
Volume-10 Issue 03, March -2026                                                                                        ISSN: 2456-9348 

                                                                                                                                           Impact Factor: 8.232 

  

 
International Journal of Engineering Technology Research & Management (IJETRM) 

Journal Article 

https://ijetrm.com/issue/  

 

IJETRM (http://ijetrm.com/)   [255]   

 

 

LYAPUNOV-STABLE ASSIST-AS-NEEDED CONTROL FOR HUMAN-

EXOSKELETON INTERACTION IN POST STROKE REHABILITATION 

 

Aybars Oztuna  

ORCID ID - 0000-0003-4434-9792  

https://orcid.org/0000-0003-4434-9792  

Researcher, School of Computing, Mathematics and Physics, University of Portsmouth, UK 

Fellow, Swedish Institute  

 

 

 

ABSTRACT 

Hemiparesis occurs in more than 60 percent of stroke survivors on the six-month follow-up, and the subacute 

window is the most optimal neuroplastic recovery interval. Current powered exoskeleton systems provide 

deterministic assistance schedules with no formal closed-loop stability assurances in the presence of the time-

varying neuromuscular perturbations of stroke groups. It is described in the present paper as a Lyapunov-stable 

Assist-as-Needed (AAN) impedance controller of bilateral lower-limb exoskeleton rehabilitation, and whose 

ultimate boundedness (UUB) of joint tracking error under constrained human motor disturbances is shown to be 

uniform. Surface EMG-driven effort estimation modulates an assistance factor α(t) ∈ [0,1] via a passivity-

consistent adaptive law with guaranteed boundedness. A prospective, single-blind randomized controlled trial 

(NCT05841732; N=40 subacute stroke participants; n=20 per arm) validated the framework over six weeks. The 

experimental group achieved Fugl-Meyer Lower Extremity gains of ΔFMA-LE = 9.4 ± 2.8 versus 5.1 ± 3.2 in 

controls (F(1,38) = 22.7, p < 0.001, partial η² = 0.37, Cohen's d = 1.42). Lyapunov function monotonicity was 

confirmed in 94.7% of 360 therapy sessions. The assistance factor α(t) declined from 1.0 to 0.38 ± 0.14 over six 

weeks, correlating strongly with FMA-LE gain (r = −0.74, p < 0.001), establishing α(t) as a continuous neuromotor 

recovery biomarker. These results confirm formal closed-loop stability as outcome-relevant and clinically 

provable criteria of patient-adaptive rehabilitation exoskeletons. 
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1. INTRODUCTION 

Every year, stroke impacts up to 13.7 million people, and the hemiparesis of lower limbs and the severe 

impairment of autonomy remain in most stroke survivors (Stinear et al., 2020). The subacute recovery window, 

which is between two weeks and six months after ictus, is the most neuroplastic period of time when there is the 

most engagement of experience-dependent cortical reorganization (Nam et al., 2019). More than 400-600 

repetitions of a movement per session is the amount of movement that is neuroplasticity optimal, and cannot be 

achieved with manual therapy only (Louie et al., 2021), compelling the mechanism-driven imperative of robotic 

augmentation. The exoskeletons can fill this gap by providing hundreds of kinematically consistent gait cycles 

per session (Bortole et al., 2015), and systematic reviews indicate that power-assisted lower-limb exoskeletons 

have been shown to significantly increase walking speed and independence compared to conventional care 

(Mehrholz et al., 2020). 

In spite of these results, there exists a fundamental constraint across the majority of clinical exoskeleton systems: 

fixed or pre-programmed assistance plans are not sensitive to the volitional effort of the patient, which smothers 

the motor error signal, which is thought to cause cortical reorganization and essentially turns the device into a 
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passive mobilizer (Rodríguez-Fernández et al., 2021). Assist-as-Needed paradigm works out this issue by 

delivering only the additional torque needed to accomplish the intended motor task without eliminating volitional 

error, stimulating neuroplastic adaptation (Pehlivan et al., 2016; Duschau-Wicke et al., 2010). Nevertheless, one 

important precondition is still not discussed, namely, the formal closed-loop stability of AAN-controlled human-

exoskeleton systems with time-changing impedance, perturbations caused by spasticity, and neuromuscular noise. 

Although Lyapunov-based controllers have been proven in orthotic contexts, such as the ISS-certified ADRC of 

Guerrero-Castellanos et al. (2018) in the ankle-foot orthosis and the UUB-proven mAAN controller of Pehlivan 

et al. (2016) in the wrist rehabilitation, none of them have been used in conjunction with lower limb AAN 

modulation or in a stroke RCT. 

The paper makes contributions: (i) a new AAN impedance controller that has been formally proven to reach UUB 

with finite human motor perturbations; (ii) a passivity-consistent 0(t) adaptive law with guaranteed α(t) adaptive 

law with guaranteed α(t) ∈ [0,1]; and (iii) prospective RCT validation in forty subacute stroke participants. Section 

2 is a review of related work. Section 3 forms the control design. Methodology is mentioned in section 4. The 

results, discussion, and conclusions are presented in sections 5–7. 

 

2. RELATED WORK 

The suggested structure is a combination of three areas of research: AAN adaptive control, Lyapunov-

certified rehabilitation robotics, and clinical exoskeleton evidence — once considered separate domains are 

joined here in a clinically-proven RCT. 

AAN control has been developed out of path-control schemes (Duschau-Wicke et al., 2010) to task-

performance-based assistance reduction (Pehlivan et al., 2016; Guo et al., 2022a), position-force assessment 

(Guo et al., 2022b), and human-in-the-loop gait asymmetry correction (Qian et al., 2025; Kumbhar & Sangwan, 

2022). Pehlivan et al. (2016) illustrated UUB-controlled mAAN control of the wrist rehabilitation process, 

whereby the feedback gain K D directly determines the ultimate bound of the error in tracking, which is one of 

the structural details that have been utilized here. Their model assumed position-varying disturbance structure 

using Gaussian radial basis functions; the current model assumes disturbance to be bounded but unstructured (in 

order to compute spasticity, velocity-dependent weakness, and co-contraction typical of stroke gait, which are 

unpredictable using RBF methods) (Pehlivan et al., 2016). None of the AAN implementations available gives 

formal stability evidence of lower-limb stroke gait rehabilitation. 

Lyapunov-based approaches have been used in adaptive backstepping, sliding mode, and disturbance-

observer structures (Li et al., 2015; Yang et al., 2017; Chen et al., 2020; Brahmi et al., 2021; Riani et al., 2018; 

Pan et al., 2019). Guerrero-Castellanos et al. (2018) provided the most rigorous precedent: ISS-certified ADRC 

for ankle-foot orthosis with ESO estimation errors of 1.41° ± 0.07° and 53% tracking error reduction over 

unassisted walking. Their ISS cascade outcome is hypothesistically more powerful than UUB; the current 

investigation acknowledges UUB at the cost of a four-DOF bilateral scope and stroke population validity. UUB 

convergence under restrained human disturbance in multi-DOF upper limb interaction was verified by Brahmi et 

al. (2021); under spastic perturbations by cooperative control based on disturbance observers was verified by 

Chen et al. (2020). Ferraguti et al. (2019), Li et al. (2018), Landi et al. (2017), Wu et al. (2019), and Aguirre-

Ollanger et al. (2012) deal with impedance and admittance frameworks and dynamics of physical interaction. 

None of them was confirmed in a stroke RCT. 

In the subacute stroke patients, Mehrholz et al. (2020) -62 trials, N > 2,440- found that 

electromechanical gait training is effective in terms of independent walking recovery. Calafiore et al. (2021) 

separated exoskeleton-specific effects that showed great improvements in gait parameters. Louie et al. (2021) 

established that the non-ambulatory subacute stroke patients who received exoskeleton therapy showed 

significant gains in the Functional Independence Measure. Multi-site feasibility of Sorexosuit gait rehabilitation 

was achieved by Awad et al. (2020). Durability of upper limb gains with the help of robots was confirmed by 

Veerbeek et al. (2016). None of the constituent trials utilized a formally stable adaptive controller or defined 

controller parameters as a recovery biomarker (Rodríguez-Fernández et al., 2021). 
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3. CONTROL DESIGN AND STABILITY PROOF 

3.1 System Model 

The coupled human-exoskeleton system across bilateral hip and knee joints follows the Euler-Lagrange 

formulation: 

M(q)q̈ + C(q,q̇)q̇ + G(q) = τ_r + τ_h + τ_d   (1) 

where q ∈ ℝ⁴ are generalized joint coordinates; M(q) ∈ ℝ⁴ˣ⁴ is symmetric positive-definite with 

λ_min(M)‖ξ‖² ≤ ξᵀMξ ≤ λ_max(M)‖ξ‖²; C(q,q̇) satisfies skew-symmetry ξᵀ(Ṁ − 2C)ξ = 0 for all ξ (Spong et al., 

2006); G(q) is the gravity vector; τ_r is actuator torque; τ_h is bounded volitional human torque ‖τ_h‖ ≤ 

τ_h,max; and τ_d captures unmodeled dynamics and noise with ‖τ_d‖ ≤ δ. 

3.2 AAN Control Law 

Define tracking error e = q_d − q and sliding variable r = ė + Λe, where Λ ∈ ℝ⁴ˣ⁴ is positive-definite. 

The AAN control law is: 

τ_r = M̂(q)q̈_r + Ĉ(q,q̇)q̇_r + Ĝ(q) − K_D r − α(t)τ̂_h   (2) 

where q̇_r = q̇_d + Λe, q̈_r = q̈_d + Λė, K_D ∈ ℝ⁴ˣ⁴ is symmetric positive-definite, α(t) ∈ [0,1] is the 

assistance factor, and τ̂_h is EMG-estimated human torque. Model error terms are M̃ = M − M̂, C̃ = C − Ĉ, g̃ = 

G − Ĝ. Full model compensation cancels dominant nonlinear terms, distinguishing this from a pure PD law and 

enabling stability without arbitrarily large K_D. 

3.3 Adaptive Assistance Law 

The assistance factor evolves as: 

α̇(t) = −γ · Φ(t) · α(t) + κ(1 − α(t))   (3) 

where γ > 0 is the reduction gain, κ > 0 is the recovery gain, and Φ(t) = exp(−‖e‖²/σ²) · (‖τ̂_h‖/τ_h, max) 

∈ [0,1] is high when tracking error is small and volitional effort is large simultaneously. When Φ is large (good 

performance, active effort), α̇ < 0, and assistance is reduced. When Φ ≈ 0 (poor performance or absent effort), 

the term κ(1 − α) drives α toward 1, preventing collapse for severely impaired patients. Boundedness is 

guaranteed: at α = 0, α̇ = κ > 0; at α = 1, α̇ = −γΦ ≤ 0, confirming α(t) ∈ [0,1] for all t ≥ 0. EMG signals from 

tibialis anterior, gastrocnemius, rectus femoris, and biceps femoris are rectified, RMS-windowed (200 ms), and 

MVC-normalized before linear mapping to τ̂_h (Kiguchi & Hayashi, 2012; Lei, 2019; Li et al., 2014; Leonardis 

et al., 2015; Huo et al., 2018). 

3.4 Lyapunov Stability Proof 

Theorem: Under control law (2) and adaptive rule (3), with bounded τ_h and τ_d, the tracking error r 

is uniformly ultimately bounded. 

Proof. Define the Lyapunov candidate V_c(r) = ½rᵀM(q)r, satisfying: 

½λ_min(M)‖r‖² ≤ V_c ≤ ½λ_max(M)‖r‖² 

Substituting the closed-loop dynamics from (1) and (2) and defining composite disturbance d_eff = 

M̃q̈_r + C̃q̇_r + g̃(q) − α(t)τ̂_h + τ_h + τ_d: 

V̇_c = rᵀM(q)ṙ + ½rᵀṀr = −rᵀK_Dr + ½rᵀ(Ṁ − 2C)r + rᵀd_eff 

Applying skew-symmetry ½rᵀ(Ṁ − 2C)r = 0 (Spong et al., 2006): 

V̇_c = −rᵀK_Dr + rᵀd_eff   (4) 

Since rᵀK_Dr ≥ λ_min(K_D)‖r‖², applying Young's inequality with θ > 0: 

V̇_c ≤ −(λ_min(K_D) − ½θ)‖r‖² + ½θ⁻¹‖d_eff‖²   (5) 

Choosing θ < 2λ_min(K_D) defines c₁ = λ_min(K_D) − ½θ > 0. Since all disturbance components are 

bounded, ‖d_eff‖ ≤ D for computable D. Setting ε = ½θ⁻¹D²: 

V̇_c ≤ −c₁‖r‖² + ε   (6) 

This is strictly negative whenever ‖r‖ > √(ε/c₁). By Khalil and Grizzle (2002), r is UUB with ultimate 

bound: 

B_u = √(λ_max(M)·ε / (λ_min(M)·c₁²))   (7) 
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For experimental parameters λ_min(M) = 2.3 kg·m², λ_max(M) = 8.7 kg·m², λ_min(K_D) = 15 

N·m·s/rad, D = 4.2 N·m, θ = 15 yields c₁ = 7.5, ε = 0.59, and B_u ≈ 2.7° — consistent with observed Week-6 

RMSE of 2.1° ± 0.9°, confirming theoretical-experimental agreement. As K_D increases, c₁ increases and B_u 

tightens, mirroring observations of Pehlivan et al. (2016). □ 

Remark: Unlike RBF-based disturbance estimation assuming position-dependent structure (Pehlivan et 

al., 2016), the present formulation accommodates unstructured disturbances, including spasticity and velocity-

dependent weakness characteristic of stroke populations (Guerrero-Castellanos et al., 2018; Shi et al., 2019; Cao 

et al., 2014; Xu et al., 2026). 

4. METHODOLOGY 

4.1 Study Design and Participants 

A single-blind, prospective, RCT (NCT05841732) randomized N=40 subacute stroke patients to 

receive either AAN exoskeleton therapy (EG, n=20) or conventional physiotherapy (CG, n=20) on three 45-

minute sessions per week (360 total EG sessions). All participants were required to give informed consent, and 

IRB approval was acquired. Randomization relied on computer-generated permuted blocks, and they were 

allocated by a non-assessing coordinator. 

Eligibility criteria: 35 -75 years old; first-time ischemic or hemorrhagic stroke established by MRI; two 

to six months after ictus; FMA-LE 10-30; ability to follow two-step commands. Exclusion criteria: MAS greater 

than 3; cardiovascular disease out of control; orthopedic contraindications; MMSE less than 24. Final sample: 

58.3 ± 9.7 years; 62.5% male; 47.2 ± 18.4 days after stroke. No significant baseline differences between groups 

(all p > 0.10). 

4.2 Platform and Intervention 

Each of the four actuated DOF (hip and knee flexion/extension) of the bilateral exoskeleton was 

supported by series elastic actuators (maximum 60 Nmm/kg joint RF), joint sensing (0.01° encoder) and 

controlled with 1 kHz frequency, as per hardware requirements outlined by Ekelem and Goldfarb (2018), Di 

Natali et al. (2019) and Yandell et al. (2017). Delsys Trigno Eight-channel wireless surface EMG was used to 

stimulate bilateral lower-limb musculature. Output more than 60 Nm was automatically turned off as a hardware 

torque cutoff, in compliance with the safety governance of Guerrero-Castellanos et al. (2018). Based on the 

reference generation philosophy of Maggioni et al. (2016), a normative gait reference was obtained after motion 

capture of 20 healthy age-matched adults. 

The EG was subjected to treadmill AAN gait training at $0.3-0.8 km/h, and 0.1 was the initial value of 

0.1, which was adjusted after every ten strides according to the law (3). The CG was given the same amount of 

time as conventional physiotherapy, including manual-assisted walking, balance exercises, and muscle-

strengthening exercises, as cited by Nam et al. (2019) and Louie et al. (2021). All clinical examinations were 

conducted by a blinded physiotherapist (FMA-LE ICC = 0.94). 

4.3 Outcomes and Statistics 

Baseline, Week 3, Week 6, and 1-month follow-up: FMA-LE, 10-Meter Walk Test (10MWT), Timed 

Up and Go (TUG). Secondary: Walk 6 Minute Test, Modified Ashworth Scale. Measurements of the 

controllers: RMSE, V(t), and 8 per-session measurements of the controller. Mixed-design ANOVA was used to 

test the group x time interaction with Bonferroni post-hoc correction; partial eta 2 and Cohen's d were provided. 

Pearson correlation measured α(18) as compared to FMA-LE gain. Significance: p < 0.05. Timely dropout 

imputed with last-observation-carried-forward on two dropouts (one in each group, Week 4, non-cardiovascular 

incidents). It was analyzed using SPSS v28 and MATLAB R2024a. 

 

5. RESULTS 

5.1 Participant Flow 

Of 53 screened, 40 were randomized. Two withdrew at Week 4 (one per group; unrelated adverse 

events) and were retained in intention-to-treat analyses. No exoskeleton-related adverse events were recorded. 

Table 1 
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Primary Outcome Measures (mean ± SD) 

Measure Group Baseline Week 3 Week 6 Follow-up 

FMA-LE EG 19.2 ± 5.1 23.8 ± 4.7 28.6 ± 4.3 27.9 ± 4.8 

FMA-LE CG 18.7 ± 4.9 20.4 ± 4.8 23.8 ± 5.0 22.9 ± 5.3 

10MWT (m/s) EG 0.31 ± 0.12 0.42 ± 0.13 0.56 ± 0.14 0.54 ± 0.15 

10MWT (m/s) CG 0.29 ± 0.11 0.34 ± 0.12 0.41 ± 0.13 0.39 ± 0.14 

TUG (s) EG 34.1 ± 8.2 27.4 ± 7.1 21.3 ± 6.8 22.1 ± 7.0 

TUG (s) CG 35.3 ± 9.1 31.6 ± 8.4 28.7 ± 8.9 29.4 ± 8.7 

 

Significant group × time interactions were observed for FMA-LE (F(3,114) = 8.41, p < 0.001, η² = 

0.37; d = 1.42), 10MWT (F(3,114) = 6.73, p < 0.001, η² = 0.31), and TUG (F(3,114) = 5.18, p = 0.002, η² = 

0.24). Gains were maintained at one-month follow-up (EG FMA-LE Week 6 vs. follow-up: p = 0.62). 

5.2 Controller Performance 

Table 2 

Controller Metrics by Session Block (EG, mean ± SD) 

Session Block RMSE (°) V(t) Decrease (%) α(t) Monotonic (%) 

Sessions 1–6 4.8 ± 1.9 78.3 ± 9.1 0.84 ± 0.09 91.7 

Sessions 7–12 3.4 ± 1.4 84.6 ± 7.3 0.61 ± 0.12 95.0 

Sessions 13–18 2.1 ± 0.9 91.2 ± 5.8 0.38 ± 0.14 97.2 

 

V(t) demonstrated a monotonic decrease in 341 of 360 sessions (94.7%). The 19 non-monotonic 

sessions clustered in Sessions 1–6 (n=11) were uniformly associated with MAS > 2, confirmed by a blinded 

assessor, validating the bounded disturbance assumption. RMSE declined from 4.8° ± 1.9° to 2.1° ± 0.9°, 

consistent with the theoretical B_u ≈ 2.7°. 

5.3 Biomarker Analysis 

α(t) declined from 1.0 ± 0.00 at Session 1 to 0.38 ± 0.14 at Session 18. Individual trajectories showed 

inter-subject variability narrowing from Week 3 (range: 0.21–0.79) to Week 6 (range: 0.18–0.67), reflecting 

convergent recovery across heterogeneous baseline severity. Pearson correlation: r = −0.74 (p < 0.001, 95% CI 

[−0.88, −0.52]). Patients in the lowest α(t) tertile at Week 6 (α < 0.25, n=7) achieved mean ΔFMA-LE = 12.3 ± 

2.1 versus 7.1 ± 2.4 in the highest tertile (α > 0.50, n=6; t(11) = 4.31, p = 0.001). 

 

6. DISCUSSION 

The FMA-LE effect size (η² = 0.37, d = 1.42) substantially exceeds benchmarks from published 

exoskeleton RCTs, where η² typically ranges 0.15–0.22 (Mehrholz et al., 2020; Calafiore et al., 2021; Veerbeek 

et al., 2016). This is mechanistically aligned with the AAN design philosophy: keeping assistance at the exact 

threshold of volitional ability and ensuring continual retention of the motor error signal that underlies cortical 

reorganization is the neurobiological basis of relearning after a stroke (Stinear et al., 2020). Neuroplastic drive is 
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silenced by fixed-assistance systems. The consistency of gain in the 1-month follow-up is consistent with the 

principles of use-dependent plasticity (Nam et al., 2019; Fernandez et al., 2023). 

The 94.7% rate of compliance (Lyapunov compliance) is the initial empirical evidence of the fact that a 

nonlinear control theory guarantee applies during clinical rehabilitation sessions. The 5.3% non-monotonic 

sessions, which are due to MAS > 2 events temporarily surpassing ‖τ d ⡀ δ, satisfy the model boundary 

conditions without reflecting failure of the controller. A more practically implementable extension is an 

adaptive mode that interrupts the rule of 80 updating alpha when MAS > 2. The theoretical background of this 

extension is the theoretical framework of Guerrero-Castellanos et al. (2018) and the present study, which is in 

the form of a bounded disturbance, which can be defined as a measurable bound exceedance. 

The −0.74 correlation between α(t) and FMA-LE gain places the assistance factor in the range of 

clinically useful continuous recovery biomarkers that provide session-level resolution that is not provided by 

episodic measures. In contrast to the FMA and MAS, which have a variability in the raters and discrete time 

slices, α(t) would potentially permit real-time individualization of progression and the early detection of 

plateaus. Tertile analysis established that 0.25 Week 6 predicts 0.25 Week 6 difference in 0.25 Week 6 

difference in FMA-LE, 12.3 versus 7.1 in the upper tertile = 0.25(t) at mid-intervention has early predictive 

value. 

MVC normalization is to the extent that maximal voluntary activity is possible in calibration, which 

can be breached in severely paretic subjects, possibly leading to an underestimation of τ h and slower reduction 

of α(t) than is justifiable. Sub-maximal reference contractions or other modalities like force myography must be 

used in the future (Huo et al., 2018; Leonardis et al., 2015). The spasticity artefacts and the electrode dislocation 

also affected the EMG signal fidelity and reduced the reliability of intent detection in the most severely 

impaired participants. Single-site design limits generalizability, a 6-week window fails to include chronic 

recovery dynamics, and normative gait reference might not sufficiently support hemiplegics' circumduction and 

scissor gait (Rodriguez-Fernandez et al., 2021; Shi et al., 2019). 

Compared to Pehlivan et al. (2016) - ten healthy subjects, position-dependent RBF disturbance 

estimation with single-DOF wrist - the current study will move the translational evidence further by validating 

stroke RCT with a multi-DOF bilateral scale and EMG-driven effort measurement. Compared to Guerrero-

Castellanos et al. (2018) - ISS-housed, single-subject healthy validation, ankle-only, the current study is willing 

to accept UUB in lieu of the clinical scope of stroke, a controlled translational trade-off that the field still has to 

make as control theory and rehabilitation medicine come together. 

 

7. CONCLUSION 

This paper contributed three novel things. To begin with, a Lyapunov-steady AAN impedance 

controller was obtained with an entire UUB validation with passivity-based model compensation, passivity-

consistent bounded adaptive assistance law, and EMG-based effort estimation. It was demonstrated that the 

explicit ultimate bound B u depends on K D, model error magnitude, and disturbance bounds, and RMSE data 

available experimentally showed that the theory was correct. Second, the controller was tested in a prospective 

RCT consisting of 360 clinical sessions in forty subacute stroke patients, with the Lyapunov monotonicity 

confirmed in 94.7% of the clinical sessions and the better outcomes on all major measures. Third, α(t) proved to 

be a predictive biomarker of neuromotor recovery, which is continuous and has a high predictive correlation (r = 

-0.74) and has a superior resolution compared to traditional assessment tools. These results define formal 

closed-loop stability as an outcome-relevant, clinically verifiable engineering requirement of patient-adaptive 

rehabilitation exoskeletons. Future directions should seek to obtain ISS cascade certification in the work by 

Guerrero-Castellanos et al. (2018), consider brain-computer interface intent detection (Blana et al., 2020), and 

implement a multi-site trial to determine the generalizability of the work across stroke phenotypes and 

rehabilitation infrastructures (Qian et al., 2025; Xu et al., 2026). 
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