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Functional electrical stimulation (FES) neuroprostheses have been regarded as an effective approach for gait rehabilitation and assisting patients with stroke or spinal cord injuries. A multiple-channel FES system was developed to improve the assistance and restoration of lower limbs. However, most neuroprostheses need to be manually adjusted and cannot adapt to individual needs. This study aimed to integrate the purely reflexive FES controller with an iterative learning algorithm while a multiple-channel FES walking assistance system based on an adaptive reflexive control strategy has been established. A real-time gait phase detection system was developed for accurate gait phase detection and stimulation feedback. The reflexive controller generated stimulation sequences induced by the gait events. These stimulation sequences were updated for the next gait cycle through the difference between the current and previous five gait cycles. Ten healthy young adults were enrolled to validate the multiple-channel FES system by comparing participants' gait performance to those with no FES controller and purely reflexive controller. The results showed that the proposed adaptive FES controller enabled the adaption to generate fitted stimulation sequences for each participant during various treadmill walking speeds. The maximum, minimum, and range of motion (ROM) of the hip, knee, and ankle joints were furtherly improved for most participants, especially for the hip and knee flexion and ankle dorsiflexion compared with the purely reflexive FES control strategy. The presented system has the potential to enhance motor relearning and promote neural plasticity.
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Introduction

Stroke is a neurological disorder with the world's highest prevalence. The number of patients with stroke in 2017 was over 100 million, which has almost doubled compared with 1990 (Arnao et al., 2016; Avan et al., 2019). About 80–90% of patients with stroke suffer from gait disorders, affecting their life quality and bringing heavy economic burdens to the patient's families and society (Schaechter, 2004; Hara, 2013; Shmuel et al., 2013; Mountain et al., 2020). Functional electrical stimulation (FES) is a technology that applies low-energy electrical pulses to the muscle resulting in active muscle contraction and further functional limb movements (Lynch and Popovic, 2008a). Electrical stimulation has been proven to increase muscle force, promote neuroplasticity, and enhance rehabilitation outcomes and is regarded as an effective rehabilitation treatment for gait disorders (Shin et al., 2022). However, most FES systems employ an open-loop control strategy with a constant stimulation mode in the market (Krishnamoorthy et al., 2008; Bulea et al., 2013; Chang et al., 2017). The open-loop control method has a simple computation and quick response advantage, but the constant stimulation mode cannot be adjusted for patients' assistance requirements in real-time. It may cause inadequate muscle activations and poor limb coordination.

The close-loop FES control strategy integrates feedback information, such as joint angles, electromyography (EMG), and human-machine interactive moment to adjust stimulation parameters based on the desired joint angle or moment trajectories. Seel et al. (2016) applied an iterative learning control (ILC) method to adjust the FES parameters based on inertial data to reduce muscle fatigue effectively. Jailani et al. (2010) proposed a knee biomechanical model that combined the joint trajectory control and fuzzy logic control, where the electrical pulse width was adjusted with the feedback of angle difference. However, as the human neuromuscular system is highly nonlinear (Dietz, 1992; Nielsen, 2002), the pure trajectory control model may not be readily applied to a real-time FES assistance system under various scenarios (Shiavi et al., 1987; Perry et al., 1995; Chen et al., 2018).

Some studies adopted biological-inspired control mechanisms in FES control strategies. Zhang et al. proposed a novel central pattern generator (CPG) based model to generate primary bipedal gaits in an FES walking system (Zhang et al., 2015). A long short-term memory (LSTM) neural network, proposed by Li et al. (2021), was used for predicting synchronous tibialis anterior (TA) EMG based on real-time angular velocity where the TA stimulation intensity was further modulated. Meng et al. proposed a purely reflexive control model to generate multiple electrical stimulation sequences (Meng et al., 2017). The gait events were mapped to muscle activity output during human walking. The model was realized to smooth limb coordination for walking assistance and reduce computational burden, making it straightforward to implement in practice. However, the stimulation parameters must be set before use and cannot be adjusted in real-time.

To further enhance the effectiveness of FES walking assistance, especially for meeting individuals' assistance needs under various walking speeds, we proposed a multiple-channel FES walking assistance system with an adaptive reflexive control method where the electrical stimulation parameters can be adjusted to temporal gait parameters and sagittal shank angle. A validation experiment was conducted by recruiting ten healthy young participants to walk on a treadmill at various speeds wearing the FES system. The gait performance under different stimulation control strategies (purely reflexive controller vs. adaptive reflexive controller) was compared and investigated.



Methods


Hardware design

As shown in Figure 1, the FES system consists of a self-designed real-time gait phase detection system, an 8-channel programmable electrical stimulation device (RehaStim 2, HASOMED GmbH, Germany), and a host computer (Intel 6 Core i7-8750H, 2.20 GHz, and Windows 10 system).


[image: Figure 1]
FIGURE 1
 The structure of the functional electrical stimulation (FES) walking assistance system. The system consists of three main parts: a programmable electrical stimulator, a real-time gait phase detection device, and a host computer. The FSR-embedded insole and an inertial measurement unit (IMU) chip were connected to an STM32 microcontroller that detected gait phases by an IF-THEN type finite state machine during walking. The sensory signals, including gait phase detection result and shank angle, were transmitted to the host PC via Bluetooth. At the same time, the adaptive FES controller generated electrical stimulation sequences for the muscles. The stimulation parameters were adapted and applied to eight muscles by the programmable electrical stimulator RehaStim through a USB 3.1 port.


The wearable real-time gait phase detection system includes force-sensitive resistors (FSR) embedded in shoe insoles and an inertial measurement unit (IMU; JY901, Witmotion, Shenzhen, China), as shown in Figure 1. The 6-axis IMU consists of an accelerometer and a gyroscope measuring acceleration and angular rate along three orthogonal axes. The STM32 chip (STM32F103C8T6, Witmotion, Shenzhen, China) is used for data acquisition, gait event detection, and communication with the host computer via Bluetooth 2.0.

The algorithms described in the following sections have been implemented in a C++ program and Qt software. The RehaStim 2 consists of eight electrical stimulation channels based on two separately controlled modules and is connected to the host computer through a USB 3.1. The electrical stimulation parameters, such as stimulation frequency, pulse width (PW), and pulse amplitude, can be controlled by the host computer via the ScienceMode2 communication protocol in real-time.



FES reflexive control strategy

Four muscles were selected for each leg, namely, tibialis anterior (TA), lateral gastrocnemius (LG), biceps femoris (BF), and rectus femoris (RF). The muscles are associated with the flexion/extension of the hip, knee, and ankle during walking. The reflexive control strategy generates stimulation sequences of eight muscles based on the event impulses from the gait phase detection system. A hierarchical FES controller is shown in Figure 2. The top level employs a finite state control model where the state function S switches on and off the stimulation of muscles for movement coordination. In the low level, the transfer function H generates the impulse responses for stimulation amplitude by convolving with an event impulse.


[image: Figure 2]
FIGURE 2
 The adaptive reflexive FES control diagram. Input signals are first translated into binary signals by an adaptive threshold. Gait phases are identified based on a rule-based machine learning algorithm. Gait event impulses are generated when specific gait transitions between gait phases occur. A hierarchical FES control model consists of two levels of control where the top level switches the stimulation state of muscles, and the low level generates the stimulation sequences. The time constant parameter τ and stimulation pulse width are adaptively updated with an iterative learning method in the low level controller based on the real-time feedback of muscle stimulation time ts and sagittal shank angle ϕTO, respectively. LR, load response; ST, stance; PS, pre-swing; SW, swing; TSW, terminal swing.


The transfer function H is a second-order low-pass Bessel filter, as shown below.

[image: image]

The τ is the time coefficient derived from the filter cut-off frequency and determines the profile of the impulse response. The g is the gain coefficient, normalizing the impulse response to 0 and 1.

The state functions are responsible for switching on/off the electrical stimulation according to five detected gait phases: load response (LR), stance (ST), pre-swing (PS), swing (SW), and terminal swing (TSW).

[image: image]

The FES sequences of eight muscles generated by the reflexive controller during treadmill walking are shown in Figure 3. The generation of electrical stimulation patterns elicited by impulse signals for each muscle is expressed as follows:

[image: image]

where, I is the gait event impulse generated from gait phase transitions, and H is the transfer function that generates the response output by convolving with the impulse input I. The Δc is the difference between Cmax and Cmin where Cmax is the maximum threshold current amplitude that can produce a maximal muscle contraction without any discomfort, and Cmin is the minimum threshold current amplitude that can elicit a visible muscle contraction. The values of Cmax and Cmin for each muscle were measured in a preparation experiment for every participant, detailed in Appendix 1 document.


[image: Figure 3]
FIGURE 3
 The electrical stimulation sequences for four muscles of one side generated from the reflexive FES controller. The ILR triggered the lateral gastrocnemius (LG) and rectus femoris (RF) muscle activations for the knee extension and hip flexion. The IPS triggered the LG muscle for ankle plantarflexion. The ISW triggered the tibialis anterior (TA) and biceps femoris (BF) muscles for the ankle dorsiflexion, knee flexion, and hip extension at early swing. The ITSW triggers TA, RF, and BF muscles for the preparation of load response.




Gait phase detection

An IF-THEN type finite state machine was employed to detect five gait events, namely, heel strike (HS), foot flat (FF), heel off (HO), toe off (TO), and sagittal threshold angle (STA). These gait events are furtherly used to define gait phases, such as LR, ST, PS, SW, and TSW. The sensory signals include foot contact signals from FSRs and angle signals from the IMU attached to the shank. An adaptive threshold method is used to convert the inputs to binary signals. The SH and ST are binary signals representing the heel and toe contact states where the logic value of 1 indicates that the heel or toe is in contact with the ground, and 0 indicates that it is off the ground. The binary signal Sϕ represents the state of sagittal shank angle (ϕS) during the swing phase (SH = ST= 0). It determines the initiation of TSW when a participant extends the knee to prepare to strike the foot on the floor. Four types of gait impulses, ILR, IPS, ISW, and ITSW are generated for the FES controller based on gait phase transitions, as shown in Figure 2.

ILR: the impulse indicates the initial foot contact with the ground. In normal gait, the heel usually strikes the ground first. However, individuals with a pathological walk may establish foot contact with the forefoot. Therefore, the transition is detected if any foot part touches the ground after the swing phase (last state: SH = 0, ST = 0; and current state: SH = 1 or ST = 1).

IPS:the transition occurs when the FSR underneath the heel is not pressed, and the forefoot is still in contact with the ground. This event indicates a transition from the stance phase to the pre-swing phase (last state: SH = ST = 1; and current state: SH = 0, ST = 1).

ISW:the impulse indicates the transition from the stance or pre-swing phase to the swing phase, where the swing phase is when the foot is lifted entirely off the ground so that no FSRs are pressed (last state: SH = 1 or ST = 1; and current state: SH = ST = 0).

ITSW:the impulse indicates the transition from the swing phase to the terminal swing phase when the hip flexes forward and the measured ϕS reaches its threshold (last state: SH = ST = 0, Sϕ = 0; and current state: SH = ST= 0, Sϕ = 1).



Adaptive parameters update

An adaptive method is proposed where the muscle stimulation time ts and sagittal shank angle at TO (ϕTO) are used as real-time feedback signals to meet the assistance needs of various gait speeds. The adaptive model updates the time coefficient parameter τ of eight muscles and PW of both LG muscles. The time constant determines the stimulation amplitude profile while the PW of LG muscles modulates the ankle push-off at various speeds (Brockett and Chapman, 2016). These parameters are updated based on the muscle stimulation time and sagittal shank angle of the previous five gait cycles. One gait cycle is regarded as the interval between consecutive heel strikes of the same foot (SH =1, ST = 0).

According to the difference in the stimulation duration time between the previous five gait cycles and the current gait cycle, the closed-loop control model adjusts the corresponding τ to change the muscle stimulation time for the next gait cycle. Take τTA as an example.

The stimulation of TA is activated during the SW and TSW, as shown in Figure 3. If the stimulation time of TA in the current gait cycle is tTA(n), the average stimulation time of the previous five gait cycles can be calculated as [image: image]:
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The difference between the tTA and [image: image] can be calculated as [image: image]. If |ΔtTA| > 0.04 s, the time coefficient τTA is updated as follows:

[image: image]

where, τTA(n+1) is the transfer function time coefficient of the next gait cycle and τTA(n) is the transfer function time coefficient of the current gait cycle. As the response time of the transfer function fitted by a second-order low-pass Bessel filter is about one-fourth of the overall activation time, the update threshold is set as 0.04 with an iterative learning step L of 0.01. In addition, the value of τ is limited between 0.01 and 1 due to the requirement of muscle response time for movement coordination during human walking.

According to the second-order low-pass Bessel filter properties of the transfer function HTA, TO, the cut-off frequency fc can be calculated based on the time coefficient:

[image: image]

Eventually, the cut-off frequency fc, TA, TO is updated to the adaptive reflexive controller for adjusting the amplitude stimulation profile of CTA. The same procedure is applied to all muscles. The update progress is shown in Figure 4A.


[image: Figure 4]
FIGURE 4
 Block diagram of the iterative learning control algorithm for transfer function time constant coefficient τ of all eight muscles (A) and pulse width parameter of two lateral gastrocnemius muscles (LG) (B) based on each gait cycle.


Similarly, according to the [image: image] of previous five gait cycles and the ϕTO of the current gait cycle, the PW values of both LG of the next gait are interactively updated:

[image: image]

where, PWLG(n+1) is the PW of LG muscle for the next gait cycle, PWLG(n) is the stimulation pulse width at the current gait. [image: image]. The step LPW of iterative learning is set to 20 μs. Additionally, the limited range of PWLG is set between 250 and 500 μs. The update process is shown in Figure 4B.




Experiment


Experimental set-up

For this experiment, ten healthy young adults (ten men) were recruited. The mean [±standard deviation (SD)] age was 25.1 (±1.6) years, and the mean (±SD) height was 177.3 (±5.83) cm, as shown in Table 1. The participants were fully informed of the procedure and gave written consent before the experiment. The study was approved by the Ethics Committee of Tianjin University and was conducted in the Motion Rehabilitation Laboratory of Tianjin University.


TABLE 1 Participants' demographic information.

[image: Table 1]

Eight muscles were selected in the experiment: RF, BF, LG, and TA of both legs, to augment hip, knee, and ankle flexion/extension, respectively. Electrical stimulation electrodes were placed on the muscles, and the Cmax and Cmin of every muscle were measured in the preparation session. The measurement procedure and results are shown in Appendix 1 document. Participants wore shorts and gait detection devices. The Vicon Plug-in-Gait (PiG) model was used to evaluate the gait performance of the participants where retroreflective markers were attached to the anterior superior iliac spine, the posterior superior iliac spine, thigh, knee, ankle, tibial wand, heel, and toe of both sides, as shown in Figure 5.


[image: Figure 5]
FIGURE 5
 Schematic of the experimental setup: a participant walked on the treadmill wearing real-time gait detection devices. Electrical stimulation electrodes were attached to the eight muscles, and the retroreflective markers were placed on the lower limbs.


The participants were instructed to walk on a treadmill under three different conditions: (1) without FES controller (NFC); (2) with a purely reflexive FES controller (RFC); and (3) with an adaptive reflexive FES controller (ARFC). In each session, the treadmill walking speed increased from 1.0 to 2.0 km/h and then decreased to 1.0 km/h with an incrementation step of 0.2 km/h. The participants needed to complete at least 15 gait cycles at each speed. The host computer collected stimulation parameters, detected gait phases, and shank angle information while the Vicon Nexus software captured marker trajectories with a sampling rate of 100 Hz. The Vicon Lock Sync device was used to synchronize the collected data.



Data analysis

Joint kinematic data of the hip, knee, and ankle were obtained using the PiG model. One gait cycle data were time-normalized to 0–100% with 101 samples. A total of 165 gait cycles were extracted for each participant. The maximum and minimum of the hip, knee, and ankle were calculated based on gait cycles and investigated using a one-way analysis of variance (ANOVA) with stimulation pattern as the main factor. A paired t-test was performed to evaluate the difference in gait kinematics under three stimulation conditions. All statistical analyses were performed using the MATLAB Statics Toolbox (MATLAB2020a, The MathWorks, USA). Statistical significance was set as p < 0.05.




Results

Table 2 showed that the real-time gait event detection algorithm obtained an accuracy rate of 100% to identify all five gait phases, and the average delay time was less than 20 ms. The FES sequences for eight muscles were generated from the transfer functions triggered by the gait event impulses during treadmill walking, as shown in Figure 3. Figure 6 shows that the time coefficient τTA, TO and pulse width of LG muscles were adaptively adjusted with various walking speeds during one participant's trial. We can see that the rise time of the stimulation pattern responded more quickly at 2.0 km/h speed compared with those at slower speeds indicating that the ARFC can efficiently adjust the stimulation pattern according to the change in walking speeds.


TABLE 2 Accuracy and time latency for gait event detection during various speeds.

[image: Table 2]


[image: Figure 6]
FIGURE 6
 An example of the time constant coefficient τTA, TO of TA muscle and pulse width (PW) of LG muscle over in a trial of one participant with walking speed varying from 1.0 to 2.0 km/h.


Joint kinematics were compared under three stimulation conditions for all participants, as shown in Figure 7. Results showed that both stimulation control strategies (RFC and ARFC) did not hinder normal gait patterns (Figure 7) and significantly promoted the joint movement, as shown in Figure 7 and Table 3. The participants achieved larger flexion and extension of the hip and knee as the electrical stimulation applied to the RF and BF muscles helped in promoting the joint movement (Table 3). The electrical stimulation on the TA muscle led to a higher ankle maximum angle than that without FES assistance. It can also be observed that the ARFC has a better promoting effect than the RFC in all joint kinematic parameters. The participants obtained a larger ROM of the hip (RFC: 35.16 ± 3.92; ARFC: 37.85 ± 4.99), knee (RFC: 54.34 ± 8.05; ARFC: 59.54 ± 8.20), and ankle (RFC: 22.44 ± 6.52; ARFC: 25.07 ± 6.36) with the ARFC compared with the RFC. The ankle push-off at the terminal stance was also increased during the ARFC trial (RFC: −10.81 ± 7.76; ARFC: −13.92 ± 7.95). The results indicated that the proposed ARFC method could provide better gait assistance at different speeds.


[image: Figure 7]
FIGURE 7
 Joint kinematics of the hip, knee, and ankle joints under three different stimulation conditions for individual participants.



TABLE 3 Effects of stimulation condition on joint kinematic parameters using one-way analysis of variance (ANOVA).

[image: Table 3]



Discussion

The FES is an effective technique to restore gait functions for patients with motor disorders (Lynch and Popovic, 2008b; Popovic, 2014). Due to the disturbances from internal time-varying muscle characteristics with electrical stimulation and external environmental uncertainties, most current FES systems used pre-set stimulation patterns and parameters and mainly focused on the drop foot correction. Patients may not achieve satisfactory gait performances due to the low adaptability of FES control strategies (Krishnamoorthy et al., 2008; Bulea et al., 2013; Chang et al., 2017). Therefore, accurate gait phase detection and adaptive control strategy are the critical parts of high adaptability to provide efficient walking assistance and rehabilitation.

A wearable real-time gait phase detection device integrating the FSRs-embedded shoe insole and IMU was developed. The reliability and feasibility of the combination of the FSRs and IMU in gait phase detection have been proved in previous studies (Prasanth et al., 2021). The FSRs can provide the most reliable information about foot contact conditions (Hanlon and Anderson, 2009), and the data from the inertial sensor added the information during the swing. Therefore, the combination of FSRs and IMU enables the identification of multiple gait phases during a gait cycle. Pappas et al. (2001) reported above 96% detection accuracy of HS, FF, HO, and TO for both unimpaired and pathological gait with a detection delay of less than 90 ms using a threshold-based method. Sui et al. (2020) proposed a Convolutional Neural Network (CNN)-based gait detection algorithm, which achieved an average error of 8.86 ms for the TO detection and 9.12 ms for the HS, and a gait phase detection accuracy of 96.44% on healthy subjects. Our study proposed a rule-based machine learning algorithm for identifying five gait phases: HS, FF, HO, TO, and STA. The real-time performance achieved an accuracy rate of 100% and an average delay of less than 20 ms.

Multiple-channel FES systems with adaptive control methods were proposed in previous studies (Ladouceur and Barbeau, 2000; Johnston et al., 2003; Kesar et al., 2011; Street et al., 2015; Miller et al., 2016; da Cunha et al., 2021). Mueller et al. (2020) proposed an FES system-based ILC in which individual fitted stimulation patterns of the antagonistic muscle pairs for the knee and ankle joints were generated by warping healthy subjects' physiological joint angles trajectories. The experimental results showed slight improvements in the peak joint angles in the range of 4 degrees on three of four spinal cord injured subjects. Jiang et al. (2020) proposed an adaptive FES control method that employed a linear model with ILC to adjust the stimulation timing and intensity according to the average walking speed and the error between the actual maximum ankle dorsiflexion and target angle. Their proposed control method obtained a better orthotic effect for foot drop correction than the performance with constant pre-set stimulation parameters. However, these FES control strategies required complex calibration procedures and complicated mathematical models. Compared with these complicated models, the biological-inspired FES strategies have shown their advantages in motor relearning and simplicity in modeling (Meng et al., 2017). However, the purely RFC cannot adjust the stimulation pattern for participants' individual needs during various walking speeds. This study was the first attempt to integrate the purely RFC and iterative learning algorithm and develop a multiple-channel FES walking assistance system based on an adaptive reflexive control strategy. An adaptive algorithm based on the iterative learning method was proposed to adjust the electrical stimulation parameters corresponding to muscle stimulation time and sagittal shank angle. A multiple-channel FES system was established, and the validation experiment was performed by recruiting healthy young adults. The results showed that the ARFC method achieved a better promoting effect on joint kinematics during treadmill walking than the pure RFC controller at various speed conditions.

The functionality of the ARFC was evaluated in a validation experiment involving ten healthy young male participants compared with their gait performance under the NFC and RFC stimulation conditions. The participants did not report any discomfort or disturbance during treadmill walking with the stimulation applied. The FES control strategy provided a correct muscle activation sequence consistent with the participant's voluntary movements. The ARFC significantly improved the maximum, minimum, and ROM for most participants compared with the RFC. The ankle plantarflexion angle using the ARFC was significantly larger than the RFC, indicating that the adaptive change of time constant coefficient τ and PW increased the ankle push-off and further promoted walking speed. The ankle plantarflexion and knee flexion play a critical role in generating forward propulsion (Neptune et al., 2001; Anderson et al., 2004), and the patients often exhibited a reduction in the ankle and knee movements (Bhadra et al., 2001; Kesar et al., 2010). The ARFC also achieved a larger knee and hip flexion angle in early swing, which would help improve foot clearance and leg swing. It may provide more appropriate training assistance for patients with a neurological disease with individual stimulation pattern adjustment and potentially enhance motor learning and promote neural plasticity.

There are still some limitations in this study. The experiment only recruited healthy young men, and the subject size was relatively small. The enrolled healthy young subjects have intact motor units and good muscle responses to electrical stimulation compared to patients with stroke who usually have muscular atrophy combined with a damaged perception level (Arasaki et al., 2009; Shin et al., 2022). The affected muscular properties might have a potential influence on the modulation of the stimulation parameters and hinder the performance of the FES assistance (Ambrosini et al., 2014). Moreover, we did not observe effective PW parameter adjustment for LG muscles during treadmill walking. It might be because healthy participants can meet the propulsion need of ankle plantarflexion by voluntary LG muscle contraction, and the scenario of treadmill walking limits the participants' walking variation. The proposed multiple-channel FES needs further validation with stroke patients, and the overground walking experiment should be considered in future studies.



Conclusion

This article proposed a multiple-channel FES walking assistance system with an adaptive reflexive FES control strategy. The validation experiment was performed by recruiting ten healthy young men. Walking performance under three stimulation conditions was investigated and compared. The results showed that the system generates accurate stimulation patterns for each muscle group while the stimulation parameters were successfully further adapted to various walking speeds. The ARFC method significantly improved the maximum, minimum, and ROM of the hip, knee, and ankle joints, especially for the hip and knee flexion and ankle dorsiflexion, compared with the purely RFC strategy. The presented system has the potential to provide efficient gait assistance for patients and promote motor relearning and neural plasticity. Future studies will carry out a clinical experiment to prove the system effect's on patients with stroke.



Data availability statement

The datasets presented in this article are not readily available as the study is still ongoing. Requests to access the datasets should be directed to linmeng@tju.edu.cn.



Ethics statement

The studies involving human participants were reviewed and approved by the Ethics Committee of Tianjin University. The patients/participants provided their written informed consent to participate in this study. Written informed consent was obtained from the individual(s) for the publication of any potentially identifiable images or data included in this article.



Author contributions

LM and DM: conception and design of the study. HD, JH, and ZS: system development and experiments. HD and JH: analysis and interpretation of data and drafting the manuscript. LM: project supervision and manuscript revision. RX: revising the article critically for important intellectual content. DM: project administration. All authors approved the final version to be submitted.



Funding

The work was funded by the National Key R&D Program of China (2020YFC2004300 and 2020YFC2004302), the National Natural Science Foundation of China (82001921), and the Natural Science Foundation of Tianjin (20JCZDC0080).



Conflict of interest

The authors declare that the research was conducted in the absence of any commercial or financial relationships that could be construed as a potential conflict of interest.



Publisher's note

All claims expressed in this article are solely those of the authors and do not necessarily represent those of their affiliated organizations, or those of the publisher, the editors and the reviewers. Any product that may be evaluated in this article, or claim that may be made by its manufacturer, is not guaranteed or endorsed by the publisher.



Supplementary material

The Supplementary Material for this article can be found online at: https://www.frontiersin.org/articles/10.3389/fnins.2022.944291/full#supplementary-material



References

 Ambrosini, E., Ferrante, S., Schauer, T., Ferrigno, G., Molteni, F., and Pedrocchi, A. (2014). An automatic identification procedure to promote the use of FES-cycling training for hemiparetic patients. J. Healthc. Eng. 5, 275–291. doi: 10.1260/2040-2295.5.3.275

 Anderson, F. C., Goldberg, S. R., Pandy, M. G., and Delp, S. L. (2004). Contributions of muscle forces and toe-off kinematics to peak knee flexion during the swing phase of normal gait: an induced position analysis. J. Biomech. 37, 731–737. doi: 10.1016/j.jbiomech.2003.09.018

 Arasaki, K., Igarashi, O., Machida, T., Hyodo, A., and Ushijima, R. (2009). Reduction in the motor unit number estimate (MUNE) after cerebral infarction. Suppl. Clin. Neurophysiol. 60, 189–195. doi: 10.1016/S1567-424X(08)00019-6

 Arnao, V., Acciarresi, M., Cittadini, E., and Caso, V. (2016). Stroke incidence, prevalence and mortality in women worldwide. Int. J. Stroke 11, 287–301. doi: 10.1177/1747493016632245

 Avan, A., Digaleh, H., Napoli, M. D., Stranges, S., and Azarpazhooh, M. R. (2019). Socioeconomic status and stroke incidence, prevalence, mortality, and worldwide burden: an ecological analysis from the global burden of disease study 2017. BMC Med. 17, 1–30. doi: 10.1186/s12916-019-1397-3

 Bhadra, N., Kilgore, K. L., and Peckham, P. H. (2001). Implanted stimulators for restoration of function in spinal cord injury. Med. Eng. Phys. 23, 19–28. doi: 10.1016/S1350-4533(01)00012-1

 Brockett, C. L., and Chapman, G. J. (2016). Biomechanics of the ankle. Orthop. Trauma 30, 232–238. doi: 10.1016/j.mporth.2016.04.015

 Bulea, T. C., Kobetic, R., Audu, M. L., Schnellenberger, J. R., and Triolo, R. J. (2013). Finite state control of a variable impedance hybrid neuroprosthesis for locomotion after paralysis. IEEE Trans. Neural Syst. Rehabil. Eng. 21, 141–151. doi: 10.1109/TNSRE.2012.2227124

 Chang, S. R., Nandor, M. J., Li, L., Kobetic, R., Foglyano, K. M., Schnellenberger, J. R., et al. (2017). A muscle-driven approach to restore stepping with an exoskeleton for individuals with paraplegia. J. Neuroeng. Rehabil. 14, 1–12. doi: 10.1186/s12984-017-0258-6

 Chen, G., Ma, L., Song, R., Li, L., Wang, X., and Tong, K. (2018). Speed-adaptive control of functional electrical stimulation for dropfoot correction. J. Neuroeng. Rehabil. 15, 1–11. doi: 10.1186/s12984-018-0448-x

 da Cunha, M. J., Rech, K. D., Salazar, A. P., and Pagnussat, A. S. (2021). Functional electrical stimulation of the peroneal nerve improves poststroke gait speed when combined with physiotherapy. A systematic review and meta-analysis. Ann. Phys. Rehabil. Med. 64, 1–11. doi: 10.1016/j.rehab.2020.03.012

 Dietz, V. (1992). Human neuronal control of automatic functional movements: interaction between central programs and afferent input. Physiol. Rev. 72, 33–69. doi: 10.1152/physrev.1992.72.1.33

 Hanlon, M., and Anderson, R. (2009). Real-time gait event detection using wearable sensors. Gait Posture 30, 523–527. doi: 10.1016/j.gaitpost.2009.07.128

 Hara, Y. (2013). Rehabilitation with functional electrical stimulation in stroke patients. Int. J. Phys. Med. Rehabil. 01, 1–6. doi: 10.4172/2329-9096.1000147


 Jailani, R., Tokhi, M. O., and Gharooni, S.C. (2010). “Spring brake orthosis for fes-assisted walking with wheel walker,” in International Conference of Modelling and Simulation in Engineering, Economics and Management (Barcelona), 677–685.

 Jiang, C., Zheng, M., Li, Y., Wang, X., Li, L., and Song, R. (2020). Iterative adjustment of stimulation timing and intensity during FES-assisted treadmill walking for patients after stroke. IEEE Trans. Neural Syst. Rehabil. Eng. 28, 1292–1298. doi: 10.1109/TNSRE.2020.2986295

 Johnston, T. E., Finson, R. L., Smith, B. T., Bonaroti, D. M., Betz, R. R., and Mulcahey, M. J. (2003). Functional electrical stimulation for augmented walking in adolescents with incomplete spinal cord injury. J. Spinal Cord Med. 26, 390–400. doi: 10.1080/10790268.2003.11753711

 Kesar, T. M., Perumal, R., Jancosko, A., Reisman, D. S., Rudolph, K. S., Higginson, J. S., et al. (2010). Novel patterns of functional electrical stimulation have an immediate effect on dorsiflexor muscle function during gait for people poststroke. Phys. Ther. 90, 55–66. doi: 10.2522/ptj.20090140

 Kesar, T. M., Reisman, D. S., Perumal, R., Jancosko, A. M., Higginson, J. S., Rudolph, K. S., et al. (2011). Combined effects of fast treadmill walking and functional electrical stimulation on post-stroke gait. Gait Posture 33, 309–313. doi: 10.1016/j.gaitpost.2010.11.019

 Krishnamoorthy, V., Hsu, W., Scholz, J., Benoit, D., Kesar, T., Perumal, R., et al. (2008). Gait training after stroke: a pilot study combining a gravity-balanced orthosis, functional electrical stimulation, and visual feedback. J. Neurol. Phys. Ther. 32, 192–202. doi: 10.1097/NPT.0b013e31818e8fc2

 Ladouceur, M., and Barbeau, H. (2000). Functional electrical stimulation-assisted walking for persons with incomplete spinal injuries: changes in the kinematics and physiological cost of overground walking. Scand. J. Rehabil. Med. 32, 72–79. doi: 10.1080/003655000750045587

 Li, Y., Yang, X., Zhou, Y., Chen, J., Du, M., and Yang, Y. (2021). Adaptive stimulation profiles modulation for foot drop correction using functional electrical stimulation: a proof of concept study. IEEE J. Biomed. Health Inf. 25, 59–68. doi: 10.1109/JBHI.2020.2989747

 Lynch, C. L., and Popovic, M. R. (2008a). Functional electrical stimulation. IEEE Control Syst. Mag. 28, 40–50. doi: 10.1109/MCS.2007.914689


 Lynch, C. L., and Popovic, M. R. (2008b). “Functional electrical stimulation: closed-loop control of induced muscle contractions,” in Agu Fall Meeting.

 Meng, L., Porr, B., Macleod, C. A., and Gollee, H. (2017). A functional electrical stimulation system for human walking inspired by reflexive control principles. Proc. Inst. Mech. Eng. Part H J. Eng. Med. 231, 315–325. doi: 10.1177/0954411917693879

 Miller, L., Rafferty, D., Paul, L., and Mattison, P. (2016). The impact of walking speed on the effects of functional electrical stimulation for foot drop in people with multiple sclerosis. Disabil. Rehabil. Assist. Technol. 11, 478–483. doi: 10.3109/17483107.2015.1027296

 Mountain, A., Lindsay, M. P., Teasell, R., Salbach, N. M., de Jong, A., Foley, N., et al. (2020). Canadian stroke best practice recommendations: rehabilitation, recovery, and community participation following stroke. Part two: transitions and community participation following stroke. Int. J. Stroke 15, 789–806. doi: 10.1177/1747493019897847

 Mueller, P., del Ama, A. J., Moreno, J. C., and Schauer, T. (2020). Adaptive multichannel FES neuroprosthesis with learning control and automatic gait assessment. J. Neuroeng. Rehabil. 17, 1–20. doi: 10.1186/s12984-020-0640-7

 Neptune, R. R., Kautz, S. A., and Zajac, F. E. (2001). Contributions of the individual ankle plantar flexors to support, forward progression and swing initiation during walking. J. Biomech. 34, 1387–1398. doi: 10.1016/S0021-9290(01)00105-1

 Nielsen, J. B. (2002). Motoneuronal drive during human walking. Brain Res. Rev. 40, 192–201. doi: 10.1016/S0165-0173(02)00201-1

 Pappas, I. P. I., Popovic, M. R., Keller, T., Dietz, V., and Morari, M. (2001). A reliable gait phase detection system. IEEE Trans. Neural Syst. Rehabil. Eng. 9, 113–125. doi: 10.1109/7333.928571

 Perry, J., Garrett, M., Gronley, J. K., and Mulroy, S. J. (1995). Classification of walking handicap in the stroke population. Stroke 26, 982–989. doi: 10.1161/01.STR.26.6.982

 Popovic, D. B. (2014). Advances in functional electrical stimulation (FES). J. Electromyogr. Kinesiol. 24, 795–802. doi: 10.1016/j.jelekin.2014.09.008

 Prasanth, H., Caban, M., Keller, U., Courtine, G., Ijspeert, A., Vallery, H., et al. (2021). Wearable sensor-based real-time gait detection: a systematic review. Sensors 21, 1–28. doi: 10.3390/s21082727

 Schaechter, J. D. (2004). Motor rehabilitation and brain plasticity after hemiparetic stroke. Prog. Neurobiol. 73, 61–72. doi: 10.1016/j.pneurobio.2004.04.001

 Seel, T., Werner, C., Raisch, J., and Schauer, T. (2016). Iterative learning control of a drop foot neuroprosthesis—generating physiological foot motion in paretic gait by automatic feedback control. Control Eng. Pract. 48, 87–97. doi: 10.1016/j.conengprac.2015.11.007


 Shiavi, R., Bugle, H. J., and Limbird, T. (1987). Electromyographic gait assessment, Part 1: adult EMG profiles and walking speed. J. Rehabil. Res. Dev. 24, 13–23.

 Shin, H. E., Kim, M., Lee, D., Jang, J. Y., Soh, Y., Yun, D. H., et al. (2022). Therapeutic effects of functional electrical stimulation on physical performance and muscle strength in post-stroke older adults: a review. Ann. Geriatr. Med. Res. 26, 16–24. doi: 10.4235/agmr.22.0006

 Shmuel, S., Yocheved, L., Becher, M., and Vatine, J.-J. (2013). Dual-channel functional electrical stimulation improvements in speed-based gait classifications. Clin. Interv. Aging 8, 271–277. doi: 10.2147/CIA.S41141

 Street, T., Taylor, P., and Swain, I. (2015). Effectiveness of functional electrical stimulation on walking speed, functional walking category, and clinically meaningful changes for people with multiple sclerosis. Arch. Phys. Med. Rehabil. 96, 667–672. doi: 10.1016/j.apmr.2014.11.017

 Sui, J. D., Chen, W. H., Shiang, T. Y., Chang, T. S., and IEEE (2020). “Real-time wearable gait phase segmentation for running and walking,” in IEEE International Symposium on Circuits and Systems (ISCAS).

 Zhang, D., Zhang, Q., and Zhu, X. (2015). Exploring a type of central pattern generator based on hindmarsh-rose model: from theory to application. Int. J. Neural Syst. 25, 1–15. doi: 10.1142/S0129065714500282



OPS/images/inline_3.gif
Atpy=tpg(m) =Ty





OPS/xhtml/Nav.xhtml




Contents





		Cover



		An adaptive reflexive control strategy for walking assistance system based on functional electrical stimulation



		Introduction



		Methods



		Hardware design



		FES reflexive control strategy



		Gait phase detection



		Adaptive parameters update







		Experiment



		Experimental set-up



		Data analysis







		Results



		Discussion



		Conclusion



		Data availability statement



		Ethics statement



		Author contributions



		Funding



		Conflict of interest



		Publisher's note



		Supplementary material



		References

















OPS/images/inline_2.gif





OPS/images/inline_5.gif
Ao = tho(®) = o





OPS/images/inline_4.gif





OPS/images/inline_1.gif





OPS/images/fnins-16-944291-t003.jpg
Kinematic parameters (°)

Hip maximum
Hip minimum
Hip ROM

Knee maximum
Knee minimum
Knee ROM
Ankle maximum
Ankle minimum
Ankle ROM

Ankle minimum during TS

NEC, no FES controller; RFC, reflexi

'S controller; ARE

NFC

23694 3.40
—6.60£2.78
3028 4 4.07
53234927
659511
46.64 4 8.46
8474273
~745£3.82
15.93 £ 4.00
—235+522

daptive refl

RFC

26264324
—8.87 £2.501
35.16£3.92
5844 £8.59
414£382
5434 £8.05
1074 £2.78
—11.69 £ 6.89
22444652
—10.81£7.76

S controller.

ARFC

27.87£3.17
~10.04 % 3.19
37.85£4.99
62.62£7.55
316430
59.548.20
10.40 £3.38
—1455£7.15
25.07£6.36
—13.92£7.95

P-value

<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001
<0.0001









OPS/images/crossmark.jpg
(®) Check for updates





OPS/images/logo.jpg
& frontiers | Frontiers in Neuroscience





OPS/images/fnins-16-944291-g005.gif





OPS/images/fnins-16-944291-g006.gif





OPS/images/fnins-16-944291-g003.gif
Trs Asw Trsw Tin

t ottt
s [ ]
~ ~
~N ~ ~—
~ ~






OPS/images/fnins-16-944291-g004.gif





OPS/images/fnins-16-944291-t002.jpg
Speed Total stride Gait  Accuracy  Average

(km/h)  number events (%) latency (ms)
10~14 900 HS 100 96

HO 100 144

TO 100 139

STA 100 105
16~20 750 HS 100 10.1

HO 100 214

TO 100 150

STA 100 173

HS, heel strike; HO, heel off; TO, toe off; STA, the shank angle ¢ reached its threshold
during the swing.





OPS/images/fnins-16-944291-g007.gif
Gait Cycle (%)






OPS/images/fnins-16-944291-t001.jpg
Subjects Gender Age (years) Height (cm) Weight (kg)

A M 26 174 80
B M 27 175 78
¢ M 2 176 76
D M 25 181 67
E M 2 170 6
F M 25 181 60
G M 2 188 78
H M 26 185 85
1 M 2 172 70
J M 21 171 62

M, male.





OPS/images/cover.jpg
& frontiers | Frontiers in Neuroscience

An adaptive reflexive control
strategy for walking assistance
system based on functional
electrical stimulation





OPS/images/fnins-16-944291-g001.gif
uss
» ————

it rqenc, s smplde,

NG

3 s






OPS/images/math_5.gif
714 (n) + L Atpy < —004s

ora (n+ 1)
T () — L Aty > 00ds





OPS/images/fnins-16-944291-g002.gif
Semsors

st | saaptive | {5, 11

Gait Phase Adaptive
Detection System Parameters Update

Fsie

R Y

ESks

[ Threshold

S [rWior LG,

E

&
PR

Stimulated
Limb
Movement

T,

FES Parameters Generation _State Control
"Reflexive Control Model






OPS/images/math_7.gif
PWiG () + Lpw A¢ro < —2°

PWig (n-+ 1
160D =4 by — Lpw Adpo > 2°





OPS/images/math_6.gif





OPS/images/math_2.gif
1, state = SW or TSW
Sor =

{0‘ otherwise
[
SIGIR = i
-
Suran = {
L
SRETSW =

0, otherwise





OPS/images/math_1.gif





OPS/images/math_4.gif
Fa= 3 s (n =1
IS
=L )





OPS/images/math_3.gif
(Hrair* Isw - Acra + Cramin) - S1a

Ci6 = (HiGr* TR~ AcaG + Cigmin) -SLGLR
+ (HiGps *Ips- AdG + CLGmin) - SLGPS

Cor = (Hprsw *Isw - Acsr + Chrmin) - S5F

Cra

Crr = (HRFLR *ILR - AcRF + CREmin) - SRELR
+ (Hpp.rsw * Itsw - AcF + CRE.min) - SRETSW





