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Abstract— It is a common hypothesis in the field of 
robot assisted gait rehabilitation that the active 
involvement and voluntary participation of neurologically 
impaired subjects in the robotic gait training process may 
enhance the outcomes of such therapy. An adaptive 
seamless assist-as-needed (AAN) control scheme was 
developed for the robotic gait training. The AAN control 
scheme learns in real time the disability level of human 
subjects based on the trajectory tracking errors and 
adapts the robotic assistance accordingly. The overall 
AAN control architecture works on the basis of a robust 
adaptive control approach. The performance of seamless 
AAN control scheme was evaluated during treadmill 
training with a compliant robotic orthosis having 6- 
degrees of freedom (DOF). Two experiments, namely 
trajectory following experiment and the AAN experiment 
were carried out to evaluate the performance of seamless 
adaptive AAN control scheme. It was found that the 
robotic orthosis is capable of guiding the subjects’ limbs 
on reference trajectories during the trajectory following 
experiment. Also, a variation in robotic assistance was 
recorded during the AAN experiment based on the 
voluntary participation of human subjects. This work is an 
advance on the current state of the art in the compliant 
actuation of robotic gait rehabilitation orthoses in the 
context of seamless AAN gait training.    

                    
Index Terms— Assist-as-needed, compliance 

adaptation, gait training, pneumatic muscle actuators, 
intrinsically compliant, robotic orthosis.  

I. INTRODUCTION 

EHABILITATION  treatment of gait in patients suffering 

from neurologic impairments [1-3] such as stroke [4-6] 

and spinal cord injuries (SCI) can be significantly 

improved with the aid of robotic orthoses [7-9]. Active use   
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of robotic devices during rehabilitation treatments can benefit 

both, the patient and the therapist significantly. While 

therapists can get rid of labor intensive and time consuming 

training sessions, patients can receive objective treatment 

augmented with the haptic and visual interfaces[10, 11]. The 

overall rehabilitation process is expected to improve since the 

use of various sensors and intelligent controller eventually 

reduce subjectivity by increasing visibility in the recuperation 

process through data recording and analyses.      

Actuation and control technology plays an important role in 

the design and functioning of these robotic gait training 

orthoses [12, 13]. The initial prototypes of robotic gait training 

orthoses were designed using linear actuators such as electric 

motors which have high endpoint impedance. One of the first 

gait rehabilitation robots (LOKOMAT), which made use of 

the body weight support system (BWS) and an automated 

treadmill, was developed in the late 1990’s and after two 
decades it is still being used in several clinics. LOKOMAT is 

powered by linear motors [14]. Active Leg Exoskeleton 

(ALEX) [5] is also powered by linear motors. Ambulation-

assisting Robotic Tool for Human Rehabilitation  (ARTHUR) 

[15] makes use of linear motors and a parallel mechanism for 

gait rehabilitation. 

Most of the early gait rehabilitation robots, such as 

LOKOMAT, make use of trajectory tracking controller [14]. 

However, such type of controller may not be suitable in 

carrying out the rehabilitation treatment effectively since it 

forces patients to follow a fixed trajectory. In fact, for an 

effective treatment, patients should be encouraged to 

participate actively and the role of rehabilitation robots should 

be to only scaffold or support when it is required [8]. Keeping 

this in view, several control strategies, namely, compliant [9], 

assist-as-needed (AAN) [5, 16-18] and patient cooperative 

approaches [9, 19] have been developed in order to regulate 

robotic assistance with patient’s disability levels [12]. A state 

of the art review of gait rehabilitation robot designs and their 

control strategies has been provided in [12, 20].   

The most common AAN robotic gait training strategies are 

based on impedance control [21-23]. In order to provide AAN 

gait training, an impedance control scheme has been 

implemented on LOKOMAT [24]. An adaptive impedance 

control scheme has also been proposed in [22]. The impedance 

controlled robotic devices such as LOKOMAT address the 

problem of moving compliantly against the gravity by adding 

an offset term proportional to the weight or a fixed model of 

the subject’s lower extremity dynamics [9, 22]. However, the 

offset term or fixed model needs to be manually adjusted for 
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each patient [25]. Moreover, the impedance control has only 

been implemented effectively for the swing phase of robot 

assisted gait [9, 22]. It is also evident that the lower limb joint 

stiffness relationship [26, 27] used in the inverse dynamics 

algorithm of impedance control scheme [9, 22] is most likely 

not quantitatively identical to that observed in a particular 

patient.  

A force field control scheme [8, 28] has been used by the 

developers of ALEX [5, 29] and LOKOMAT [17, 30] for the 

AAN gait training. This control scheme reduces the amount of 

robotic assistance as the training process progresses in a 

subjective manner without effectively taking into account the 

patient’s movement capability and disability level. ALEX 
force field [5] and LOKOMAT impedance controllers (virtual 

impedance) [24] are also dependent on physical therapist’s 
decision [5, 9]. An AAN control scheme for ALEX has also 

been evaluated on stroke survivors and has provided 

encouraging results [31]. Recently, ALEX III is reported in 

literature and has 12 actively controlled degrees of freedom 

(DOF) [32]. The adaptive AAN control of ALEX III 

modulates the assistive force based on the outputs of kernel-

based nonlinear filters.           

Later, robotic orthoses powered by inherently more 

compliant actuators have been developed. Pneumatic cylinders 

have been used by Pelvic Assist Manipulator (PAM) and 

Pneumatically Operated Gait Orthosis (POGO) [33, 34] to 

provide compliant actuation to the pelvis and assistance during 

leg swing. PAM and POGO have used the concept of 

“triggered assistance” [33]. The triggered assistance 

encourages the patient to first attempt the movement 

voluntarily. If the patient fails to perform voluntary 

movements, then the robotic assistance is provided to 

complete the movement, either automatically or initiated by a 

therapist. However, this approach has a discrete-event nature 

and requires decision either by a programmed rule set or by an 

observing physical therapist.         

Lower Extremity Powered Exoskeleton (LOPES) and Knee-

Ankle-Foot Robot (KAFR) [35] are other compliant robotic 

gait training orthoses. The concept of series elastic actuation 

(SEA) has been used in the design of LOPES [36] and KAFR. 

However, the hip joint is not considered in the design of 

KAFR. The designers of LOPES and KAFR have also 

considered the concept of AAN gait training [35, 36]. LOPES 

has its patient-in-charge mode during which the actuator 

stiffness is kept low and robot-in-charge mode during which 

the actuator stiffness is set high. A physical therapist’s 
decision is required to manually switch between the patient-in-

charge and robot-in-charge mode which does not provide 

seamless adaptive AAN robotic assistance [36]. A sinusoidal 

input is used to validate the AAN control of KAFR which is 

not suitable for gait rehabilitation robots. Also AAN control 

for KAFR has only been evaluated for ankle joint without the 

validation for knee joint [35].   

Pneumatic muscle actuators (PMA) behave quite similar to 

the skeletal muscles and therefore these are being used 

increasingly in the field of rehabilitation robotics [37-40]. 

PMA have intrinsic elasticity (compliance) which can be used 

in providing compliant actuation [41]. Several robotic orthoses 

powered by PMA have been developed for the gait training of 

neurologically impaired subjects [38, 40, 42-47]. However, in 

most of the cases, only trajectory-tracking control has been 

applied to these PMA powered robotic gait training orthoses 

[38, 48]. Electromyography (EMG) activity of medial  

gastrocnemius has been used to proportionally control an 

ankle orthosis powered by PMA [44]. However, the use of 

EMG signal as a feedback is quite complex [49] and has its 

own limitations such a cross muscle talk. Hence, the 

importance of providing seamless, adaptive AAN 

rehabilitation has been proven to be critical in terms of 

therapeutic results, at least for the upper limbs [25, 28, 50]. 

None of the above-mentioned robot control approaches 

provide such type of gait rehabilitation. 

A light weight robotic gait training orthosis powered by 

PMA had been developed by the authors [48] and 

subsequently, basic trajectory tracking [51, 52] and adaptive 

impedance control schemes [22] were implemented and tested. 

However, the trajectory tracking and impedance control 

schemes have their own limitations as discussed above. In the 

present work, we have developed AAN control architecture 

for providing seamless adaptive robotic assistance during gait 

training process. The AAN controller adapts the robotic 

assistance according to the patient’s disability level in a 

seamless manner in real time. The overall AAN control 

architecture consists of a robust adaptive controller. The basic 

position controller in the overall AAN control architecture 

works on the basis of a chattering-free robust variable 

structure control law (CRVC). CRVC was used as a basic 

position controller in order to deal with the structured 

uncertainties in the model of PMA [53]. The adaptive 

controller in the overall AAN control architecture was 

developed to adapt the robotic assistance according to 

subjects’ disability level.  
It is important to mention here that a seamless adaptive 

AAN control algorithm has also been developed for Pneu-

Wrex by Wolbrecht et al. in task space for upper limb 

rehabilitation [25, 50]. Pneu-Wrex is a robotic orthosis for 

upper limb rehabilitation and is powered by pneumatic 

cylinders (cylinder-piston arrangement) [25, 50]. The AAN 

controller developed in the present study was implemented in 

joint space whereas the AAN control scheme for Pneu-Wrex 

has been implemented in task space. The adaptive AAN 

controller used in this study is different from the controller 

 
Fig. 1. Experimental setup of the robotic orthosis with a subject 
walking on a treadmill. 
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used by Wolbrecht et al. in a way that a proportional 

derivative (PD) controller has been used as a basic position 

controller for Pneu-Wrex [25, 50]; whereas in this study the 

robust CRVC was used as the basic position controller. It was 

necessary to use CRVC as the basic position controller 

because of the structured uncertainties in the model of PMA.  

The significance of this work lies in the development of a 

seamless AAN control scheme for robot assisted gait 

rehabilitation. This work will help in further developing AAN 

gait rehabilitation strategies for robotic orthoses powered by 

intrinsically compliant actuators. 

II. METHODOLOGY 

A. Robotic Orthosis Design and Modeling 

1) Design: A six DOF intrinsically compliant unilateral 

robotic gait training orthosis powered by pneumatic muscle 

actuators has been developed for treadmill training of subjects 

suffering from neurologic impairments (Fig. 1) [48]. The 

unilateral robotic orthosis presents an effective design choice 

for the patients with hemiparetic gait. The actuated DOF were 

hip and knee sagittal plane rotations. All other DOF were kept 

passive. PMA was used for providing actuation to robotic 

orthosis hip and knee sagittal plane rotations. The reader is 

referred to [48] for the complete design description of the 

robotic gait training orthosis. 

2) Modeling: The combined dynamics of robotic orthosis and 

human subject is given by 𝑀(𝜃)𝜃̈ + 𝐶(𝜃, 𝜃̇)𝜃̇ + 𝐺(𝜃) = 𝑇𝑟𝑜𝑏 + 𝑇ℎ              (1) 

where 𝜃, 𝜃̇, 𝜃̈ ∈ ℝ represent the (hip or knee) angular position, 

velocity and acceleration, respectively. The dynamics of hip 

and knee angles have been treated in a decoupled fashion in 

order to simplify their complex treatment and therefore the 

overall dynamic equation can be described by (1). Decoupling 

the hip and knee systems allows us to develop the same 

controller structure for both subsystems; however the 

numerical values of their system parameters and their 

controller gains can be different. 𝑀(𝜃) ∈ ℝ is the inertia term, 𝐶(𝜃, 𝜃̇) ∈ ℝ represents centrifugal and Coriolis torques, while 𝐺(𝜃) ∈ ℝ includes the gravitational and frictional torques. In 

the remainder of the paper, the dependence of these terms on 𝜃 

and 𝜃̇ will be omitted when necessary for the sake of 

readability. The dependence of variables on time is also 

omitted for the same reason. The control variable 𝑇𝑟𝑜𝑏 ∈ ℝ is 

the torque applied by the robotic orthosis to the dynamics of 

hip or knee joint, and is measured by the pressure transducer 

in the orthosis actuators. Finally, 𝑇ℎ ∈ ℝ is the equivalent 

torque provided by the human subject’s leg at the hip joint or 
knee joint. The passive DOFs of the robotic orthosis also 

contribute torques at the actuated DOFs. However, these 

torques were ignored while modeling the actuated DOFs of the 

robotic orthosis. This assumption was made in order to keep 

the dynamics of the system simple for control purpose.   

Modeling of the robotic orthosis powered by PMA was a 

crucial task. We refer the reader to [51] for further details 

regarding the development of the robotic orthosis model, 

powered by PMA.  

B. Assist-as-Needed Control Law 

The adaptive controller for the robotic gait training orthosis 

was implemented in joint space for the hip and knee sagittal 

plane rotations. Each of the two adaptive controllers makes 

use of the sliding variable s and of the “reference trajectory” 𝑣 

[25, 50, 54]. Here, 𝑠 and 𝑣 are defined as  𝑠 = 𝜃̇̃ + 𝜆𝜃̃                                        (2) 𝑣 = 𝜃̇∗ − 𝜆𝜃̃                                        (3) 

where 𝜃̃ = 𝜃 − 𝜃∗ describes each of the tracking errors (at hip 

and knee joints), 𝜃∗ and 𝜃  being the desired and actual joint 

angles, respectively. Also, 𝜆 = 4 𝐻𝑧 is a design parameter, 

which was chosen experimentally. It was assumed that the 

joint angles of the robotic orthosis correspond to the joint 

angles of the human subject. Numerical differentiation was 

used to calculate joint angular velocities. A single-rate 

differentiator filter with an order of 31 and a cutoff frequency 

of 200 Hz was implemented using Matlab to perform the 

smoothening operation.  

As a first step towards the definition of the control law, 

following the development in [25], we define the term  𝛶(𝜃, 𝜃̇, 𝑣, 𝑣̇)𝜑 = 𝑀𝑣̇ + 𝐶𝑣 + 𝐺 − 𝑇ℎ                        (4) 

which represents the dynamics of 𝜃 and 𝑣, in which 𝜑 ∈ ℝ6 is 

a column vector of parameters (representing the amount of 

torque the subject is unable to provide to complete the desired 

joint motions), while 𝛶(𝜃, 𝜃̇, 𝑣, 𝑣̇) ∈ ℝ1×6 is a row vector of 

basis functions, assumed known, whose dependence on its 

arguments will be also omitted in the subsequent development 

of the paper. Since we assume that the time-varying functions 𝑀, 𝐶, 𝐺 and 𝑇ℎ are unknown, we define the term  𝛶𝜑̂ = 𝑀̂𝑣̇ + 𝐶̂𝑣 + 𝐺̂ − 𝑇̂ℎ                        (5)  

 

 
Fig. 2. Radial Basis functions for the hip and knee  joints. 

 

 
Fig. 3. Overall seamless adaptive Assist-as-Needed (AAN) control 
architecture. Position controller works on the basis of  CRVC 
control law [51]. The AAN torque decay term continuously decrease 
the amount of robotic assistance if trajectory tracking errors are 
small. The AAN controller was implemented in joint space.    
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analogous to (4), where each term with superscript represents 

the current estimate of the corresponding unknown term (e.g., 𝑀̂ is the estimate of 𝑀). In particular, 𝜑̂ ∈ ℝ6 is the vector of 

estimates of the actual system parametersφ. The term 𝛶𝜑̂ will 

be a first component of the overall control law. 

Conventionally, classical dynamic modeling methods have 

been used to develop the dynamic model in (5). This latter, 

which includes the human joint torque component (𝑇ℎ), should 

have sufficient resolution to adapt to different types and levels 

of neurologic impairments. The dynamic model developed for 

the robotic gait training orthosis in this study used a Gaussian 

radial basis function to model the human joint torque 

component, as in [25]. The Gaussian radial basis functions for 

each of the two angles are defined as  𝑔𝑖 = exp (− |𝜃−𝜇𝑖|2𝜎2 )                                (7) 

where 𝜇𝑖 is the center of the i-th radial basis function, 𝜃 is the 

current value of the subject’s joint angle and 𝜎 is a scalar 

smoothing constant that determines the width of the basis 

function. The grid divisions (Fig. 2) were equally spaced at 

12
o
 apart with 𝜎 = 5.096𝑜for both subsystems. The number of 

basis functions and the value of 𝜎 were chosen 

experimentally, in order to offer the best possible trade-off 

between the precision of the approximation, and the 

computational complexity of the implemented controller. The 

vector of all the Gaussian radial basis functions is defined as  𝛶 = [𝑔1 𝑔2 𝑔3 𝑔4 𝑔5 𝑔6]𝑇                      (6) 

The parameter vector is updated over time, according to the 

following dynamics, analogously to what is done in [25]: 𝜑̇̂ = − 1𝜏 𝛶𝑇(𝛶𝛶𝑇)−1𝛶𝜑̂ − 𝛤−1𝛶𝑇𝑠                 (7) 

Recalling the fact that 𝛶𝜑̂ is a component of the control law, 

we can notice that the first term on the RHS of (7) tends to 

reduce the control action, and decays with time constant 𝜏 ∈ℝ. This term is aimed at letting the information learned from 

the previous motion be preserved in 𝜑̂, which is very useful in 

case the human subject repeats a similar motion over time. 

The second term on the right hand side (RHS) of (7) is instead 

attempting to reduce the tracking error, and is a typical 

adaptive control term, in which 𝛤 = 𝛾𝐼 ∈ ℝ6×6 determines the 

overall error- based adaptation rate, with 𝛾 = 11𝑁/𝑚 chosen 

experimentally. The dynamics in (7) is supposed to enforce a 

decrease of the torque applied by the robotic gait training 

orthosis when the subject is able to complete the movements 

without robotic assistance, which is the main characteristic of 

AAN schemes. 

The overall robust adaptive control law (Fig. 3) for the 

desired robotic joint torque is written as 𝑇𝑟𝑜𝑏 = 𝛶(𝜃, 𝜃̇, 𝑣, 𝑣̇)𝜑̂ − 𝑘𝑝𝜃̃ − 𝑘𝑑 𝜃̇̃ − 𝑘𝑟𝑠                       (8) 

A CRVC law is used as a basic position controller, to guide 

the subject’s limbs on reference trajectories in the presence of 
structured uncertainties in the model of PMA. The terms 𝑘𝑝 ∈ ℝ and 𝑘𝑑 ∈ ℝ are positive constants, representing 

proportional and derivative gains, while 𝑘𝑟 is a time-varying 

scalar function which implements the CRCV action, and is 

implicitly defined by the expression 𝑠𝑘𝑟 = 𝛼 ∙ sign(𝑠) ∙ (𝐹 + 𝐷|𝑠𝑘𝑟|)                         (9) 

where , 𝐹, 𝐷 ∈ ℝ are positive design parameters. This CRCV 

term is a simplified version of the robust control action 

applied in [51]. In the latter paper, the uncertainty was 

completely compensated by the robust (CRCV) control action, 

while in the present paper the adaptive term is mainly used to 

compensate for the uncertainty due to the presence of the 

human subject, and the CRCV term to compensate for the 

uncertainty related to the actuator dynamics. By increasing the 

magnitude of the design parameters 𝛼, 𝐹 and 𝐷 (which have 

been determined experimentally), a larger energy is allocated 

to the CRCV control term, in order to cope with increasing 

uncertainty in the PMA dynamics. 

Lyapunov stability analysis of the robust adaptive AAN 

control scheme is provided in the APPENDIX. The human 

torque component in the AAN controller is certainly time-

dependent. The presence of a time-dependent human torque 

component results in an overall control system that is not 

globally asymptotically stable. However, it can be shown that 

the proposed controller imposes a closed-loop dynamics for 

the tracking errors that is ultimately bounded. This means that, 

after a transient phase, each of the two tracking errors is 

confined inside a compact set, whose size depends both on the 

parameters of the system and on the torque output from the 

human subject (please see APPENDIX).    

III. EXPERIMENTAL EVALUATION  

A. Subjects 

Ten healthy, neurologically intact subjects (8 male and 2 

female, age 25-42 years (Mean (M) 31.5 years and Standard 

Deviation (SD) 6.6039), height (M 1.702m and SD 0.056m) 

and weight (M 69.6Kg and SD 6.391)) with no history of 

neurologic disorders gave written informed consent and 

participated in the preliminary study. The University of 

Auckland, Human Participants Ethics Committee approved 

this protocol.    

B. Experiment Protocol  

 The subjects were asked to walk within the passive (zero 

assistance mode) robotic orthosis for 20 minutes so that they 

should become familiar with the robotic orthosis and training 

environment. Similar procedure was repeated for the robotic 

orthosis in trajectory tracking (active) mode. All the 

experiments were conducted in single session. A wash out 

period of 20 minutes, for every subject, between each 

experiment mode was also provided. Hip and knee sagittal 

plane physiological gait trajectories reported by Winter in [55] 

were used to define the reference joint angle trajectories. 

These joint angle trajectories are scalable in time, amplitude 

offset and range in order to be adjusted to the individual gait 

parameters of subjects. However, this scaling was not 

performed during the current experiments. Walking speed was 

set to 0.6 m/s during all experiments. Sensor data for all the 

experiments was collected at 60 Hz. No BWS was used during 

the experiments as the test subjects had no neurologic 

impairments and did not require any external support [29, 56]. 

The following experimental protocol was developed to 

evaluate the performance of AAN control scheme. 

1) Trajectory Following Experiment: Trajectory following 

experiment is divided into two modes. During the first mode 

the subjects were asked to track the reference joint angle 

trajectories in a passive robotic orthosis (zero assistance 

mode). During the zero assistance mode the robotic orthosis 
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was operated in the zero impedance or zero force mode. The 

terms of backdrive [25], patient-in-charge [36] and zero 

impedance control [9] have also been used for this zero 

assistance mode in literature. In this mode the robotic gait 

training orthosis balanced its own weight and the net torque at 

the joint level was zero. Visual feedback was used to show the 

subjects their tracking performance and encourage them to 

track the reference trajectories. A computer monitor was used 

to provide the graphical display of the reference joint angle 

trajectories to the subjects along with their achieved 

trajectories in real time. After the initial 20 minute session the 

data for 60 gait cycles (GC) during the zero assistance mode 

was recorded for analysis purpose. The rationale for the initial 

20 minute session was that to familiarize the subjects with the 

robotic orthosis walking. During the second mode (position 

control mode) the subjects were instructed to remain passive 

within the robotic orthosis and allow it to guide the trajectory 

of their legs during the AAN control mode. Data for 60 GC 

was recorded during position control mode for analysis 

purpose. The forgetting rate τ for the AAN controller was 

chosen by trial and error during the experiments. The value of τ was slowly decreased until the controller could no longer 

move the subjects’ limbs on reference trajectories. A 

maximum trajectory tracking error of 10
o
 was used during the 

determination of value of τ. If the trajectory tracking error 

goes beyond 10
o
, it was assumed that the controller is no 

longer able to move the subject’s limbs on reference 
trajectories.  This position control mode is important for the 

gait training of severely impaired subjects who cannot 

voluntarily participate towards the gait training process. 

Visual feedback was not used during the position control 

mode. The value of forgetting rate, 𝜏 = 8𝑠 or (1/ 𝜏 = 0.125) 

that can still guide the subject’s limbs on reference trajectories 

was used for subsequent AAN experiments.  

2) AAN Experiment: One more experiment was designed to 

evaluate if the AAN control scheme could learn the torques 

necessary to assist the subjects in achieving the desired ranges 

of motion while allowing the subject to remain as actively 

involved in the motions as possible. For the Mode I (always 

active mode) visual feedback was used and the subjects were 

asked to track the reference joint angle trajectories for 60 GC. 

The objective of always active mode was to see if the AAN 

control scheme can learn the torques necessary to assist the 

subjects in tracking the joint angle trajectories while allowing 

the subjects to be more actively involved in the gait training 

process. 

For the Mode II (inactive to active mode) the subjects were 

instructed to remain passive within the robotic orthosis and 

allow it to guide the trajectory of their legs during the first 20 

GC. During these 20 GC the controller learned the model of 

the torques necessary to guide the subject’s limbs on reference 
trajectories. After the first 20 GC the subjects were asked to 

actively track the joint angle trajectories while using visual 

feedback for 40 GC. The aim of inactive to active mode was to 

determine if the AAN controller can reduce its torque output 

(𝑇𝑟𝑜𝑏) to allow increased voluntary output from the subjects. 

Both the always active and inactive to active modes were 

evaluated with no forgetting rate (𝜏 = ∞) and a forgetting rate 

(𝜏 = 8𝑠) included in the AAN controller to evaluate the effect 

of forgetting rate.   

The experiments were performed in the following order for 

all the subjects. Firstly, the trajectory following experiment 

was performed. Zero assistance mode was performed prior to 

the position control mode. Secondly, AAN experiment was 

performed. Always active mode was performed prior to the 

inactive to active mode. 

 

 
Fig. 5. Average hip and knee sagittal plane joint angle trajectories 
with healthy subjects as a percentage of GC obtained during zero-
impedance control mode, averaged over all subjects for two GC.  

 
TABLE I 

MAXIMUM ABSOLUTE VALUES OF SAGITTAL PLANE JOINT ANGULAR 

DEVIATIONS AND MEAN VALUES OF THE ROBOT COMMANDED JOINT 

TORQUE FOR DIFFERENT CONTROL MODES AND AVERAGED OVER 

SUBJECTS DURING TRAJECTORY FOLLOWING EXPERIMENT. THE JOINT 

TORQUE IS A ROUGH INDICATOR OF THE  ROBOTIC ASSISTANCE 

PROVIDED TO THE SUBJECTS. STANDARD DEVIATIONS (+) ARE 

PRESENTED FOR INTER-SUBJECT VARIABILITY. 

Gait 

parameter 

Zero 

assistance 

mode 

 

Position control mode 

 𝜏 = ∞ 𝜏 = 8𝑠 |𝜃ℎ𝑖𝑝|max 18.78o+7.5 2.96o+1.7 4.22o+2.1 |𝜃𝑘𝑛𝑒𝑒|max 28.24o+10.2 6.31o+2.05 7.1o+2.5 |𝑇𝑟𝑜𝑏,ℎ𝑖𝑝| 0 33.1 Nm+2.2 26.3 Nm+1.8 |𝑇𝑟𝑜𝑏,𝑘𝑛𝑒𝑒| 0 31.21 Nm+1.9 21.1 Nm+1.6 

 

 

 
Fig. 4. Average hip and knee sagittal plane joint angle trajectories 
with healthy subjects as a percentage of gait cycle (GC) obtained 
during position control mode (trajectory tracking), averaged over all 
subjects for two GC. The shown trajectories are for the values of 
forgetting rate ( τ = 8s) that still allows the robotic orthosis to move 
the subjects’ limbs on reference trajectories. 
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C. Data Analysis 

Intra-subject variability is an important parameter to study 

the reproducibility of the experimental results. In order to 

study the intra-subject variability, standard deviations of the 

sagittal plane maximum joint angular deviations (|𝜃̃ℎ𝑖𝑝|max, |𝜃̃𝑘𝑛𝑒𝑒|max) and sagittal plane robotic joint torques values |𝑇𝑟𝑜𝑏| from different GC of each separate experimental mode 

were assessed. Further, in order to evaluate the statistical 

significance of the experimental outcomes a Wilcoxon signed-

rank test [57] was also performed and discussed. All the 

statistical tests were performed using MATLAB R2009b (The 

MathWorks, Inc: Natick, Ma, USA).    

IV.    EXPERIMENTAL RESULTS 

A. Trajectory Following Experiment 

The desired and measured hip and knee sagittal plane joint 

angle trajectories during position control mode are shown in 

Fig. 4. The presented results (Fig. 4) are for the minimum 

value of forgetting rate (𝜏 = 8𝑠) that can still provide 

sufficient robotic assistance to guide the subject’s limbs on 
reference trajectories. This minimum value of the forgetting 

rate was also used in the AAN experiments. The trajectories 

(Fig. 4) were averaged over all subjects for two GC. The 

angular deviations (|𝜃̃ℎ𝑖𝑝|max, |𝜃̃𝑘𝑛𝑒𝑒|max) form the reference 

joint angle trajectories averaged over all subjects are provided 

in Table I (mean of maximum errors is provided). During 

position control mode the maximum allowable angular 

deviations from desired hip and knee joint angle trajectories 

were below 10
o
 (maximum mean values depicted in Table I). 

The mean values of robot commanded torque (|𝑇𝑟𝑜𝑏|) 
averaged over all subjects during position control mode are 

presented in Table I. With an inclusion of the forgetting term, 

a decrease in robotic assistance was observed for all subjects 

as compared to the condition during which the forgetting term 

was not included  (τ = ∞) (values depicted in Table I). The 

desired and measured hip and knee joint angle trajectories 

during the zero assistance mode, averaged over all subjects for 

two GC are shown in Fig. 5. The magnitude of angular 

deviations (trajectory-tracking errors) during the zero 

assistance mode were 18.78
o
 and 28.24

o
 for hip and knee 

joints, respectively, which were higher as compared to the 

position control mode values of 4.22
o
 and 7.1

o
 for hip and 

knee joints, respectively (values depicted in Table I). This 

shows that the subject had the freedom to perform voluntary 

movement during the zero assistance mode. The commanded 

torque of the robotic orthosis at the joint level was zero during 

the zero assistance mode (Table I) 

B. AAN Experiment 

The AAN experiment was also performed for two modes. 

During the always active mode the subjects were actively 

participating in the gait training process. The second condition 

 

 
 
Fig. 6. Robotic orhtosis commanded torques at hip and knee 
sagittal plane joints of healthy subjects as a percentage of GC 
obtained during AAN experiment for always active condition, 
averaged over all subjects for two GC. Trajectories with a 
forgetting term ( τ = 8s) (solid line) and without a forgetting term 
(τ = ∞) are shown (dotted line) 

 

 
Fig. 7. Robotic orthosis commanded torques at hip and knee 
sagittal plane joints of healthy subjects as a percentage of GC 
obtained during AAN experiment for inactive to active condition, 
averaged over all subjects for two GC. Trajectories with a 
forgetting term ( τ = 8s) (solid line) and without a forgetting term 
(τ = ∞) are shown (dotted line). The subjects’ remained inactive 
(passive) during GC1. At the end of GC1 the subjects’ participated 
actively in the gait training process during GC2.  

 

 
TABLE II 

MAXIMUM ABSOLUTE VALUES OF SAGITTAL PLANE JOINT ANGULAR DEVIATIONS AND MAXIMUM  VALUE OF THE CONTROLLER OUTPUT (I.E. ROBOT 

COMMANDED) JOINT TORQUES FOR DIFFERENT CONTROL MODES AND AVERAGED OVER SUBJECTS DURING ASSIST-AS-NEEDED EXPERIMENT. THE JOINT 

TORQUE IS THE ROUGH INDICATOR OF THE  ROBOTIC ASSISTANCE PROVIDED TO THE SUBJECTS. STANDARD DEVIATIONS (+) ARE PRESENTED FOR INTER-
SUBJECT VARIABILITY AND P-VALUES FROM WILCOXON SIGNED-RANK TEST FOR BOTH MODES ARE ALSO PROVIDED. VALUES FOR GC2 PRESRENTED IN FIG. 

6 AND FIG. 7 ARE PROVIDED. 

Gait 

parameter 

Mode I (Always active) 

 

Mode II (Inactive to active) 

 

P-values  P-values  𝜏 = ∞ 𝜏 = 8𝑠 𝜏 = ∞ 𝜏 = 8𝑠 𝜏 = ∞ (Modes I&II) 𝜏 = 8𝑠 (Modes I&II) |𝜃ℎ𝑖𝑝|max 3.16o+2.4 6.52o+1.82 4.62o+3.71 6.13+2.9 0.0020 0.1309 |𝜃𝑘𝑛𝑒𝑒|max 5.22o+3.52 6.5o+1.73 5.84o+2.3 6.95+2.8 0.0039 0.9219 |𝑇𝑟𝑜𝑏,ℎ𝑖𝑝|max 42.3 Nm+3.1 38.1 Nm+2.6 42.6 Nm+2.7 35.5 Nm+3.2 0.0045 0.0020 |𝑇𝑟𝑜𝑏,𝑘𝑛𝑒𝑒|max 46.51 Nm+2.4 27.1 Nm+3.2 44.5 Nm+3.7 28.2 Nm+4.6 0.0020 0.0016 
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of inactive to active mode was evaluated to see that whether 

the robotic orthosis can reduce the applied joint torques if the 

subjects are actively participating in the gait training process. 

For the AAN experiment the maximum joint angle deviations 

from the reference trajectories were also kept below 10
o
 by the 

robotic orthosis.  

The robotic orthosis joint torques (𝑇𝑟𝑜𝑏) during the always 

active mode and inactive to active mode are shown in Fig. 6 

and 7, respectively. With an inclusion of the forgetting term in 

the AAN controller, the robotic assistance (𝑇𝑟𝑜𝑏) decreased to 

38.1 Nm and 27.1 Nm at hip and knee joint, respectively 

during the always active mode (Fig. 6), whereas without a 

forgetting term the robotic orthosis applied higher joint 

torques of about 42.3 Nm and 46.51 Nm at hip and knee joint, 

respectively, despite the fact that the subjects’ were actively 
contributing in the gait training process. The magnitude of 

maximum values of these robot commanded joint torques 

averaged over all subjects are provided in Table II. 

In order to show that the robotic assistance decreases during 

AAN gait training, the robot torques (𝑇𝑟𝑜𝑏) during the inactive 

to active mode averaged over all subjects is presented for two 

GC (Fig. 7). During the GC1 the subjects were inactive and 

were not voluntarily participating in the robotic gait training 

process. During the GC2 the subjects were actively 

contributing in order to achieve the desired trajectories (Fig. 

7). When the forgetting term (𝜏 = 8𝑠) was included in the 

AAN controller, the robot commanded torques decreases from 

42.6 Nm to 35.5 Nm and 44.5 Nm to 28.2 Nm for hip and 

knee joints, respectively as the subjects’ started to participate 
in the robotic training process (Fig. 7 and Table II). Without a 

forgetting term (𝜏 = ∞) the robot commanded torques did not 

show a decreasing trend during the inactive to active mode. In 

other words the robotic orthosis commanded torque during the 

inactive to active mode without a forgetting term (Fig. 7) 

showed a similar pattern as observed in the always active 

mode without a forgetting term (Fig. 6). This shows that 

without the forgetting term the robotic orthosis did not 

decrease the assistance torque (𝑇𝑟𝑜𝑏) during the AAN 

experiment and hence resulted in a reduction of the voluntary 

participation from the human subjects. The robotic assistance 

during the inactive to active mode (Fig. 7) converged to a 

steady state value depending upon the value of forgetting rate 

and the amount of voluntary participation from the human 

subjects. 

With an inclusion of forgetting term, a decrease in robotic 

assistance was observed for all subjects as compared to the 

condition during which the forgetting term was not included 

(τ = ∞) (values depicted in Table II). The maximum mean 

values of trajectory tracking errors averaged over all subjects 

during the always active mode and inactive to active mode are 

presented in Table II (error values of only GC 2 are provided). 

It was ensured during the AAN experiments that the 

deviations from reference joint angle trajectories must be 

below 10
o
. These angular deviations are partly due to the 

structured uncertainties in the model of PMA [53]. If the 

trajectory tracking errors go beyond 10
o
, the robotic orthosis 

should enhance its assistance torque. The subjects felt 

comfortable during all the experiments and no complaints of 

pain were reported. The passive foot lifter provided sufficient 

dorsiflexion during the swing phase and no cases of foot 

touching the treadmill were observed during the experiments.  

Finally, in order to check whether the differences in 

observations from two modes of AAN experiments (always 

active mode and inactive to active mode) are statistically 

significant, a Wilcoxon signed-rank test was performed. The 

null hypothesis being tested was that there is no statistically 

significant difference between observations across the two 

modes of experiment. It should be emphasized that a 

nonparametric approach was exploited as the data sample size 

was small. Significance threshold 0.01 was considered to 

evaluate the statistical significance. Therefore, p-values less 

than 0.01 indicate the null hypothesis being rejected. In our 

study, this threshold is almost equivalent to the usual threshold 

of 0.05 adjusted with the Bonferroni multiple hypothesis test 

correction for our experimental protocols having four test 

parameters (0.05 4⁄ = 0.0125). Results of the signed-rank test 

are presented in Table II. It is evident from the results that for 

most of the observations, the null hypothesis can be rejected 

owing to the small p-values. However, at least two 

observations (maximum absolute values of joint angular 

deviations during 𝜏 = 8𝑠) failed to reject the null hypothesis 

(𝑝 > 0.01). This further means that although a change in the 

angular deviation is observed when the forgetting factor was 

included, it is not statistically significant. This may be, 

primarily, due to the fact that the provisions in the controller 

do not allow deviations from reference joint angle trajectories 

beyond a threshold value.  Nevertheless, there is noticeable 

change in the commanded torques, which further strengthens 

the presumption that inclusion of forgetting factor enhances 

controller’s ability to provide customized assistance by 
varying the commanded torques. Further, observations from 

Table II, (mode II) reveal that including forgetting factor into 

the controller (𝜏 = 8𝑠), the angular deviations increases 

whereas the commanded torques decreases significantly. This 

is an important inference which further means that by reducing 

the commanded torque, controller allowed increased voluntary 

output from the subjects. 

V. DISCUSSION AND CONCLUSION  

In this work an AAN controller was developed for the robot 

assisted gait training of neurologically impaired subjects. The 

overall AAN control architecture works on the basis of a 

robust adaptive control approach. The overall AAN control 

architecture uses a robust CRVC law as the basic position 

controller in order to provide reasonable trajectory tracking 

performance in the presence of structured uncertainties in the 

model of PMA. The AAN controller was designed to provide 

seamless adaptive robotic assistance according to the disability 

level and stage of rehabilitation of neurologically impaired 

subjects. We believe that this kind of adaptive AAN robotic 

gait training is important for neurologically impaired subjects 

in order to maximize the therapeutic efficacy. 

During position control mode the maximum angular 

deviations from desired hip and knee joint angle trajectories 

must be below 10
o
.  This performance is in accordance with 

the other gait rehabilitation orthoses such as LOKOMAT, for 

which the maximum trajectory tracking errors during the 

position control mode must be below 15
o
 [9]. The position 
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control mode is important for the severely impaired subjects 

who are not capable of voluntarily participating in the gait 

training process during the early phases of rehabilitation. 

During the zero assistance mode the angular deviations were 

higher as compared to the position control mode. This 

phenomenon was observed because the robotic orthosis was 

completely passive during the zero assistance mode and the 

subjects have the freedom to drive the robotic orthosis freely. 

This phenomenon has also been reported for the zero 

assistance mode of LOKOMAT [9]. The AAN controller takes 

input in the form of trajectory tracking error and adjusts the 

robotic assistance. The model based component of the 

controller adapts in real time the robotic assistance depending 

on the trajectory tracking errors. If tracking errors are small 

the controller decays the robotic assistance and lets the 

subjects complete the desired movements and vice versa. It 

was observed during the AAN experiment that the inclusion of 

forgetting factor in the adaptive AAN control scheme resulted 

in a variation in robot commanded joint torques, depending on 

the subjects’ voluntary participation. When the forgetting rate 
was not included in the adaptive AAN control scheme, the 

robotic orthosis did not decay the commanded torques even 

when the subjects were actively contributing towards the gait 

training process.  

The AAN controller developed in this study is proven 

theoretically stable by using a Lyapunov-based stability 

analysis. The AAN controller implemented for the robotic gait 

training orthosis has the human torque component which is 

certainly time dependent. The presence of time dependent 

human torque component results in a system which is not 

globally asymptotically stable. However, the controller was 

shown to exhibit ultimate boundedness, with the tracking 

errors limited by the bounds of the system dynamics and by 

the bounds of the torque output from the human subject. It was 

found experimentally that the control law (8) determines a 

convergence to steady state tracking errors.  

The value of forgetting rate was kept same for all the 

healthy subjects during the experimental evaluation and it 

provided satisfactory results. However, it will be interesting to 

see the effect of variation of the forgetting rate on the patients’ 
with different level of disability.    

Statistical analysis of the observed data using the Wilcoxon 

signed-rank test shows that for most of the test data, the null 

hypothesis was rejected and statistically significant difference 

was found between observations across the two modes of 

experiments. However, observations for angular deviations 

during (𝜏 = 8𝑠) failed to reject the null hypothesis indicating 

that, though a change can be noticed in the angular deviations, 

it is not statistically significant. As stated earlier, primarily this 

may be due to the fact that the controller does not allow 

angular deviations beyond a threshold value. However, there 

are other factors which may cause this anomaly, such as, small 

sample size, involuntary participation of subjects and absence 

of a body weight support system to neutralize subjects’ 
weights.  

In summary, this research presents a seamless adaptive 

AAN control scheme for the robot assisted gait training of 

neurologically impaired subjects. The presented control 

scheme for seamless adaptive AAN gait training was only 

evaluated on healthy subjects. In order to establish the 

therapeutic efficacy of the adaptive AAN gait training 

strategy, rigorous clinical trials with neurologically impaired 

subjects are necessary. This work will aid in further 

developing adaptive AAN rehabilitation strategies for robotic 

systems powered by intrinsically compliant actuators.  

APPENDIX 

This section describes the Lyapunov stability analysis of the 

proposed robust adaptive AAN control scheme, mainly based 

on the results on adaptive algorithms in [25[54]. We formulate 

only one proof, which can be applied to the dynamics of both 

hip and knee angles. The Lyapunov function candidate taken 

into account is  𝑉 = 12 𝑀𝑠2 + 12 (𝑘𝑝 + 𝜆𝑘𝑑)𝜃̃2 + 12 𝜑̃𝑇𝛤𝜑̃              (10) 

where 𝜑̃ = 𝜑̂ − 𝜑 is the time-varying estimation error of the 

parameter. Differentiating (10) yields 𝑉̇ = 𝑠𝑀𝑠̇ + 12 𝑀̇𝑠2 + (𝑘𝑝 + 𝜆𝑘𝑑)𝜃̃𝜃̇̃ + 𝜑̃𝑇𝛤𝜑̇̃          (11) 

By taking the term 𝑀𝑠̇ + 𝐶𝑠 + 𝛶𝜑 and substituting the 

expressions of 𝑠, 𝑠̇, and 𝛶𝜑 from (2)-(4), one can show that 𝑀𝑠̇ + 𝐶𝑠 + 𝛶𝜑 = 𝑀𝜃̈ + 𝐶𝜃̇ + 𝐺 − 𝑇ℎ. As a consequence, by 

simply taking the system dynamics (1) into account, 𝑀𝑠̇ = 𝑇𝑟𝑜𝑏 − 𝐶𝑠 − 𝛶𝜑                           (12) 

By using (12), one can further expand the expression of 𝑉̇ in 

(11) as 𝑉̇ = 𝑠(𝑇𝑟𝑜𝑏 − 𝐶𝑠 − 𝛶𝜑) + 12 𝑀̇𝑠2 + (𝑘𝑝 + 𝜆𝑘𝑑)𝜃𝜃̇ + 𝜑̃𝑇𝛤𝜑̃   ̇    (13) 

Also, since 𝜑̃ = 𝜑̂ − 𝜑, recalling that (being 𝜑 constant over 

time) 𝜑̇ = 0, and remembering that, by physical properties of 

the system, 𝑀̇ − 2𝐶 = 0, from (13) it is possible to obtain 𝑉̇ = 𝑠(𝑇𝑟𝑜𝑏 − 𝛶𝜑̂) + (𝑘𝑝 + 𝜆𝑘𝑑)𝜃̃𝜃̇̃ + 𝜑̃𝑇(𝛤𝜑̇̂ + 𝛶𝑇𝑠)    (14)                    

Substituting the expressions of 𝛶𝜑̂ in (5), 𝜑̇̂ in (7), and 𝑇𝑟𝑜𝑏 in 

(8), yields  𝑉̇ = −𝜆𝑘𝑝𝜃̃2 − 𝑘𝑑 𝜃̇̃2 − 𝑘𝑟𝑠2 − 𝜑̃𝑇Λ𝜑̂                (15) 

where Λ = 1𝜏 Γ𝛶𝑇(𝛶𝛶𝑇)−1𝛶 ∈ ℝ6×6. From (9), it is immediate 

to obtain that 𝑘𝑟, although time-varying, is always positive. As 

a consequence 𝑉̇ ≤ −𝜆𝑘𝑝𝜃̃2 − 𝑘𝑑 𝜃̇̃2 − 𝜑̃𝑇Λ𝜑̂                    (16) 

It is not possible to prove the negative definiteness of 𝑉̇, since 

the sign of 𝜑̃𝑇Λ𝜑̂ can be either positive or negative. However, 

one can define 𝑒 = [𝜃̃ 𝜃̇̃]𝑇 ∈ ℝ2 and 𝑃 = diag(𝜆𝑘𝑝, 𝑘𝑑) ∈ℝ2×2 and rewrite (16) as 𝑉̇ ≤ −𝑒𝑇𝑃𝑒 − 𝜑̃𝑇Λ𝜑̂                          (17) 

If 𝑒𝑇𝑃𝑒 > −𝜑̃𝑇Λ𝜑̂, then 𝑉̇ < 0. A sufficient condition for this 

to happen is   𝜆min(𝑃)‖𝑒‖2 > max𝜑̂(− 𝜑̃𝑇Λ𝜑̂)               (18) 

where 𝜆min(𝑃) = min(𝜆𝑘𝑝, 𝑘𝑑) is the minimum eigenvalue of 𝑃. The maximum of −𝜑̃𝑇Λ𝜑̂ occurs when 𝜑̂ = 𝜑/2, which 

implies 𝜑̃ = 𝜑/2. Hence, sufficient condition for 𝑉̇ < 0 is ‖𝑒‖ > 12 ( 𝜑𝑇Λ𝜑𝜆𝑚𝑖𝑛(𝑃))1/2
                             (19) 

Equation (19) represents the set of the plane, which has 𝜃̃ and 𝜃̇̃ as coordinates, in which we can prove that the Lyapunov 

function is decreasing over time. This means that 𝑒 converges 

to the Euclidean ball that is the complement of the set 

described in equation (19). It is therefore possible to conclude 

that 𝜃̃ converges to the set defined as 
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|𝜃̃| ≤ 12 ( 𝜑𝑇Λ𝜑𝜆min(𝑃))1/2
                             (20) 

Recalling the expression of Λ, defined after equation (15), and 

the fact that 𝜆max(𝛤𝛶𝑇(𝛶𝛶𝑇)−1𝛶) = 𝜆max(𝛤), we conclude 

that 𝜃̃ is ultimately bounded as follows: |𝜃̃| ≤ 12 ‖𝜑‖ (1𝜏 𝜆max(Γ)𝜆min(𝑃))1/2
                             (21) 

This shows that the upper bound on the tracking error after the 

transient phase is proportional to the Euclidean norm of the 

actual parameter vector 𝜑 of the system (a maximum 

parameter error of 20% in the model of PMA was selected 

while formulating the overall control law). Also, the bound is 

proportional to the forgetting rate 1/ 𝜏 of the adaptive part of 

the controller. 
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