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Hierarchical Trajectory Deformation Algorithm with
Hybrid Controller for Active Lower Limb

Rehabilitation
Ze Yang1, Hu Jin1, Wei Gao1, Erlong Wang1, Yang Shu1, Ming Wu2 and Shiwu Zhang1

Abstract—Robot-aided active rehabilitation has shown to be
an effective treatment approach for hemiplegic patients. This
paper presents an active control framework for lower limb
rehabilitation, combining an interaction layer with a hierarchi-
cal trajectory deformation algorithm (HTDA), and an assist-
as-needed (AAN) layer with a hybrid controller. The HTDA
uses constrained optimization in both position and velocity
domains to continuously generate smooth reference trajectories
based on virtual interaction forces during physical human-
robot interaction (pHRI). An additional optimization loop is
also implemented to achieve adaptive parameter adjustment
for HTDA. Meanwhile, the hybrid controller relies on a force
field term and a velocity field term to provide AAN feature.
The proposed method is validated on a two-degree-of-freedom
lower limb rehabilitation robot for walking with variable step
height and step length. The experimental results demonstrate that
compared to previously developed admittance model (AM) and
trajectory deformation algorithm (TDA), under four different
evaluation metrics, HTDA can improve dimensionless squared
jerk (DSJ) by 73.6% comparing to AM and improve constraint
force percentage (CFP) by 20.4% comparing to TDA. This
demonstrate the effectiveness of the proposed framework in
reducing human-robot confrontation, especially in improving
robot actuation compliance and movement smoothness.

Index Terms—Physical human-robot interaction (pHRI), reha-
bilitation robotics, hierarchical trajectory deformation algorithm,
active rehabilitation.

I. INTRODUCTION

STROKE is the third leading cause of chronic physical
disability, with 70% to 80% of stroke patients lose the
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ability to live independently, primarily due to lower limb
functional impairment [1], [2]. Gait training plays a piv-
otal role in rehabilitating lower limb motor function after
a stroke [3]. Consequently, a variety of lower limb reha-
bilitation robots (LLRRs), such as LOKOMAT, REWALK
and ALEX [4], [5], [6], have been extensively used in the
training processes. Among them, LLRRs with passive control
strategies are commonly used for early-stage rehabilitation of
stroke patients [7]. Such strategies have made the control of
rehabilitation relatively simple and effective. However, the lack
of interaction between the robot and the patients hinders its
further application, because only active training can induce
the neural plasticity needed for rehabilitation [8]. Therefore,
an active controller with assist-as-needed (AAN) property can
have a better prospect.

Constructing an active controller with AAN property in-
volves assessing the patient’s functional needs and implement-
ing the corresponding assistance [9]. Caulcrick et al. [10]
utilized electromyographic (EMG) signals measured from the
patient’s healthy side to guide the active rehabilitation of the
impaired side. Pehlivan et al. [11] estimated the patient’s input
through a model-based disturbance observer, and calculated
the required compensation torque to achieve the desired mo-
tion. Another general technique to develop active rehabilitation
is to construct either a force field controller [12], [6] or a
velocity field controller [13], [14]. Within this context, Cao
et al. validated the stability of a force field controller using
Lyapunov methods [15], while Zhang et al. achieved parameter
adaptation of a force field controller through a learning-based
approach [16]. However, once the real trajectory deviates from
the reference trajectory by a relatively large distance, the robot
may exert excessive constraint forces on the patient, leading
to discomfort and unnatural movement. Introducing physical
human-robot interaction (pHRI) algorithm in the controller can
solve this problem. For instance, Asl et al. improved their
robot’s compliance by adding admittance model (AM) [17]
into their controller through force and velocity field terms [18].
However, as a second-order interaction model, Ferraguti et
al. [19] pointed out that AM can induce higher-order dis-
turbances. This compromises the robot’s movement stability,
posing safety risks. Besides, the reference trajectory generated
by the AM-based controller only contains one point, such that
the corresponding trajectory may possess a poor continuity
and further limit the rehabilitation performance.

Recently, Zhou et al. [20] and Yang et al. [21] applied tra-
jectory deformation algorithm (TDA) [22] to generate smooth
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reference trajectories during interaction, which was able to
guide the robot to achieve active rehabilitation with lower
energy consumption. However, they only discussed the rela-
tionship between the interaction force and the corresponding
trajectory deformation in the position domain, which hinders
TDA’s response speed for active interaction and can result in
an abnormal increase in the interaction force. In addition, the
parameters of the TDA proposed in [20] and [22] are fixed,
that is, the relationship between the interaction force and the
trajectory deformation is fixed, which may become ineffective
in complex human-robot interaction tasks.

Therefore, this paper attempts to improve the response
speed of TDA and its stability at the same time. An active
control framework with an interaction layer and an assist-
as-needed layer is proposed. The interaction layer utilizes
a hierarchical trajectory deformation algorithm (HTDA) to
improve the robot’s response speed to human interaction.
Compared to conventional TDA methods, HTDA uses separate
constrained optimization in both position and velocity domains
to generate a smooth reference trajectory while the human is
interacting with the robot, aiming to mitigate the confrontation
in between. Additionally, an extra optimization loop enabling
parameter adjustment for HTDA based on variable interaction
forces is added to further improve HTDA’s adaptability. On
the other hand, the AAN layer employs a hybrid controller to
constrain the human motion to the reference trajectory and pro-
vide adjustable assistance. The framework is verified through
experiments conducted on a two-degree-of-freedom (2-DoF)
LLRR with the participation of six healthy human subjects.
The main contributions of this paper can be summarized as
follows:

1) A human-robot interaction control framework with a
novel HTDA within its interaction layer is proposed. HTDA’s
dual-domain trajectory optimization and adaptive parameter
adjustment enable responsive and stable human-robot interac-
tion under this framework.

2) Preliminary verification of the proposed framework is
conducted with six healthy human subjects. The experimental
results demonstrate the effectiveness of HTDA over conven-
tional methods, such as AM and TDA, in handling physical
human-robot interaction. HTDA helps yield a more compliant
rehabilitation robot and a series of smoother rehabilitation
motion.

NOMENCLATURE

fv , fext Virtual and measured actual interaction forces
ft, fn Orthogonal components of fv
q̈, q̇, q Vectors of joint acceleration, velocity and position
ts, te Time at which current trajectory deformation starts

and ends
δ Sampling period
N Number of sampling points between ts and te
Γd, Yd Desired position and velocity of the reference trajec-

tory between ts and te
Γ̃d, Ỹd Deformation of Γd and Yd

H , Hm Deformation vectors of Γd and Yd

µ, µm Admittance gain of the deformation vectors

Fig. 1. Diagram of the proposed active control framework.

f Operating frequency
Fn, Ft Force field and velocity field control vectors
τr, τf Gravity and friction compensation torques
τa, τout Assistive torque exerted by the robot on the human

body, total output torque of the robot

II. METHODS

This section describes the proposed control framework as
shown in Fig. 1. As mentioned, the framework consists of the
interaction layer and the assist-as-needed layer.

A. The Interaction Layer

The interaction layer contains a velocity deformation al-
gorithm (VDA) module, a position deformation algorithm
(PDA) module, a parameter optimization module and a motion
intention estimation and decomposition module. The former
three contributes to the proposed HTDA in this paper. As with
the motion intention estimation and decomposition module,
previous studies have shown that by either combining biologi-
cal signals with musculoskeletal models or integrating motion
information with dynamic models, it is possible to estimate
the subject’s motion intention using the interaction forces [23].
Therefore, referring to [24] and [25], this work calculates the
virtual interaction force (VIF) using the dynamic model-based
approach and treats it as the subject’s motion intention. The
model-based virtual interaction force can be calculated as

fv = J−T (JT fext − τa) (1)

τa = Ka(Mh(q)q̈ + Ch(q, q̇)q̇ +Gh(q)) (2)

ft = fv ·
V (ts)

∥V (ts)∥
(3)

fn = fv − ft (4)

where J is the Jacobian matrix of the mapping between
the joint positions and the ankle positions of the subject,
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Fig. 2. Diagram of the reference trajectory deformation. The blue solid line
represents the original trajectory and the blue dashed line is the deformed
trajectory.

Ka ∈ [0, 1] is used to adjust the desired torque that the LLRR
should provide to the subject, Mh(q), Ch(q, q̇) and Gh(q) are
the inertia matrix, the centrifugal and Coriolis matrix, and the
gravity vector of the subject, respectively, V (ts) is the velocity
vector of the reference trajectory at the time ts. Since fext can
be directly measured, there is no need to design additional
observers.

Typically, the robot’s active response to the subject’s motion
intention is realized by generating an updated reference tra-
jectory accordingly [26]. With the calculated physical human-
robot interaction force, Fig. 2 illustrates a typical reference
trajectory deformation under HTDA, resulted from the com-
bined effort of VDA and TDA.

1) Velocity deformation algorithm: VDA is used to handle
the tangential interaction force with respect to the reference
trajectory. Referring to [22] and [27], the interaction forces
can be assumed to remain unchanged for a certain period
of time after human-robot interaction. To obtain the optimal
velocity deformation, the energy of tangential velocity defor-
mation is defined as

E(Ỹd) = E(Yd) + (Ỹd − Yd)(−F̂T
t )TT

+
1

2α
(Ỹd − Yd)

TR(Ỹd − Yd)
(5)

with

F̂t = ft(ts)⃗1

R = ATA ∈ RN×N

A =



1 0 0 0

−3 1 0 0

3 −3 1 · · · 0

−1 3 −3 0

0 −1 3 0

0 0 −1 0
...

. . .
...

0 0 0 1

0 0 0 −3

0 0 0 · · · 3

0 0 0 −1



∈ R(N+3)×N

where F̂t is the force representing the subject’s motion inten-
tion tangential to the reference trajectory, ft(ts) is the actual

value calculated at the time ts, 1⃗ ∈ R1×N is a vector with all
elements being one, R is a symmetric positive definite matrix,
and A is a matrix calculated as the third derivative of velocity
deformation. In (5), the first term is the undeformed velocity’s
energy, the second term enables F̂t to affect the deformed
velocity’s energy, and the third term allows the deformation
to have minimum jerk.

To achieve a smooth transition from current reference
velocity to a new reference velocity, the first two and the
last two waypoints of Ỹd need to be the same as those of
Yd. Meanwhile, the system should also ensure conservation of
momentum, thus an optimization problem can be set as

min: E(Ỹd)

s.t.

{
B(Ỹd − Yd) = 0

Km1⃗(Ỹd − Yd)− F̂T
t (δ1⃗)T = 0

(6)

with

B =


1 0 0 · · · 0 0 0
0 1 0 · · · 0 0 0
0 0 0 · · · 0 1 0
0 0 0 · · · 0 0 1

 ∈ R4×N

where Km is a positive constant. As demonstrated in [28],
(6) can be straightforwardly solved through the method of
Lagrange multipliers, with the Lagrangian being defined as

L(Ỹd, λ1, λ2) = E(Yd) + λ1B(Ỹd − Yd)

+λ2(Km1⃗(Ỹd − Yd)− F̂T
t (δ1⃗)T )

(7)

where λ1 and λ2 are vectors of Lagrange multipliers. By
solving (7), the finial equations for VDA are

Ỹd = Yd + µmHmft(ts)

Hm =
δP

f(N + 1)∥P∥
(8)

with
P = (βI −MT (MZMT )−1(⃗1− βMR−Z))⃗1

Z = (I −R−BT (BR−BT )−B)R−1⃗

β = 1
∥Z∥ , I ∈ RN×N , 1⃗ ∈ RN

Fig. 3 shows the curve of Hm under different parameter
sets. Comparing (8) to [22, eq.(29)], the number of time steps
N is placed in the denominator to cause the magnitude of Hm

to decrease as N increases. On the other hand, the frequency
f is introduced in the denominator to cause the magnitude of
Hm to decrease as f increases. Both setups aim to achieve
similar performance of the algorithm under different N and
f combinations, and make µm the primary factor controlling
the algorithm’s compliance.

2) Position deformation algorithm: PDA is used to handle
the normal interaction force with respect to the reference
trajectory. Using the same method, the energy of normal
trajectory deformation is defined as

E(Γ̃d) = E(Γd) + (Γ̃d − Γd)(−F̂n)

+
1

2α
(Γ̃d − Γd)

TR(Γ̃d − Γd)
(9)
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Fig. 3. Shapes of Hm under different parameter combinations.

where F̂n = fn(ts)⃗1 is the force representing the subject’s
motion intention normal to the reference trajectory, and fn(ts)
is the actual value calculated at the time ts. Similar to (6), we
can formulate the optimization problem as

min: E(Γ̃d)

s.t. B(Γ̃d − Γd) = 0 (10)

For brevity, the similar derivation process is skipped here, and
the finial equations for PDA are expressed as

Γ̃d = Γd + µHfn(ts)

H =
δZ

f(N + 1)∥Z∥
(11)

It is worth noting that when HTDA takes effect, the ref-
erence trajectory undergoes permanent global deformation as
shown in Fig. 2 to reduce human-robot confrontation, thereby
reducing unnecessary interaction forces. Comparing to TDA,
HTDA uses VDA instead of PDA in the tangential direction
to achieve this global deformation, while keeps the PDA used
in the normal direction to avoid excessive deviation from the
original reference trajectory. Otherwise, like the TDA method
in [22], only local trajectory deformation can be generated,
while a global deformation required by the subject would
require the subject’s continuous and increased effort through
interaction.

3) Parameter optimization: As HTDA improves the robot’s
compliance, the subject can modify the LLRR’s original
movement with smaller interaction force. This improves the
subject’s comfort in pHRI. Based on (8) and (11), the compli-
ance of the LLRR using HTDA can be adjusted by changing
µ, µm, H and Hm. Due to the complex forms of H and Hm,
changing µ and µm is simpler and more efficient in real-time
application. Therefore, µ and µm are adjusted by solving the
following optimization problem:

min:
u,µm

∑N
i=0(W

T
i QrWi + FT

ti QftFti + FT
ni
QfnFni

)

N + 1

s.t. lb ≤ µ, µm ≤ ub

(12)

where Wi represents additional torque output from the LLRR,
Fti and Fni represent anticipated tangential and normal
interaction force at the i-th predicted time step. The first
term in the summation represents the extra energy cost of

LLRR in dealing with pHRI, and the second and the third
terms are the interaction costs in the tangential and normal
directions, respectively. Qr, Qft and Qfn are weight matrices
that are designed as positive definite diagonal matrices to
ensure optimization convergence. In addition, the output of
µ and µm are constrained within lower bound lb and upper
bound ub to ensure that the effect of parameter variation on
the position and velocity deformation is limited.

Because Wi in the first term of (12) can be approximated
using the first-order Taylor expansion, we can have

Wi =
∆Wi

∥Wi0∥
, Wi0 = AtQt +G0

∆Wi = At

 SiDHmft SiDDHfn

SiHmft SiDHfn

SiD
−Hmft SiHfn

( µm

µ

)
(13)

with
At =

(
M0J

−
0 C0J

−
0 − J−T

0 dJ0J
−
0 dG0J

−
0

)
Qt =

(
q̈i q̇i ∆q

)T
where Si ∈ R2×N is a matrix with all elements in the first i
columns being 1, D ∈ RN×N is a derivative matrix, M0, C0,
G0 and J0 are the inertia matrix, the centrifugal and Coriolis
matrix, the gravity vector, and the the Jacobian matrix of the
LLRR at initial time, respectively, dJ0 and dG0 are the first
derivate of J0 and G0, respectively, and q̈i, q̇i and ∆q are the
acceleration, the velocity and the position variation of each
joint at the i-th prediction time step, respectively.

Assuming that ft and fn will decrease with specific rate in
future time, we have

Fti =
J−f̂ti
∥J−ft∥

, f̂ti = ft −Kµm
SiµmHm

Fni =
J−f̂ni
∥J−fn∥

, f̂ni = fn −KµSiµH

(14)

where Kµ and Kµm are the virtual stiffnesses that represent
the hypothesized decreasing rates of the interaction force. Note
that when the subject has strong lower limb motor abilities,
Qft and Qfn can be set to higher values, enabling the LLRR
to respond quickly to the subject’s motion intention. However,
when the subject has weak lower limb strength, Qfn should be
set to a lower value to ensure that the LLRR provides sufficient
constraint to the subject’s lower limb.

B. The Assist-As-Needed Layer

To utilize the reference trajectory generated by the inter-
action layer for active rehabilitation, field control approach
has shown to be effective [14]. Therefore, inspired by [6]
and [18], a hybrid controller is developed in this section, which
applies the desired tangential and normal forces at the ankle
of the subject. The normal force is provided by a position-
dependent force field, which acts as a virtual wall around
the reference trajectory, while the tangential force is provided
by a velocity field, which helps move the ankle along the
reference trajectory. Moreover, to enhance the transparency
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(a) (b)

Fig. 4. The construction of the force and velocity fields. (a) Diagram of
intermediate quantities used in constructing the force and velocity fields. (b)
The spatial distribution of the resultant vectors generated by the force and
velocity fields.

of the control relationship, gravity compensation and friction
compensation terms are incorporated into the hybrid controller.

The force field control vector Fn applies constraint forces
to the subject based on position errors, which is described by

Fn =

{
[Kn(

|s|−s0
sn

)2 −Kndṡ]n̂, | s |> s0

0, otherwise.
(15)

where s denotes the distance from the ankle (point P in Fig. 4a)
to the nearest point on the reference trajectory (point Q in
Fig. 4a), n̂ is a unit vector pointing from point P to Q,
s0 defines the boundary where Fn is ineffective, sn is used
to change the shape of Fn, and Kn and Knd are positive
constants resembling stiffness and damping parameters. When
Kn is set to a higher value, the controller tends to prioritize
correcting human motion rather than tolerating errors.

The velocity field control vector Ft provides assistive forces
to the subject based on position error and reference velocity,
which is defined as

Ft =

{
KtVQe

−k(
|s|−s0

sn
)2 , | s |> s0

KtVQ, otherwise.
(16)

where VQ is the reference velocity of point Q, Kt is used to
change the magnitude of the tangential force, e is the natural
constant and k is a positively defined constant used to adjust
the descending rate of Ft when the position error increases. It
indicates that if current position is sufficiently close to the
reference trajectory, then more control resources would be
allocated to provide tangential force.

Fig. 4b illustrates the combination of velocity and force
fields in the sagittal plane, where the gray region indicates
Fn is ineffective, with its width being twice the value of s0.
Additionally, the hybrid controller also contains a damping
force Fd, which is given by Fd = Kdẋ with Kd being a
constant and ẋ being the ankle’s linear velocity. The resultant
force applied at the ankle joint is given by the vector summa-
tion F = Fn + Ft + Fd. Note that the nonlinear dependency
of Fn and Ft on s are used to constrain the position error
and provide assistance. This nonlinearity ensures the assist-as-
needed property and avoids performance degradation caused
by single-term saturation. In actual deployment, it is important

Fig. 5. Schematics of the 2-DoF LLRR.

to have these variable weights to adjust each term within the
summation.

On the other hand, in order to prevent the motion of the
LLRR itself from affecting pHRI, compensation for the robot’s
dynamics and joint frictions are designed as

τr = M(q)q̈ + C(q, q̇)q̇ +G(q) (17)

τf = τs · sgn(q̇) + γq̇ (18)

where M(q), C(q, q̇) and G(q) are the inertia matrix, the
centrifugal and Coriolis matrix, and the gravity vector of the
LLRR, respectively, τs represents the static friction coefficient,
and γ represents the dynamic friction coefficient. The final
output of the hybrid controller takes the following form:

τout = JTF + τa + τr + τf (19)

III. EXPERIMENT

In this section, two sets of human-robot cooperative ex-
periments are presented using a 2-DoF LLRR. Six human
subjects participated in the experiments and completed both
tasks. Experimental data have been evaluated using physical
metrics and subjective questionnaires to show the effectiveness
of the proposed methods in Section II.

A. The Lower Limb Rehabilitation Robot

As shown in Fig. 5, a 2-DoF LLRR was designed for active
lower limb rehabilitation. Two motors (QDD Pro-PR60-100-
80, mintasca, China) are installed at the hip joint and the knee
joint, respectively. The rotation angles of the motors are lim-
ited within the ranges of human joint motion (hip joint: -15°∼
75°, knee joint: 0°∼ 135°). One of the subject’s lower limb
is secured to the LLRR using thigh and calf braces, and the
LLRR is fastened to the subject’s waist through another brace.
The interaction forces between the subject and the LLRR are
measured by two 3D force sensors (CZ001, DECENT, China).
These sensors are attached to the corresponding braces via
adapters and measure the forces between the braces and the
linkages connected to the actuation motors.

This article has been accepted for publication in IEEE Robotics and Automation Letters. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/LRA.2024.3396369

© 2024 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See https://www.ieee.org/publications/rights/index.html for more information.



6 IEEE ROBOTICS AND AUTOMATION LETTERS. PREPRINT VERSION. APRIL, 2024

A slave MCU (STM32F767 core) is responsible for motor
control and sensor information acquisition. A Linux-based
master PC (an Intel NUC 10 with Core i7-10710U CPU)
implements the proposed control framework in C++ language
and communicates with the slave MCU to control the LLRR.
In the experiments, the hybrid controller is operated at a higher
frequency of 800 Hz due to its simplicity, while the HTDA is
operated at 80 Hz for efficiency.

B. Evaluation Metrics

To evaluate the proposed control framework, this paper
takes advantage of four evaluation metrics to compare its
performance to other reference frameworks. These metrics in-
clude the energy per unit distance (EPUD), the dimensionless
squared jerk (DSJ), the sum of applied torque (SAT) and the
constraint force percentage (CFP).

EPUD can be considered as an index of robot compli-
ance [29], DSJ evaluates the smoothness of a trajectory [20],
SAT calculates the overall energy consumption by the con-
troller, and CFP reflects the degree of human-robot confronta-
tion. Their expressions are defined as

EPUD =

∑n
i=1 |fv(ti)∆d(ti)|∑n

i=1 |∆d(ti)|
(20)

DSJ =
∫ tb

ta

...
x (t)2dt

(tb − ta)
5

(xmax − xmin)2
(21)

SAT =

∫
∥τout(t)∥dt (22)

CFP =

∫
∥J−TFn(t)∥dt

SAT
(23)

where ∆d(ti) is the deviation from the reference trajectory
to the deformed trajectory at time ti,

...
x is the jerk of the

trajectory, and ta and tb are the start time and the end time of
a trajectory, respectively.

Intuitively, a lower EPUD value implies that the algorithm
can better adapt to the subject’s motion intention, which means
higher robot compliance, a higher DSJ value implies that
the trajectory is less smooth, which is unfavorable by the
subject, a lower SAT value means that the LLRR can provide
assistance with less energy consumption, and a smaller CFP
value indicates less mismatch between the subject’s movement
and the LLRR’s movement.

C. Experimental Setup

To emphasize the advantage of the proposed HTDA, the
experiments have been designed to compare its performance in
handling pHRI with previously developed TDA and AM inside
the active control framework. As shown in the interaction
layer of Fig. 6, when TDA is employed as the human-
robot interaction algorithm instead of HTDA, the reference
trajectory is updated directly using the virtual interaction force
fv . On the other hand, when AM is applied, it utilizes fv and
the actual trajectory deviation s from the hybrid controller to

Fig. 6. The control framework with HTDA replaced by TDA or AM.

TABLE I
PARAMETER VALUES OF THE PROPOSED CONTROLLER

Symbol Value Units Description

Kn diag{150,150} N Force field gain
Knd diag{10,10} N Force field damp
Kt diag{50,50} Nm−s Velocity field gain
Kd diag{100,100} Nm−s End damping
Cd diag{5,5} Nm−s AM damping
Cs diag{100,100} Nm− AM stiffness
Ka 0.2 − Assist level
N 60 − Prediction length
δ 1.25 ms sampling time
f 80 Hz Operating frequency
µ, µm {1,1,5,5} − HTDA admittance gain
Qr diag{5,5} − Weight matrix
Qfn , Qft diag{50,50} − Weight matrix

construct an admittance relationship, which can be described
as

Cd(ṡd − ṡ) + Cs(sd − s) = fv (24)

where Cd and Cs are the predefined damping and stiffness
matrices, and sd is the desired trajectory deviation. The
parameters used in the active control framework are shown
in Table 1.

Referring to selected segments of the CYBATHLON Ex-
oskeleton Races in 2016 and 2020 [30], [31], two physical
human-robot interaction experiments have been designed to
assess the performance of the proposed active control frame-
work, as illustrated in Fig. 7. In Exp. 1, the subjects were
required to cross over obstacles on the ground along a pathway.
In Exp. 2, the subjects were required to follow various markers
on the ground with varying intervals. Typically, a human
walking gait can be divided into swing phase and stance
phase. During the stance phase, the LLRR only follows the
movement of the subject, while during the swing phase, the
LLRR was driven by the active control framework as described
in Section II.

In both Exp. 1 and Exp. 2, three groups of experiments
employing AM, TDA and HTDA as the human-robot inter-
action algorithm were conducted, respectively. Each group
of experiment was repeated for six times with each subject.
The four metrics given from (20) to (23) were calculated for
each experiment. Additionally, NASA TLX was used to assess
the task load for the subjects during the experiments [32]. A
normality test with p = 0.005 and a t-test with p = 0.05 were
used to confirm the validity of the experimental results.
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(a) (b)

Fig. 7. Schematics of the two sets of experiments. The orange points represent
the motors, and the green squares indicate the force sensors. The coordinate
origin is set at the hip joint. (a) Illustration of the variable step height walking
experiment to cross obstacles, where the obstacles are cuboids with a height
of 15 cm. The fixed step length l is 50 cm. (b) Illustration of the variable
step length walking experiment, where ∆l is 10 cm.

Fig. 8. The displacement of the ankle joint and the corresponding virtual
interaction forces from the two sets of experiments. The gray area represents
the presence of human-robot interaction tasks, while the dashed line refers
to where the VIF equals zero. Since this study does not consider physical
human-robot interaction during the stance phase, the interaction force during
that period is not displayed.

D. Results and Discussion

Fig. 8 illustrates the virtual interactive forces and the dis-
placement of the LLRR during Exp. 1 and 2 when employing
HTDA as the human-robot interaction algorithm. During the
swing phase, the interaction algorithm takes effect and updates
the reference trajectory based on the virtual interactive forces.
The trajectory adjustment is presented as gait height changes in
Exp. 1 and gait length alternations in Exp. 2. As the reference
trajectory is updated, the confrontation between the subject
and the robot diminishes, resulting in a virtual interactive
force reduction. Note that at the transition from the swing to
the stance phase, the virtual interactive forces exhibit higher
absolute values due to the ground impacts. However, this
period is relatively short and has a minimal impact on the
overall shape of the trajectory.

Preliminary analysis of the experimental data shows that
there are significant differences in the absolute values among
different subjects. Therefore, relative values are utilized to
obtain better insights from the data. Consequently, the results

(a) (b)

(c) (d)

Fig. 9. Results of Exp. 1 and Exp. 2 based on different evaluation metrics.
Each plot shows the mean value among subjects using AM (blue), TDA
(orange) and HTDA (yellow) as the pHRI algorithm. The asterisks (*), (**)
and (***) denote the p-value in t-test satisfies p ≤ 0.05, p ≤ 1.0 × 10−2,
and p ≤ 1.0 × 10−3, respectively. Error bars indicate the standard error.
(a) and (b) are the results of Exp. 1 and Exp. 2, respectively. (c) and (d)
are the corresponding NASA TLX scale ratings averaged by fields across all
subjects: Mental Demand (MD); Physical Demand (PD); Temporal Demand
(TD); Performance (P); Effort (E); Frustration (F).

from using AM are used as the reference to scale the results
from using TDA and HTDA. Fig. 9a and 9b illustrates the
normalized performance of different algorithms in Exp. 1 and
2, respectively. Compared to AM, HTDA can yield reduced
EPUD, SAT, DSJ and CFP by 36.6%, 32.2%, 73.6% and
43.5%, respectively. Compared to TDA, HTDA can yield
reduced EPUD, DSJ and CFP by 18.9%, 15.4% and 20.4%,
respectively. Note that the SAT values of HTDA and TDA are
statistically equivalent, but lower than that of AM. All these
mean that the proposed HTDA can effectively respond to the
subject’s motion intention during active rehabilitation.

Fig. 9c and 9d show the NASA TLX ratings in Exp. 1 and
Exp. 2. Compared to AM, HTDA significantly reduced all
NASA TLX ratings except Mental Demand (MD). Compared
to TDA, HTDA successfully reduced Physical Demand (PD)
and Effort (E). This demonstrates that the active control
framework using HTDA can balance the control framework’s
effectiveness and the physiological and psychological burden
experienced by the subjects during human-robot interaction.

IV. CONCLUSION

This paper presents an active control framework for lower
limb rehabilitation that combines a hierarchical trajectory de-
formation algorithm and a hybrid assist-as-needed controller.
The HTDA utilizes virtual interaction forces during pHRI to
smoothly update the reference trajectory, which is then sent
to the hybrid controller to eventually generate the required
assistance. As this updated trajectory aligns with the subject’s
movement intention, the hybrid controller can achieve active
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lower limb rehabilitation assistance with reduced human-
robot confrontation. The experimental results demonstrate that
compared to AM and TDA, HTDA can effectively improve the
robot’s performance according to metrics such as EPUD, DSJ
and CFP. It can potentially be implemented to rehabilitation
other than lower limbs in the future [33].

Despite the progress made in this paper, there are still limi-
tations that can be addressed in the future. Firstly, the proposed
method uses the virtual interaction forces to generate trajectory
deformation, however, the forces may not fully accurately
reflect the intention of human subjects during the process.
Secondly, the experiments in this paper were conducted only
on flat surfaces, without considering trajectory deformation
under the constraints of complex terrains. In the future, we
will attempt to add biological signals into the framework to
more accurately estimate human motion intentions. As with
complex terrains, we will consider using terrain information
to constrain the human-robot interaction, in hope of balancing
safety and interactivity in such scenarios.
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