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Abstract: Surface electromyography (sEMG) is widely used for analyzing and controlling lower limb assisted exoskeleton robots. Behavior intention recognition based on sEMG is of great significance for achieving intelligent prosthetic and exoskeleton control. Achieving highly efficient recognition while improving performance has always been a significant challenge. To address this, we propose an sEMG-based method called Enhanced Residual Gate Network (ERGN) for lower-limb behavioral intention recognition. The proposed network combines an attention mechanism and a hard threshold function, while combining the advantages of residual structure, which maps sEMG of multiple acquisition channels to the lower limb motion states. Firstly, continuous wavelet transform (CWT) is used to extract signals features from the collected sEMG data. Then, a hard threshold function serves as the gate function to enhance signals quality, with an attention mechanism incorporated to improve the ERGN’s performance further. Experimental results demonstrate that the proposed ERGN achieves extremely high accuracy and efficiency, with an average recognition accuracy of 98.41% and an average recognition time of only 20 ms-outperforming the state-of-the-art research significantly. Our research provides support for the application of lower limb assisted exoskeleton robots.
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1  Introduction

Surface electromyography (sEMG) is a bioelectrical signal generated by the human body, containing valuable information related to muscle activity. Signal processing is the process of converting raw sEMG signals into analyzable and applicable forms. By utilizing electromyography (EMG), predicting lower limb behavior intention can leverage the natural laws of human behavior for achieving human-machine interaction, facilitating seamless switching of robot working modes, improving robot adaptability to the human body, and enhancing the overall experience of human-machine interaction. Furthermore, predicting human motion intention and recognizing motion posture have significant applications in many fields, for example, clinical analysis [1,2], healthcare [3,4], human-machine cooperation [5,6], virtual reality [7,8], bionic prosthesis [9,10].

In order to achieve exoskeleton control based on human motion intent accurately identifying such intent becomes crucial. At present, common methods for motion intention recognition mainly include force sensor based, inertial sensor based, visual sensor based, sEMG based, and electroencephalogram (EEG) based methods [11–16]. Among them, sEMG is a kind of biological electrical signal reflecting the activity of human superficial muscle, which has the advantages of non-invasiveness, high sensitivity, high timeliness and high correlation. sEMG is typically generated 30 to 150 ms prior to limb movements. This characteristic allows sEMG to predict behavior in advance or predict subsequent behavior. Research on behavioral intention recognition based on sEMG primarily focuses on this predictive capability and finds extensive application in gait analysis and robot control.

Due to the potential artifact interference and signal-to-noise ratio, the captured sEMG requires compression or enhancement through signal processing techniques to improve model prediction performance. Signal processing research has focused on denoising sEMG using methods such as empirical mode decomposition [17,18] and wavelet transform [19]. Other studies have concentrated on the feature extraction of signals. For example, Khushaba et al. proposed a feature extraction method for EMG based on spatio-temporal convolutions to improve the performance of existing electromyographic control systems [20]. Atzori et al. proposed a parallel window feature extractor (PaWFE) for extracting signal features in parallel from multiple time windows [21]. Furthermore, related traditional methods include linear discriminant analysis (LDA) [22], principal component analysis (PCA) [23], decision tree [24–27]. Deep learning algorithms have also been widely used in sEMG processing and behavioral intention recognition due to their ability to automatically learn data-representing features [28–32]. For instance, Wang et al. proposed an sEMG Gesture recognition network by improving the multi-stream convolutional attention module, and achieved good results on the Ninapro DB1 dataset [31]. Wei et al. explored muscle-gesture correlations and proposed a two-stage multi-stream CNN framework for gesture recognition based on sEMG [32].

However, the application of sEMG faces challenges and issues including the impact of factors such as skin impedance, electrode positioning, and motion artifacts on signal quality. The nonlinear and non-stationary characteristics of sEMG require consideration during signal processing and analysis. Therefore, it is imperative to further optimize the sEMG’s acquisition and processing methods, as well as explore effective algorithms for feature extraction and classification, to enhance the accuracy and stability of lower limb behavior intention recognition. Additionally, there is a scarcity of available datasets with limited types of behaviors or only partial availability online, while publicly accessible large-scale datasets predominantly focus on hand movements [33–35]. Hence, accurate collection and organization of lower limb behavior intention data are crucial for developing a diverse and comprehensive dataset that facilitates better evaluation and comparison of different prediction models.

Despite achieving high accuracy, current sEMG-based behavioral intent recognition methods have limitations. The development of a lower-limb behavior intention recognition algorithm based on sEMG aims to accurately control assistive robots. However, improvements in real-time performance and accuracy are necessary for human lower limb behavior recognition algorithms. Designing an efficient and high-performance lower limb behavior recognition algorithm poses a challenge. Recent studies have utilized sEMG to develop behavior recognition methods with extremely fast inference speed. For instance, Zhang et al. [36] proposed an sEMG-based real-time gesture recognition network combined with a feedforward artificial neural network (ANN), with an average inference time of 227.76 milliseconds. Benalcázar et al. [37] proposed a real-time motion pattern recognition method using the envelope information of EMG, which can be completed within 264.49 milliseconds (ms), including sEMG acquisition time of 256 ms, and achieved an accuracy of 89.5%.

We propose an efficient network for identifying lower limb behavioral intentions based on sEMG, consisting of three main parts: data acquisition, feature extraction, and classifier design. For data acquisition, we collected signals from six major muscles in the right lower limbs of ten people. To diversify the types, we collected six lower limb behaviors, including four periodic behaviors (walking, running, going up-stairs, going down-stairs) with obvious periodicity or quasi-periodicity, and two non-periodic behaviors (crossing obstacles, standing still). For feature extraction, meaningful information is extracted from the collected data using signal processing techniques, such as denoising, wavelet transform, and signal normalization. The classifier (i.e., the proposed ERGN) is mainly built from the proposed main building block called Enhanced Residual Gate Block (ERGB), which integrates the Efficient Channel Attention (ECA) [38] mechanism and hard threshold functions, while leveraging the residual structure. Additionally, the Continuous Wavelet Transform (CWT) is employed to transform one-dimensional signals into two-dimensional images that highlight signal features. The resulting two-dimensional data is then translated and divided using a window size of 400 * 280 with a step size of 3/4 of the window length, and the pictures under the window are saved. Each cropped picture corresponds to a signal duration of 100 ms. Finally, images containing less feature information are filtered out using the memory size threshold method. 80% of these remaining images are used as the training set for the ERGN while the remaining 20% serve as the test set for performance evaluation.

The main contributions are as follows: (1) We collect a variety of lower limb behavior datasets from 6 acquisition channels to verify the effectiveness of human behavior intention recognition based on sEMG. (2) In order to remove noise points in images and improve the performance of the network, the main building block, ERGB, is designed by integrating an attention mechanism and a hard threshold function. (3) Based on the proposed building block, ERGB, an sEMG-based method for human lower limb behavior intention recognition is proposed, which has the characteristics of high accuracy and high efficiency-outperforming the state-of-the-art research significantly.

2  Sensors and sEMG Acquisition

In this section, we describe the acquisition and processing of surface EMG signals in detail. The sensor device for lower limb sEMG acquisition is presented in Section 2.1. Then, the procedure for lower limb sEMG acquisition is illustrated in Section 2.2. Finally, the preprocessing of the acquired signals is elaborated in Section 2.3.

2.1 Sensors and Preparations

Fig. 1 shows the sensor used for the acquisition of the lower limb sEMG. The sensor is an active induction electromyographic sensor, SEN0240, jointly launched by the DFRobot and the OYMotion. It has the capability to amplify weak human body sEMG signals within the range of ±1.5 mV by a factor of 1000. The sensor reflects the activity state of human muscles by measuring sEMG of the human body. The amplitude of its output signal exhibits a positive correlation with muscle activity, and its waveform effectively reflects subcutaneous muscle conditions at specific locations. Data generated by human motion is captured by the NI (National Instruments) USB-621x data acquisition (DAQ) devices in conjunction with the NI-DAQmx software to rapidly acquire and display measurements from the DAQ device.
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Figure 1: (a) The myoelectric sensor signal processing board. (b) The metal dry electrode board of the myoelectric sensor

As the selected EMG sensor requires a regulated direct current power supply voltage, we opt for two 4.2 V lithium batteries in series to provide the necessary voltage. To power the sensors and facilitate sEMG collection, we developed a circuit board with a three-terminal voltage regulator that maintains an input voltage range (between 3.3 V and 5.5 V) for the EMG sensor. Fig. 2 displays its printed circuit board (PCB) schematic diagram and physical map. Additionally, this circuit board serves as an overall connection between the multiple myoelectric sensors and the data acquisition equipment, making the data acquisition process easier to control. The left side of this circuit board shown in Fig. 2 is dedicated to connecting the multiple myoelectric sensors, while the right side connects with the USB-621x data acquisition device interface.
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Figure 2: The developed circuit board. (a) Physical map. (b) PCB schematic. Its right side the connection interface of the multiple myoelectric sensors, and the left side is the connection interface of the data acquisition device USB-621x

The overall connection diagram between multiple devices and human lower limbs when using a single acquisition channel is shown in Fig. 3. Detailed technical specifications for the signal processing board and the dry electrode board can be found in Tables 1 and 2, respectively. As depicted in Figs. 1 and 3, the signal processing board of the myoelectric sensor is connected to the metal dry electrode board via connecting wires. The signal processing board is connected to the corresponding interface in the designed circuit board via using 3P analog signal lines, and the metal dry electrode board is fixed on the selected lower limb muscles by straps. The circuit board is connected to the data acquisition equipment to achieve the capture and fast acquisition of signal data.
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Figure 3: Overall connection diagram between the multiple devices and human lower limbs in the case of a single acquisition channel. The developed circuit board powers the myoelectric sensor while enabling the integral connection of both multiple myoelectric sensors and data acquisition equipment
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2.2 sEMG Acquisition

Based on the anatomical knowledge of human lower limb muscles and related research [39], we selected 6 muscles highly involved in common lower limb behaviors: rectus femoris (RF) on the front side of the thigh, vastus lateralis (VL), semitendinosus (ST) at the back of the thigh, tibialis anterior (AT), peroneus longus (PL) and gastrocnemius (GM) at the calf. Table 3 displays these six muscles along with their main functions and corresponding acquisition channel serial numbers for each muscle. When collecting sEMG, the metal dry electrode plate is kept in the same direction as the muscle. Fig. 4 illustrates the location of these selected muscles and the proper sensor placement.
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Figure 4: (a) The frontal view of the sensor placed on the right leg during data collection. (b) The back view of the sensor placed on the right leg during data collection

Ten healthy subjects participated in this study-four females and six males - performing six types of actions: walking, running, going up stairs, going down stairs, crossing obstacles, and standing still. Before signal collection begin, we wipe clean the skin surfaces where electrodes are placed with alcohol to reduce the influence from oil or sweat on collected signals. Since the EMG sensor module, SEN0240, requires an effective sampling frequency not less than 1000 Hz for sampling, we set the sampling frequency as 1500 Hz. Each subject is asked to perform each action 10 times repeatedly for fifteen seconds each time, and rest for thirty seconds after two repetitions. The data collected during each action execution process represents a set of signal data. Fig. 5 illustrates the six actions. Walking and running on a treadmill with speeds set at 3 and 6.5 km/h, respectively. Performing up and down stairs requires uniform speed movements between the first and second floors, consisting of a total of 20 steps. Using 8 dumbbells simulate obstacles placed at approximately every normal stride distance (70 ± 10 cm). Each subject crosses over a simulated obstacle in approximately two seconds, and all eight simulated obstacles are crossed, resulting in a complete set of data. For standing still, each subject is asked to stand still for 15 s after resting.
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Figure 5: The six common behaviors of the lower limbs selected during data collection. (a) walking, (b) running, (c) going up stairs, (d) going down stairs, (e) crossing obstacles, and (f) standing still

2.3 Signal Data Preprocessing

The original signal collected is prone to noise interference, thus denoising is necessary as an initial processing step. The sEMG’s effective spectrum range is 20 Hz∼500 Hz, which contains meaningful information that can be extracted using a band-pass filter. Power frequency interference (50 Hz) often occurs when collecting weak bioelectrical signals, such as myoelectric signals, electrocardiogram (ECG) signals, and electroencephalogram (EEG) signals. Noise damages the quality of signals and affects the training effect of networks. Common filtering methods include Infinite impulse response (IIR), Butterworth and Finite impulse response (FIR) filters. Their impact on the ERGN predicted results is experimentally compared, and based on the experimental results, we select the FIR filter, as detailed in the Section 4.4. Fig. 6 illustrates the comparison of the signal before and after filtering with the FIR filter clearly showing its significant effect in removing power frequency dryness. The filtered signal appears smoother and more regular than the original one. Mathematically, the FIR filters are represented as:

y(n)=∑t=0M−1h(t)x(n−t)(1)

where x(n) is the input signal, y(n) is the output signal, h(t) is the impulse response of the filter, and M is the order of the filter, which is set as 101 in the experiments.
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Figure 6: Comparison between the original signal and the signal filtered by the FIR filter. (a) The original signal. (b) The signal after filtering the power frequency interference. The FIR filter has a remarkable filtering effect on the power frequency interference

For extracting the signal features, we opt for using the CWT to extract time-frequency characteristics from sEMG. In signal processing techniques, Fourier transform, short-time Fourier transform (STFT) and wavelet transform are commonly employed. Fourier transform can achieve very high frequency resolution, but it lacks temporal resolution. The latter two provide certain resolutions in both the time and frequency domains, but due to the Heisenberg uncertainty principle, STFT cannot simultaneously achieve high resolution in both frequency and time domains. On the other hand, wavelet transform can accomplish this task effectively while also outperforming the former two methods when dealing with non-stationary signals. Based on this analysis, the wavelet transform is considered the optimal choice for analyzing sEMG signals. Mathematically, the CWT can be expressed as:

Wf(a,b)=1|a|∫−∞∞f(t)ψ∗(t−ba)dt(2)

where f(t) is the signal, ψ(t) is the wavelet basis function, ψ*(t) represents the complex conjugate of the wavelet basis function ψ(t), and a > 0 (a ∈ R+) and b (b ∈ R) are scale and translation factors, respectively.

The sEMG results during walking and climbing stairs after CWT processing are presented in Figs. 7 and 8, respectively. Each figure consists of two distinct subfigures, each containing 500 ms of the sEMG information. The color brightness and darkness within the figures represent the amplitude strength and weakness of the signal. Acquisition channels 1 to 6 are displayed from top to bottom. It is evident that there exist significant disparities in muscle participation in the same lower limb behaviors while also observing notable distinctions in muscle activity states across different lower limb behaviors.

[image: images]

Figure 7: The results of the six acquisition channels sEMG after CWT when walking. (a) and (b) represent the muscles’ states in different 500 ms, respectively. From top to bottom are the results of collecting channels 1 to 6
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Figure 8: The results of the six acquisition channels sEMG after CWT when going up stairs. (a) and (b) represent the muscles’ states in different 500 ms, respectively. From top to bottom are the results of collecting channels 1 to 6

After undergoing CWT processing, the signals are converted into 2D images. The shift window segmentation method is used for data preprocessing, with a window size of 400 * 280 and a step size of 3/4 of the window length. Each cropped picture corresponds to a signal duration of 100 ms. However, the amount of information contained in the obtained images are uneven, and not every image contains sufficient information for behavioral intention prediction. These images must be filtered out as they can interfere with model learning and judgment during the training or testing processes. It is observed that the memory size occupied by the image is positively correlated with the amount of information contained. We implement a memory size threshold method and set the threshold to 11 kb. If the memory size occupied by the image is less than this threshold, the image will be deleted, and if not, the image will be retained.

3  Methods

3.1 Design of Enhanced Residual Gate Block

3.1.1 Efficient Channel Attention Mechanism

In order to enhance the effectiveness of feature learning, the channel attention mechanism, Efficient Channel Attention (ECA), is introduced into the network. The ECA attention mechanism has the advantage of having fewer parameters, which can improve the model efficiency. This is crucial for the application of lower limb behavior intention detection models based on sEMG. As depicted in Fig. 9, the ECA effectively facilitates cross-channel information exchange, and its implementation process is as follows: (1) The input feature map undergoes global average pooling (GAP), transforming it from a matrix of C * W * H to a vector of C * 1 * 1; (2) The adaptive one-dimensional convolution kernel size k is calculated based on the number of channels in the feature map; (3) Apply the k to one-dimensional convolution to obtain the weights for each channel of the feature map. Specifically,

yi=GAP(di),di∈P(3)

where P is the set of feature vector channels that need to be weighted, di is the feature vector channel of the i-th layer in P, yi is the feature matrix of di obtained by GAP operation. The formula for the local weighted weight, ωi, of the channel is as follows:

ωi=Sigmoid(∑j=1k⁡αjyij),yij∈Ωij(4)

where Sigmoid is the sigmoid activation function, Ωij is the set of k adjacent feature channels of yi, α is the initial value of the j-th channel, and yij is the output value of the j-th channel adjacent to the i-th feature vector channel. The channel attention weight, ω, is represented as follows:

ω=Sigmoid(Conv1D(y))(5)

where y represents the aggregation feature, and Conv1D represents the one-dimensional convolution operation. There is a mapping relationship ϕ between the value of kernel k in 1D convolution and the channel dimension C:

C=ϕ(k)(6)
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Figure 9: The ECA attention mechanism. The GAP represents the global average pooling, while the Sigmoid represents the sigmoid activation function

The simplest mapping method is to use a linear function, i.e., φ(k)=γ∗k−b, but its linearity has limitations. The channel dimension C (the number of convolutional kernels) is usually chosen to the nth power of 2. Therefore, this mapping function can be extended to the following nonlinear functions:

C=ϕ(k)=2(γ∗k−b)(7)

Subsequently, the convolutional kernel size k can be expressed as:

k=ψ(C)=|log2⁡(C)γ+bγ|odd(8)

where |t|odd represents the odd number closest to t. Based on experience, b and γ are set to 1 and 2, respectively.

3.1.2 Gate Function

Deep Residual Shrinkage Network (DRSN) [40] integrates squeeze-and-excitation networks (SENet) with a soft threshold function derived from traditional signal denoising methods while leveraging deep residual networks’ learning advantages. The main building block, Residual shrinkage building unit (RSBU), reduces unnecessary features in signals and automatically learns thresholds based on input signals characteristics. The RSBU is developed upon architectural principles of Residual building unit (RBU) [41]. The difference is that the RSBU embeds a soft threshold function module to reduce the impact of noise on networks' performance compared with the RBU. The clear explanation of this soft threshold function is as follows:

xout={xin−τxin>τ0−τ≤xin≤τxin+τxin<−τ(9)

where xin, xout and τ represent input data, output data and threshold, respectively. The soft thresholding is commonly employed in signal processing tasks to reduce noise by shrinking data towards zero. It is implemented as a shrinkage layer in the DRSN eliminating irrelevant features by setting them to zero. However, it should be noted that this operation may also weaken meaningful features, thereby affecting networks’ performance. The soft thresholding is at the heart of the building block RSBU and must be carefully considered accordingly. Based on the above considerations, the hard threshold function, as gate function of the building blocks ERGB, is used in images processing for noise removal and enhancing images clarity. This hard threshold function serves as an enhancement layer in the proposed ERGB and can be formally expressed as:

xout={xinxin>τ0−τ≤xin≤τxinxin<−τ(10)

We incorporate the ECA and the gate function (Eq. 10) into the proposed ERGB. The ECA enhances the network’s performance by adjusting channel weights adaptively without increasing complexity. The gate function effectively denoises signals and highlights informative features. Fig. 10 illustrates the architecture of the ERGB, with the gate function inside the dashed box.
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Figure 10: The architecture of the main building blocks, ERGB. The GAP, Sigmoid and Conv represent the global average pooling, the sigmoid activation function and the convolution, respectively

3.2 Design of Enhanced Residual Gate Network

We employ the ERGB to construct a network, ERGN, for recognizing lower limb behavioral intentions. Overall, the ERGN adopts a residual structure to compensate for feature degradation caused by deep network architecture. It incorporates multiple the ERGB and establishes residual connections between the output of the first convolutional layer and the final ERGB output, as illustrated in Fig. 11. The multiple acquisition channels are fused together as input for the proposed ERGN. Towards the end of the ERGN, only a GAP layer is utilized to aggregate and average all values of each channel in the signal feature map, resulting in a feature vector that is directly employed for classifying lower limb behavioral intentions.

[image: images]

Figure 11: The network architecture of the proposed ERGN

4  Results and Analysis

4.1 Evaluation Methods

In order to investigate the impact of various factors on the proposed ERGN’s performance, such as muscles combinations, hard threshold functions and wavelet functions, we employ common evaluation methods. The accuracy is an effective evaluation metric, and both its maximum value and average value will be utilized as measures of the model. To comprehensively demonstrate the network performance, the F1-score is introduced to consider precision and recall capabilities of the model. They can be formally expressed as:

Accuracy=TP+TNTP+FP+TN+FN(11)

F1−score=2×Presion×RecallPresion+Recall(12)

where TP, FP, TN, and FN are True Positive, False Positive, True Negative, and False Negative, respectively. The precision and recall can be expressed as:

Precision=TPTP+FP(13)

Recall=TPTP+FN(14)

4.2 Different Combinations of sEMG Acquisition Channels

We select six muscles that are highly involved in common lower body behaviors to collect signals. Fig. 12 displays the signal data of six acquisition channels for each lower limb behavior. A metal dry electrode plate is fixed on a muscle, which serves as an acquisition channel. It can be seen from Fig. 12 that there are significant differences in the involvement of the six selected muscles for different lower limb behaviors. Under the same network and configuration, we conduct experiments to investigate whether combining different acquisition channel data has a significant impact on the network’s recognition of lower limb behavior-specifically, which muscle combinations can more accurately represent a certain lower limb behavior. Given the wide variety of daily life’s lower limb behaviors, we only considered the combinations of five and six acquisition channels without considering fewer ones.
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Figure 12: The sEMG of 6 acquisition channels for different lower limb behaviors. The magnitude of the signal amplitude reveals the degree of muscle engagement

The results of this experiment are presented in Table 4. It can be observed that the sixth combination yields optimal results with a maximum accuracy rate of 98.41%, an average accuracy rate of 98.02%, and an F1-score of 0.994, which outperform all other input combinations listed in Table 4 including using all six acquisition channels as input. This is because many unconscious or irrelevant actions may occur during performing lower limb behaviors leading to network’s misjudgment. Therefore, selecting fewer muscles when collecting data does not necessarily result in worse performance outcomes as demonstrated by our findings.
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4.3 Hard Threshold Function

The proposed ERGB utilizes the hard threshold function as a gate function to eliminate noise points and enhance image quality. To investigate the impact of threshold function on the ERGN’s performance, we conduct ablation experiments, and the results are presented in Table 5. The experimental results demonstrate that using threshold functions can improve the network performance significantly. Furthermore, compared to the soft threshold function, utilizing the hard threshold function in the proposed ERGN leads to a remarkable increase in accuracy.

[image: images]

4.4 Selection of the Filter

The acquisition of signals is susceptible to interference from the 50 Hz power frequency. Common filtering techniques include the IIR, Butterworth and FIR filters. The impact of the signals processed by the three on the performance of the proposed ERGN is shown in Table 6. Experimental results indicate that there are relatively minor differences among these filters in terms of their effect on signal processing for this model. Based on the data presented in Table 6, the FIR filter is selected to eliminate power frequency noise.

[image: images]

4.5 Different Wavelet Functions

In the data preprocessing task, we apply the CWT to sEMG to convert the one-dimensional signal into two-dimensional data and obtain images encompassing both temporal and frequency information of original signals. The CWT can decompose the signal into different frequency components, and the selection of the wavelet function is the key point of applying the CWT. We conduct comparative experiments on common wavelet functions in the CWT, namely Mexican Hat, Paul and Morlet. Fig. 13 visualizes the processed signals using these three wavelet functions. The results presented in Table 7 demonstrate the impact of using different wavelet functions on the final classification performance of the proposed ERGN. It can be seen that Mexican Hat as the wavelet function yields superior network performance, achieving both the highest accuracy and F1-score.

[image: images]

Figure 13: Visualization of the signal after CWT processing using these three wavelet functions. From top to bottom are the results when the wavelet functions are the MexicanHat, Paul and Morlet, respectively
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4.6 Inference Time

The signal duration corresponding to the information contained in each segmented picture is 100 ms through the shifting window segmentation. The corresponding network inference time is 20 ms. Since sEMG are generally generated 30–150 ms prior to limb movement, the proposed ERGN has the ability to recognize lower limb behavior in real time, reflecting its high efficiency.

4.7 Robustness Testing

sEMG may be affected by the environment and sensors (electrodes) due to its high sensitivity, resulting in noise and occasional sudden changes. Considering these factors, we conduct the robustness testing on the proposed ERGN. The testing methods include: (a) introducing the Gaussian white noise to the sEMG; (b) inducing the Salt-and-pepper noise in the sEMG to simulate occasional sudden change. Under these circumstances, we evaluate the performance of the ERGN and present the experimental results in Table 8. Without any added the noise (before (a) and (b)) or with only the Gaussian white noise, the ERGN has excellent performance with an accuracy above 98%. However, when the abnormal signals with sudden changes appear in signals, it significantly affects the model’s accuracy. This is evident from the last two rows of Table 8.
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4.8 Comparing Experimental Results

To demonstrate the advantages of the proposed ERGN, we conduct a comparative analysis with state-of-the-art (SOTA) networks. Table 9 presents the experiments’ results, clearly demonstrating that the ERGN outperforms all other models in terms of the maximum accuracy (98.41%), average accuracy (98.02%), and F1-score (0.994). The maximum and average accuracies of most networks are below 90%, and the F1-scores are below 0.900. The accuracy of the second best performing DRSN-CW is about 6% lower and the F1-score value is about 0.1 lower than the proposed ERGN.
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5  Conclusion

Combining an attention mechanism, a hard threshold function and a residual network, we propose a building block, ERGB, and an sEMG-based efficient network, ERGN, for lower limb behavior intention recognition. We utilize the CWT to perform two-dimensional processing on the signal while integrating the time-frequency characteristics of a signal. Crop, segment, and filter the obtained images, and use multiple acquisition channels as inputs for the proposed ERGN. The experimental results demonstrate the effectiveness of the hard threshold function and the high accuracy and efficiency of the proposed ERGN. However, further efforts are required to improve model’s robustness. An undeniable phenomenon is that the sEMG is susceptible to interference due to its high sensitivity, which can cause abnormal signals in sEMG leading to interfere with actual application of the existing relevant models. In future research, we will study fault-tolerant mechanisms that identify these abnormal signals and reconstruct them to enhance models’ robustness.
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Table 3: The six selected muscles along with their main functions and corresponding acquisition
channel serial numbers for each muscle

Acquisition channel Muscle name Main functions
serial number

1 RF Extend thighs, bend calves, maintain an upright position

2 VL Hip flexion and knee extension

3 ST Extend hip joint, bend knee joint and slightly rotate inward

4 AT Make the foot dorsiflexion, adduction, and varus

5 PL Make the foot valgus and plantar flexion

6 GM Bend the lower leg at the knee joint to synergistically maintain

the upright posture of the human body
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Table 8: The robustness testing on the proposed ERGN

Max accuracy Ave accuracy

Before (a) and (b) 98.41% 98.02%
(a) 98.01% 97.34%
(b) 95.87% 94.98%

(a) + (b) 95.05% 94.33%
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Table 4: The effects of different combinations of SEMG acquisition channels on the classification
performance of the proposed ERGN in predicting lower limb behavior intentions

SEMG acquisition channels
Max accuracy  Ave accuracy F1-score

1 2 3 4 5 6
v oV N N N N 97.35% 96.84% 0.980
J J J J J 95.55% 95.01% 0.954
J J J J J 97.64% 97.24% 0.985
NV J J J 97.01% 96.46% 0.975
NV J J J 95.05% 94.36% 0.941
J oV J J J 98.41% 98.02% 0.994
NV J J J 96.57% 96.04% 0.971






OEBPS/Images/table-9.png
Table 9: The comparison results between the proposed ERGN and the SOAT networks

Max accuracy Ave accuracy F1-score
MCBAM-GRU [31] 86.92% 86.09% 0.870
2SRNN [42] 86.33% 85.65% 0.859
MSITL [43] 84.96% 84.11% 0.822
DRSN-CW [40] 92.80% 92.03% 0.906
MSFFusionNet [32]  83.57% 82.46% 0.808

ERGN (ours) 98.41% 98.02% 0.994
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Table 7: The influence of different wavelet functions on the proposed ERGN’s classification perfor-
mance

Selection of wavelet functions

MexicanHat  Paul Morlet
Max accuracy 98.41% 98.19% 97.20%
Avg accuracy 98.02% 97.73% 96.31%

F1-score 0.994 0.988 0.974
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Table 1: Technical specifications of the signal processing board

Parameter Power supply = Working Detection  Electrode Module  Output Board size
voltage voltage  range interface interface  range

Data +33V~55V 430V +/-1.5mV PJ-342 PH2.0-3P 0~3.0V 22%35mm
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Table 6: The influence of signals processed by the IIR, Butterworth and FIR filters on the performance
of the proposed ERGN

IIR filter Butterworth filter FIR filter
Max accuracy 98.35% 98.39% 98.41%
Avg accuracy 97.98% 98.03% 98.02%

F1-score 0.990 0.992 0.994
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Table 2: Technical specifications of the dry electrode board

Parameter Electrode Electrode wire Board size
interface  length

Data PJ-342 50 cm 22 % 35 mm
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Table 5: The max accuracy of the proposed ERGN in predicting lower limb behavioral intentions
under the utilization of threshold functions

sEMG acquisition channels  Use the soft Use the hard Not use threshold
1 > 3 4 5 6 threshold function  threshold function  functions
v v Vv Vv Vv Y 96.01% 97.35% 93.05%
J Vv v 93T4% 95.55% 90.41%
J v Vv 9598% 97.64% 93.60%
NV J o 95.67% 97.01% 94.15%
v v Y J o 9311% 95.05% 90.98%
v v VY J  96.67% 98.41% 94.18%
v v OV VY 94.98% 96.57% 93.64%
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