ° , 60 ° , 90 ° , 120 °  ) through the joint retainer and positioned on the test desk for isometric contraction. Three sEMG sensors were placed at each end of the belly of the muscle (an area without muscle activity was selected as a reference electrode to exclude voltages not generated by the human body autonomously). The sEMG sensor is a double conduction muscle electrical module that consists of analog circuit acquisition and digital signal filter processing. The sampling frequency was set to 1000 Hz. The six-axis force sensor independently designed by the Institute of Intelligent Machines (IIM), Chinese Academy of Sciences (CAS) was utilized for our experiments. The prototype and internal structure of a six-axis force sensor are shown in Figure 8B,C. We only selected the Z axis to measure the interaction force at the end of the upper limb. The parameters of force sensor and sEMG sensor are shown in Table 2. We can compare the estimated force and actual force in real-time through the monitor. The process of our experiment is described in detail as follows: The five subjects performed three repeated rounds of the experiment in sequence, and each round was completed in three stages. 1. Complete 100% MVC (Maximum Voluntary Contraction) isometric contraction task within 1 s; 2. Complete 100% MVC isometric contraction task within 2 s; 3. Complete the 100% MVC isometric contraction task within 3 s. The experiment procedures for each subject is shown in Table 3. Each subject was required to get sufficient rest after each contraction task before performing the next one. However, due to the different physical conditions of the subjects, the length of rest required was different. There is no exact way to get the amount of rest one needs. In order to ensure the consistency of the experiment, in this experiment we stipulate a 10-s rest after the completion of each contraction task, which is long enough.




3.2. Verification


3.2.1. Signal Decoupling


We used the moving average filter method to separate the raw sEMG time series into nonlinearity time series and non–stationary time series. The chosen sliding window size    w 1    (  w 1  < L )   is 8. Figure 9 shows the filter effect on the raw sEMG time series of the biceps. Considering the limited space of the picture display, part of the data under 1 s, 2 s, and 3 s contraction tasks were captured and connected to facilitate the comparison of the effectiveness of the algorithm.




3.2.2. Force Estimation


In order to optimize the network, accelerate the training speed, and improve the accuracy of prediction results, in this experiment, we used the set-aside method to divide the training set and the test set, and increase the proportion of the training set. As a result, we divided the datasets into a training part and a test part with a ratio of 8:2 to verify the performance of the model. To get the best performance of the model, the parameters of the models were fully tuned. Table 4 lists the hyper–parameters of our model, which show the layers, activation function, optimizer, dropout, initial learning rate, batch size, and epoch.



We compared the experimental results under three contraction times (1, 2, and 3 s), as shown in Figure 10. The subfigure (a–c) shows the raw sEMG signal. The subfigure (d–f) shows the EMG signal processed by the decoupling algorithm. The subfigure (g–i) shows the comparison between the actual measured interaction force and the predicted force. The subfigure (j–l) shows the mean absolute error of the actual measured interaction force and the predicted force.



In order to comprehensively evaluate the effectiveness of the algorithm, NRMSE and coefficient of determination are taken into account to evaluate the performance of the model [39,40], which are shown as below. The different window size, joint angle, and other state of the art methods were compared, and the comparison results are shown in Figure 11 and Figure 12.



Based on the results shown in Figure 11 and Figure 12, it can be concluded that: (1) For a given subject, our algorithm can obtain accurate estimation results for three different contraction ways. (2) It is very important to select the appropriate window size; too small a window results in the information between adjacent data not being fully mined, whereas too large a window will reduce the effect of estimation.



Based on the results shown in Figure 12, it can be concluded that: (1) In different subjects, our algorithm achieved the best performance in coefficient of determination and NRMSE. LSTM is inferior to our algorithm and SVR is the worst. (2) Under the angle of 30, each algorithm has achieved good results. The reason is that the muscle would contract to the maximum at the fastest rate. The sEMG signal is less affected by non–stationary factors which are good for estimation performance.






4. Discussion


From the performance comparison of different aspects several main findings were obtained by comparing the performance of the SVR/LSTM/Deep–Neuro–Fuzzy/TDFWNN/ResNet–BiLSTM based on attention.



Firstly, the deep learning network (ResNet–BiLSTM) achieves the best performance. Our framework can capture the local dependence between the temporal dimension and spatial location. It is more suitable for extracting and estimating time–series data. Secondly, the attention mechanism enabled ResNet–BiLSTM to obtain better generalization ability, which could automatically learn feature weights and extract important features of the sEMG signal.



In addition, since the duration of muscle contraction is longer than the size of the sliding window, the results proved that our model can still achieve good performance. This may be because the long–term shrinkage activity can be regarded as a composition of several short-term shrinkage patterns. The model can find and extract motion features even if the window size cannot contain a complete shrinkage pattern.




5. Conclusions


In this work, we present an elbow interaction force estimation algorithm to establish the relationships between the sEMG signal and the elbow interaction forces. Considering the advantages of deep learning technology in nonlinear regression, a ResNet–BiLSTM algorithm is proposed. In the experiment, we used the sEMG signals processed by decoupling and window algorithm as the input of the ResNet–BiLSTM network. The experiment used four subjects to complete a task three times at four angles. The results show that the ResNet–BiLSTM method can accurately estimate the elbow interaction force. The method improves the force required for the motion control of the wearable assisted robot. At the same time, it provides effective input information for human motion intention recognition.




6. Future Works


In the future, further research can be conducted on the following aspects:




	(1)

	
To improve the accuracy and robustness of muscle force estimation, it is necessary to develop a multi–signal fusion method.




	(2)

	
We will apply the estimation results of elbow interaction force to the identification of human upper limb motion intention to provide accurate information for rehabilitation assistance equipment.
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Figure 1. The framework of our method. 
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Figure 2. Elbow joint muscle contribution during isometric contraction. In order: 1. Extensor Carpi Radialis Longus, 2. Flexor Digitorum, 3. Pronator Teres, 4. Extensor Digitorum Communis, 5. Palmaris Longus, 6. Extensor Carpi Ulnaris, 7. Flexor Pollicis Longus, 8. Extensor Pollicis Longus, 9. Brachioradialis, 10. Flexor Pollicis Longus, 11. Biceps, 12. Flexor Carpi Ulnaris, 13. Flexor Carpi Radialis. 
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Figure 3. Fix–length slide window algorithm. 
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Figure 4. ResNet framework. 






Figure 4. ResNet framework.



[image: Applsci 12 08652 g004]







[image: Applsci 12 08652 g005 550] 





Figure 5. Schematic diagram of residual block. 
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Figure 6. Unit composition of the LSTM block. 
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Figure 7. Schematic of BiLSTM Network. 
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Figure 8. (A) System layout in the experiment. The elbow flexion was performed under isometric contraction, and the interaction force was measured by six-axis force sensor. sEMG sensor electrodes were placed on the muscle belly of the biceps brachii, brachialis and brachioradialis to collect the sEMG signal. (B) The prototype of our six-axis force sensor. (C) The internal structure of our six-axis force sensor. 
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Figure 9. Filter effect on the sEMG raw data. 
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Figure 10. Above are experimental results under three contraction conditions (1, 2, 3 s); (a–c) are the raw signal of sEMG; (d–f) are filtered signals after the decoupling algorithm; (g–i) are the comparisons of actual force and predicted force; (j–l) are the mean absolute error of the actual force and the predicted force. 
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Figure 11. Box diagram of evaluation of window size in the algorithm: (a) NRMSE; (b) Coefficient of Determination. 
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Figure 12. Accuracy comparison of different algorithms (NRMSE and Coefficient of determination). 
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Table 1. The physical parameters of each subject.
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	Subject
	Gender
	Age
	Mass (kg)
	Height (cm)





	A1
	Male
	27
	77
	176



	A2
	Male
	26
	70
	180



	A3
	Male
	22
	80
	170



	A4
	Female
	22
	52
	165



	A5
	Female
	23
	48
	161
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Table 2. Parameters of force sensor and sEMG sensor.
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	Parameters
	Force Sensor
	sEMG Sensor





	Model
	CAS-6F/MS-SM
	EDK0056



	Power supply voltage
	DC(9V)
	DC(5V)



	Temperature range
	−30 °C~70 °C
	−20 °C~60 °C



	Output Signal
	Analog Signal
	Analog Signal



	Maximum of output

Communication
	1000 N

RS-485
	4.5 V

Bluetooth 4.0
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Table 3. Experiment procedures for each subject.
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Time

	
1 s

	
2 s

	
3 s




	
Angle

	






	
30°

	
100% (MVC)

	
100% (MVC)

	
100% (MVC)




	
60°

	
100% (MVC)

	
100% (MVC)

	
100% (MVC)




	
90°

	
100% (MVC)

	
100% (MVC)

	
100% (MVC)




	
120°

	
100% (MVC)

	
100% (MVC)

	
100% (MVC)
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Table 4. Hyper–parameters of our model for the dataset.
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	Hyper–Parameters
	ResNet
	BiLSTM





	Layers
	101
	128–128



	Activation Function
	ReLU
	ReLU



	Optimizer
	Momentum
	Momentum



	Dropout
	0.5
	0.5



	Initial Lr
	0.0001
	0.0001



	Batch Size
	128
	128



	Epoch
	1000
	1000
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