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Robust Locomotion Control of a Self-Balancing and
Underactuated Bipedal Exoskeleton: Task

Prioritization and Feedback Control
Ahmed Fahmy Soliman1, and Barkan Ugurlu1

Abstract—This paper presents a study to understand how
an underactuated bipedal exoskeleton with an arbitrary human
user can exhibit robust dynamic walking behavior despite severe
parameter uncertainty and external disturbances. Unlike in the
case of classical bipedal robots where each leg possesses 6 or
more active joints, it is very challenging to satisfy multiple
constraints simultaneously to ensure robust dynamic walking.
To overcome this problem, we first propose an optimization
algorithm that makes use of a prioritized stack of tasks to satisfy
the constraints hierarchically. Furthermore, we synthesized a lo-
comotion controller named ZMP impedance feedback and identi-
fied two other state-of-the-art locomotion controllers (admittance
control, centroidal momentum control) all of which were built
on top of the proposed task prioritization algorithm. In order
to verify the validity and robustness of these controllers for a
thorough benchmarking, a series of simulation experiments were
conducted via MSC ADAMS in which a human-robot coupled
model with a 40 kg underactuated exoskeleton and 12 distinct
anthropomorphic subjects (66∼ 102 kg) was considered. As the
result, all 3 controllers showed adequate performances to address
balanced locomotion behavior when used with the proposed task
priority-based optimization algorithm. In addition, the proposed
ZMP impedance controller showed statistically significant results,
indicating its comparatively more robust feature.

Index Terms—Prosthetics and Exoskeletons, Humanoid and
Bipedal Locomotion, Legged Robots.

I. INTRODUCTION

THE advent of wearable technology led to the devel-
opment of various lower-body exoskeletons to provide

robot-aided gait assistance. To contain the weight and energy
consumption, a great majority of devices have only 2 active
joints along the hip and knee F/E (Flexion/Extension) joints,
thus, the user’s upper body must be actively engaged via
crutches to maintain balance [1]–[3]. With the emergence of
self-balancing exoskeletons, researchers aimed to increase the
number of active joints and achieved quasi-static walking [4]–
[6], active disturbance rejection in the sagittal plane [7], and
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Council of Turkey (TÜBİTAK), with the project 215E138. The authors thank
J. Babic and P. Sendur for their help.

The algorithms, data, and statistical analyses used in this paper can be
accessed via https://github.com/AhmedFahmySoliman/RobustExoControl.

1The authors are with the Biomechatronics Laboratory, Department
of Mechanical Engineering, Ozyegin University, 34794 Istanbul, Turkey.
fahmy.ahmed@ozu.edu.tr, barkan.ugurlu@ozyegin.edu.tr

Digital Object Identifier (DOI): see top of this page.

Fig. 1: Left: Self-balancing lower body exoskeleton Co-Ex
[10]. Right: Its MSC ADAMS simulation model.

eventually 3-D dynamic walking [8]. In particular, the work
presented in [8] makes use of a fully-actuated exoskeleton (6
active joints per leg) and with this wearable humanoid, hands-
free dynamic walking was demonstrated.

Obviously, the more we increase the number of active joints
the greater the motion flexibility is. That being said, we argue
that the full actuation may not be a necessary condition to
achieve self-balancing walking for exoskeletons. Indeed, in
our previous work, we presented a purely kinematics-based
approach in which an underactuated biped with 4 active joints
along hip A/A (Abduction/Adduction), hip F/E, knee F/E
and ankle D/PF (Dorsi/Plantar Flexion) could address 3-D
dynamic walking [9]. While the reduced number of active
joints enabled us to comparatively reduce the total weight and
energy demand, the underactuated nature of the leg introduced
extra challenges. For instance, even the kinematic mapping
between Cartesian trajectories (Center of Mass, swing leg) and
joint trajectories could not be handled without an optimization
routine to prevent oblique foot landing.

The literature in underactuated biped robot control includes
several inspiring studies; yet, a great majority of them focus
on planar systems [11] or 3-D bipeds with point feet [12],
[13], rendering their applicability to exoskeletons challenging.
Meanwhile, the whole-body control approaches emerged and
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they exhibited enhanced balancing and walking behaviors for
fully-actuated legged robots [14], [15]. Nevertheless, replicat-
ing such locomotion capabilities in underactuated systems is
quite challenging. The floating base of a legged robot can
move in 3-D space with any orientation when the robot leg has
6 active joints or more and when there are sufficient contact
forces [16]. Likewise, contact force optimization is possible
by manipulating the floating base in different orientations
[17], [18]. In the case of underactuation, the joint space does
not have enough variables to fully satisfy the task space
constraints, and thus, the solution space is much more limited.

Inspired by the efficacy of task prioritization methods [19]–
[23], we propose an optimization algorithm that employs a
prioritized stack of tasks to satisfy the constraints hierarchi-
cally. Differing from the aforementioned methods that mostly
aim for multi-objective task realization for systems with 6 or
more active joints per leg, we aim to achieve dynamically
equilibrated 3D walking using a bipedal exoskeleton in an
underactuated joint configuration, e.g., 4 active joints per leg.
Since achieving the exact predesignated trajectories is not
possible due to underactuation, the algorithm makes use of
a prioritized stack of tasks approach to sort CoM (Center of
Mass), left and right foot task variables based on the contact
phase. Considering the recent trend on the development of
underactuated and self-balancing exoskeletons [6], [10], the
paper chiefly contributes toward this direction.

The proposed task prioritization algorithm can be flexibly
configured in Cartesian trajectory mode or centroidal angular
momentum mode, allowing the implementation of various
feedback controllers to enhance robustness against perturba-
tions and parameter uncertainties. To this end, we constructed
a ZMP (Zero Moment Point)-based controller using a floating
base multibody dynamics approach where a fictitious spring-
damper couple keeps the actual ZMP within the support
polygon. Furthermore, we additionally synthesized two other
state-of-the-art controllers based on admittance control [1], and
centroidal momentum control [15] for thorough benchmarking.
All the feedback controllers take the proposed task prioritiza-
tion algorithm as the basis.

The main contributions of this work are three-fold: i) we
propose a task prioritization algorithm that allows feasible
trajectory planning to address 3-D dynamic walking for un-
deractuated bipedal exoskeletons, even within the presence
of parameter uncertainty and perturbations, ii) we propose
a controller that employs multibody dynamics to satisfy the
ZMP constraint by means of a fictitious spring-damper couple,
iii) three state-of-the-art controllers were thoroughly compared
in a realistic simulation environment where a human-robot
coupled model with a 40 kg underactuated exoskeleton and 12
distinct anthropomorphic subjects (66∼ 102 kg) were utilized.

The remainder of the paper is organized as follows. In
section II, the human-robot coupled biped model is succinctly
described. In section III, the proposed locomotion control
methodology is explained. Simulation experiments are pre-
sented in IV and the paper is concluded in section V.
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Fig. 2: Joint configuration of the bipedal exoskeleton Co-Ex
and the definition of key frames.

II. HUMAN-ROBOT COUPLED MODEL

The human-robot coupled model includes a bipedal ex-
oskeleton model and a human model which are mechanically
connected via cuffs at the waist, lower leg, and feet. The
underactuated biped model was constructed based on the
actual lower-body exoskeleton Co-Ex that was built in-house
[10]. Its joint configuration is illustrated in Fig. 2. Each leg
possesses 4 DoFS, namely, a 2 DoF hip joint along the A/A
and F/E axes, a 1 DoF knee joint along the F/E axis, and a 1
DoF ankle joint along the DP/F axis.

The human model consists of 26 DoFs (8 DoF leg, 5 DoF
arm) and it is considered to be passive as the target population
is spinal cord injury patients. To prevent unexpected excita-
tions, a certain amount of rotational damping is introduced at
human joints. For a thorough analysis, 12 anthropomorphic
subjects with distinct inertial parameters were constructed
using [24] and [25]. The parameters of the human subjects
are unknown to the controllers. The robot link lengths were
kept the same for every subject, therefore, robot and human
joints were not aligned as the controllers were expected to
handle the misalignment problem.

A. Floating Base Dynamics

The floating base dynamics play a key role in the pro-
posed locomotion controller to compute the CMM (Centroidal
Momentum Matrix) and multibody ZMP via contact forces.
As explained, the inertial parameters of human models are
unknown to the controllers. Yet, by only supplying the total
mass and height of a given human subject, an offline algorithm
constructs a lumped human-robot model in an approximate
fashion using the predictive model proposed in [26]. In doing
so, the level of uncertainty is relatively decreased; however,
the user-dependent parameter uncertainty definitely persists.
The dynamics of a floating-base system can be expressed as
in the following [27],
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H(q)q̈+C(q, q̇)q̇+G(q) = Sᵀ
τττ +Jc(q)ᵀλλλ , (1)

where, H(q) ∈ R(6+n)×(6+n) is the inertia matrix, n is the
number of actuated joints, C(q, q̇) ∈ R(6+n)×(6+n) is Corio-
lis and centrifugal matrix, G(q) ∈ R(6+n)×1 stands for the
gravitational terms, S is the selection matrix for actuated
joints (S = [0n×6 1n×n]), Jc(q) ∈ R6k×(6+n) is the Jacobian
matrix concerning the contact frame, k is the total number
of contacts, and λλλ ∈ R6k×1 is the vector that stores spatial
forces at contacts. For multiple contacts, λλλ is expressed
as λλλ = [λ1λ1λ1

ᵀ λλλ
ᵀ
2 · · · λλλ

ᵀ
k ]
ᵀ. Each contact force component

is defined as λ c,i ∈ {mc,x,mc,y,mc,z,λc,x,λc,y,λc,z} with three
rotational and translational components along x, y, and z axes,
respectively. The subscript c is the force index. Matrix H(q)
in (1) can be decomposed into four sub-matrices [28]:

H(q) =
[

I f b F
Fᵀ Hr

]
(2)

where I f b ∈ R6×6 represents the aggregated links’ spatial
inertia projected onto the floating-base, F ∈ R6×n is a matrix
whose columns store the spatial forces required at the floating-
base to provide unit acceleration for the each joint variable,
and Hr ∈ Rn×n is the joint space inertia matrix. The inertia
matrix H(q) can be obtained using the composite rigid body
algorithm (CRBA), C(q, q̇) is obtained analytically using a
modified recursive Newton-Euler (NE) method1, and G(q) is
computed using the recursive NE algorithm [28]. The contact
Jacobian matrix Jc(q) can be described as follows:

Jc(q) =
[

0X∗c
Jᵀc,r

]ᵀ
(3)

In (3), Jc,r is the Jacobian matrix defined for the contact
frame using actuated joint variables. 0X∗c represents the spatial
transformation matrix in force space defined from the contact
frame to the base frame {0}. In case of multiple contact points
0X∗c can be expressed as (0X∗c = [0X∗1

0X∗2 · · · 0X∗k ]). The
floating base portion of the robot dynamics can be extracted
if both sides of (1) is multiplied by a complementary matrix
S = [16×6 06×n]:

[I f b F]q̈+Cfb(q, q̇)q̇+Gfb(q) = 0X∗cλλλ (4)

In (4), Cfb(q, q̇) = SC(q, q̇) and Gfb(q) = SG(q).

1) Contact Force Computation: Using (4), the joint vari-
ables can be linearly mapped to the contact force, allowing us
to compute the contact forces that are necessary to estimate
the ZMP via multibody dynamics:

λ c,i = sc,i
cX∗0([I f b F]q̈+Cfb(q, q̇)q̇+Gfb(q)), (5)

where sc,i ∈ R1×6k is force component selection vector. The
transformation matrix cX∗0 depends on the contact phase.
During the left single support phase cX∗0 = l f X∗0. Likewise,
cX∗0 =

r f X∗0 for the right single support phase. For the double
support phase, cX∗0 = [0X∗r f

0X∗l f ]
†, where † stands for a pseudo

inverse.
1https://github.com/AhmedFahmySoliman/RobustExoControl.

2) Centroidal Momentum Matrix (CMM): As described
in [15], the centroidal momentum matrix, Ag, constitutes a
linear mapping between joint velocities and the centroidal
momentum of the system,

hg = Agq̇, (6)

where hg =
[
kkkᵀ lllᵀ

]ᵀ is the centroidal momentum vector
comprising the angular, kkk, and translational, lll, components.
In this connection, the CMM is yielded by multiplying the
inertia matrix of (4) with the transformation matrix between
the CoM and floating-base:

Ag =
comX∗0[I f b F] (7)

Note that the external wrench projected onto the CoM is
equal to the rate of change of centroidal momentum: ḣg =
[k̇̇k̇kᵀ l̇̇l̇lᵀ]ᵀ The connection between ḣg and joint variables is
obtained as follows.

ḣg = Ȧgq̇+Agq̈. (8)

The time derivative of CMM (Ȧg) is obtained using the
following expression:

Ȧg =
comX∗0Cfb(q, q̇). (9)

III. LOCOMOTION CONTROL SYNTHESIS

The general control block diagram is displayed in Fig. 3.
This figure illustrates the configuration of 3 distinct controllers,
namely, the proposed controller ZIF (ZMP Impedance Feed-
back, red blocks), CMC (Centroidal Momentum Control, blue
blocks), and BAC (Basic Admittance Control, green blocks).
The common ground in applying the controller is the proposed
PST (Prioritized Stack of Tasks) optimization block, which
can be configured in centroidal momentum mode or CoM
trajectory mode.

A. PST Optimization Block

Due to the underactuated nature of the robot, it is not
possible to fully realize Cartesian task inputs. Therefore, a
PST-based optimization algorithm was proposed to prioritize
tasks in the form of constrained least squares QP (Quadratic
Programming) [29]. This algorithm prioritizes the desired tasks
in different levels. For instance, the tasks with lower priority,
e.g., swing foot orientation, are generated without tampering
with the tasks with higher priority, e.g., the center of mass
motion. In order to realize the prioritization, a sequence of
QP is solved such that the prior constraints are imposed to the
lower prior constraints in the form of equality constraints.

The proposed PST optimization block can be configured
in centroidal momentum mode or in CoM trajectory mode.
To this end, the general form of a constrained least square
optimization is given as below,

χ
∗ = arg min

∀χ∈R2(n+6)
||Clsχ−dls||2 (10)

s/t Aeqχ = beq (11)
Aineqχ ≤ bineq, (12)
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where χ is the optimization variable represents the joint
velocities and accelerations [q̇ᵀ q̈ᵀ]ᵀ. The joint displacements
is obtained per sample as q j = q j−1 + q̇ jts +0.5q̈ jt2

s , where ts
is the sampling period, and j is the sampling index. The vec-
tor dls includes the command variables. Equations (11)-(12)
represents the equality and inequality constraints.The matrices
Cls, Aeq, dls, and beq are formulated as block matrices:

Cls =

[
C 0
Ċ C

]
, Aeq =

[
A 0
Ȧ A

]
,dls =

[
d
ḋ

]
,beq =

[
b
ḃ

]
(13)

In (13), the submatrices, and subvectors (C,A,d,b) are
assigned based on the configuration: i) CoM trajectory mode,
ii) centroidal momentum mode.

1) CoM Trajectory-based PST Optimization: In this mode,
CoM Jacobian (Jcom), torso orientation Jacobian (Jtorso), and
feet position and orientation Jacobian (JT ) matrices are stacked
into the matrix J such that J = [JᵀT Jᵀtorso Jᵀcom]

ᵀ. In this mode,
the submatrices C and A are defined as C = Jp and A = Jp−1
in (13), where the subscripts (p, p−1) are the lower and higher
priority level indicators. Task space command variables (cmdp)
can be expressed as below:

cmdp = [cmdpᵀ
T

cmdpᵀ
torso

cmdpᵀ
com]

ᵀ (14)

in which the task space commands cmdpcom, cmdptorso, and
cmdpT stand for CoM position, torso orientation, foot position
and orientation, respectively. The submatrices d and beq are
defined as d = cmd ṗp and beq =

cmd ṗp−1.
2) Centroidal Momentum-based PST Optimization: In this

mode, Jcom and Jtorso are replaced with the centroidal momen-
tum matrix Ag defined in (7). Together with the feet position
and orientation Jacobian JT , Ag is stacked in the matrix ΦΦΦ such
that ΦΦΦ = [JᵀT Aᵀ

g ]
ᵀ. Task space command variables (cmdp) in

this mode can be expressed as in the following:

cmd ṗ = [cmd ṗᵀ
T

cmdhᵀ
g ]
ᵀ (15)

where task space commands cmd ṗT and cmdhg stand for
feet spatial velocity, and centroidal momentum, respectively.
Accordingly, the submatrices in (13) for this framework are
defined as C =ΦΦΦp, A =ΦΦΦp−1, d = cmd ṗp, and beq =

cmd ṗp−1.

B. Contact Force Constraints

The contact forces are imposed to the proposed PST opti-
mization block to define feasible contact force boundaries via
the linear inequality constraint (12). To extract a linear relation
between contact forces components and joint variables, the
decomposed floating base dynamics given in (4) is used.

1) Unilateral Constraint: The purpose of this constraint is
to allow only repulsive forces. This condition ensures that the
vertical component of the contact force meets the following
condition:

λc,z ≥ 0. (16)

2) Friction Constraint: Coulomb friction model is used to
constraint the tangential contact forces (λcx,λcy) relative to λcz
to avoid support foot slippage. The friction pyramid is used
to approximate the friction cone used to describe Coulomb
friction model:

|λc,x|, |λc,y| ≤ µλc,z. (17)

where friction coefficient is denoted by µ .
3) Center of Pressure Constraint: To ensure dynamic bal-

ance, the horizontal contact moments (mc,x,mc,y) are con-
strained relative to λcz by considering the support polygon.
The feasible region for the horizontal contact moments are
defined by the inequalities below:

|mc,x|<
w
2

λc,z, |mc,y|< L
2 λc,z, (18)

where w and L represent the lateral and longitudinal dimen-
sions of the support polygon, respectively.

C. ZMP Impedance Feedback (ZIF) Controller

The ZMP feedback is provided by means of a virtual
spring damper system, i.e., ZMP impedance; see Fig. 4. In
classical ZMP feedback methods, the controller is based on
simple pendulum model and it usually enforces the actual
ZMP to follow the reference ZMP that is arbitrarily defined
within the support polygon [30], [31]. In the proposed method,
two spring-damper couples are defined between the support
polygon boundaries and the measured ZMP, whose natural
length resides within the polygon. In doing so, the measured
ZMP is always pushed back into the support polygon by the
force λsx that is defined as below:

λsx = bxẋzmp + kxxzmp (19)

where (kx,bx) are spring-damper coefficients; see Fig. 4.
Using (19) and a scaling factor of Kx, the force λsx can be
approximately mapped to multibody x-axis ZMP which is the
ratio between mc,y and λc,z:

mc,y

λc,z
=

(bxẋzmp + kxxzmp)

Kx
(20)

Recall that the contact moments and forces (mc,y,λc,z) can
be yielded via the floating dynamics eqs. (4)-(5). With this in
mind, (20) can be processed to compute the base acceleration
that corresponds to x-axis ZMP correction action (p̈zi f ,x):

p̈zi f ,x =−comX0(ξξξ I f b)
†
ξξξ (Fq̈r +Cfb(q, q̇)q̇+Gfb(q)) (21)

ξξξ = (smy +
(bxẋzmp + kxxzmp)

Kx
sz)

cX∗0. (22)

where, q̈r is the actuated joint acceleration vector, and the term
ξξξ is used for simplification. A similar approach is carried out
for the y-axis ZMP correction action (p̈zi f ,y). Using (21) and
(22), the command signals are calculated as follows:

[cmd p̈ᵀ
torso

cmd p̈ᵀ
com] = [re f p̈ᵀ

com 01×3]+ p̈ᵀ
zi f ,xK1,x + p̈ᵀ

zi f ,yK1,y

[cmd ṗᵀ
torso

cmd ṗᵀ
com] = [re f ṗᵀ

com 01×3]+ ṗᵀ
zi f ,xK2,x + ṗᵀ

zi f ,yK2,y
(23)
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Fig. 3: Block diagram of the controller implementation. All the controllers, including our ZIF method, use the proposed PST
optimization block to handle underactuation in a dynamically feasible manner. The variable re f pT denotes the foot trajectory
reference

,

Fig. 4: ZMP impedance is described by means of a 2-DoF
virtual spring-damper system.

In (23), (K1,x,K1,y,K2,x,K2,y) are positive definite diagonal
gain matrices. To obtain (ṗzi f ,x, ṗzi f ,y), (p̈zi f ,x, p̈zi f ,y) are inte-
grated numerically. Designing the command signal via (21)-
(23), the ZMP correction signal could mapped to the CoM
position and torso orientation by exploiting the multibody
dynamics of the system.

D. Centroidal Momentum Control (CMC)

To implement centroidal momentum feedback [15], the
command signal to the PST optimization block expressed in
(15) is designed as below:

cmdhg =
re f hg +Mp,1

errorhg +Md
errorḣg

cmd ḣg =
re f ḣg +Mp,2

errorḣg
(24)

where (Mp,1,Mp,2,Md) are positive semidefinite diagonal
gain matrices. The reference and error values of momentum
signals are symbolized with re f hg and errorhg. The centroidal
momentum error is obtained by projecting the spatial floating
base velocity error onto the CoM.

errorhg =
comX∗0I f b(

re f
ννν f b− act

ννν f b). (25)

To avoid numeric differentiation for errorḣg, contact force
error is projected onto the CoM, in which re f λλλ com is extracted
from the desired CoM trajectory.

errorḣg =
re f

λλλ com− comX∗c
act

λλλ c. (26)

E. Basic Admittance Controller (BAC)

In this control method [1], contact force references are
computed using the target CoM trajectory. Contact force errors
are obtained as follows: λλλ error = re f λλλ c − actλλλ c. Following
this step, an admittance block is employed to generate the
Cartesian velocity value that correspond to force error:

ṗAC = L −1
(

G(
s

sbi + ki
)λλλ error

)
, (27)

In (27), L −1(•) is inverse of Laplace operator, and G(•) ∈
R6k×6k is a diagonal matrix containing admittance blocks for
each axis. The parameters (bi,ki) are the damping and stiffness
coefficients concerning the ith axis; i = x,y,z for translational
force components, and i = mx,my,mz for roll, pitch, and yaw
moment components. Yaw axis moment is omitted. The eq.
(27) should be considered for each contact point. The variable
s represents the Laplace operator. The command signal in (14)
can be configured for this controller as in the following:

cmd ṗ = re f ṗ+ ṗAC
cmd p̈ = re f p̈+Kpλλλ error

(28)

where (re f ṗ, re f p̈) denote reference velocity and acceleration
in Cartesian space. Kp is a diagonal matrix that stores propor-
tional force feedback gains.

IV. SIMULATION EXPERIMENTS

In order to check the feasibility of the proposed locomo-
tion control framework, a series of dynamic walking sim-
ulations were conducted using the 3D dynamic simulator
MSC ADAMS. These simulations were executed using a PC
that possesses an Intel (R) Xeon (R) W-2155 processor (3.3
GHz) with a 32.0 GB RAM, running on a 64-bit operating
system. The 40 kg robot model was coupled with 12 distinct
anthropomorphic user models (66 ∼ 102 kg and 170 ∼ 190
cm); see section II.

To present a comparative view and to examine individual
contributions of the identified controllers, 3 controllers were
employed: i) Basic Admittance Control (BAC) that embodies
contact force feedback [1], ii) Centroidal Momentum Control
(CMC) [15], iii) the proposed ZMP Impedance Feedback
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control (ZIF). The controller gains were heuristically tuned
in accordance with the non-excitation of unmodeled dynamics
and they are tabulated in Table I for CMC, ZIF, and BAC,
respectively.

Furthermore, two different scenarios were simulated to
investigate the robustness characteristics of the controllers:
1) Dynamic walking (SC#1). 2) Perturbed dynamic walking
(SC#2). In both simulation scenarios, the walking parameters
were kept the same; the single and double support periods
were 0.4 and 0.2 s, the maximum foot clearance was 4 cm. The
forward velocity was 0.3 m/s for SC#1 and 0.2 m/s for SC#2,
and thus, the stride lengths were adjusted accordingly: 38.5
cm and 25.7 cm, respectively. The controllers’ performances
were evaluated based on ZMP variation in x and y directions
(xzmp,yzmp) and pitch axis torso angular velocity ωy. Each
controller was simulated for both scenarios and repeated 12
times for each anthropomorphic subject.

Parameter Value

CMC
Mp,1 diag(0,0,0,5.1,7.2,1)10−2

Mp,2 diag(8,6,0,30,6,10)10−3

Md diag(0,0,0,0.17,2,1)

ZIF

[Kx,kx,Ky,ky] (1,8,7,4)N/m
[bx,by] (0.1,0.02)N.s/m
[K1,x,K1,y] (0.516×6, 0.2216×6)
[K2,x,K2,y] (0.4516×6, 0.216×6)

BAC
[kx,ky,kz,kmx,kmy] (3,50,70,1500,22000)N/m
[bx,by,bz,bmx,bmy] (2,70,180,2000,26000)N.s/m
Kp diag(17,10,7,5,0.25)10−5

TABLE I: Gain values for each controller

A. Scenario 1 (SC#1): Dynamic Walking

The results concerning this scenario are displayed in Fig. 5.
Pink, green, and blue regions indicate the corresponding vari-
ations for ZIF, BAC, and CMC, respectively. Processing the
data collected from 12 anthropomorphic subjects, mean±SD
regions concerning xzmp,yzmp,ωy variations were displayed.
Mean variations were denoted via solid lines.

As the result, all controllers provided a dynamically bal-
anced locomotion behavior. Therefore, we argue that they
are feasible options when coupled with the proposed PST
optimization block for the exoskeleton-aided walking support
task. Among these controllers, the ZMP variations were com-
paratively well limited for the case of ZIF. In particular, peak-
to-peak mean ZMP variations were observed to be farther from
the support polygon boundaries generally. When it comes to
the suppression of torso angle, the CMC was outperformed by
the other controllers. This may imply that the CMC is more
sensitive to parameter uncertainties.

B. Scenario 2 (SC#2): Perturbed Dynamic Walking

The results concerning this scenario are displayed in Fig
6. In this scenario, an external impulsive force of 200 N
was applied at the hip of the system, first along the x
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p[m
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0.3

x zm
p[m

]

CMC BAC ZIF

Fig. 5: x-axis and y-axis ZMP variations with respect to the
local frame, and pitch axis torso angular velocity for the case
of disturbance-free walking, scenario 1.

Perturbation

Fig. 6: x-axis and y-axis ZMP variations with respect to the
local frame, and pitch axis torso angular velocity for the case
of perturbed walking, scenario 2. The gray regions represent
the perturbation instants.

direction when t = 10.6 s, then along the y direction when
t = 12.4 s. These periods were indicated via gray shaded
regions in the figure. Similarly, pink, green, and blue regions
indicate the corresponding variations for ZIF, BAC, and CMC,
respectively. Processing the data collected from 12 anthropo-
morphic subjects, mean±SD regions concerning xzmp,yzmp,ωy
variations were displayed. Mean variations were denoted via
solid lines.

We observe that all 3 controllers enabled the human-
robot coupled system to exhibit dynamically balanced walking
behavior, despite applied perturbations. The measured ZMP
variations were always within the support polygon. Differing
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Scenario Controllers
∆µ =CI−CII σ2

∆
pValue

tValue 95% CI
CI CII t(11) Lower bound Upper bound

SC#1
BAC CMC -0.2782 0.0015 p< 0.001 30.0829 -0.3043 -0.2521
BAC ZIF 0.0183 0.0005 p= 0.006 3.4383 0.0033 0.0333
CMC ZIF 0.2965 0.0017 p< 0.001 30.6207 0.2692 0.3238

SC#2
BAC CMC -0.2016 0.0021 p< 0.001 18.6009 -0.2321 -0.1710
BAC ZIF 0.0208 0.0002 p< 0.001 6.8967 0.0123 0.0293
CMC ZIF 0.2223 0.0018 p< 0.001 22.3806 0.1943 0.2504

TABLE II: Statistical significance among the controller performances.

from the results of SC#1, the standard deviation regions
are comparatively enlarged for BAC and CMC controllers,
particularly after the perturbations were applied. Qualitatively
speaking, the proposed controller ZIF outperformed the other
controllers in terms of ZMP variations. Moreover, pitch axis
torso angular velocity was not contained well when we used
CMC, suggesting a similar result we obtained in the case of
SC#1.

C. Statistical Analysis
To determine the most favorable controller option, we statis-

tically analyzed the results presented in previous subsections.
To define metrics, we measured the peak-to-peak values of x-
axis ZMP, y-axis ZMP, and pitch axis torso angular velocity for
each step. Taking the average over these peak values makes a
representative metric for the analysis. We argue that the peak
value of ZMP in each step is quite definitive regarding the
balance condition and it may vary in each step. Therefore,
an average of such peak values gives us a clearer view of
the performance assessment. The aforementioned metrics are
denoted as xpp

zmp, ypp
zmp, and ω

pp
y concerning x-axis ZMP, y-axis

ZMP, and pitch axis torso angular velocity, respectively.
Analysis of variance was performed using Factorial Re-

peated Measures ANOVA to test the significant difference
between controllers concerning both walking scenarios. We
used the MATLAB function ranova(•), at the significance
level of 0.05. There was a significant difference between con-
trollers in SC#1, F(2,22) = 798.1819, p < 0.001, and SC#2,
F(2,22) = 401.8652, p < 0.001.

Afterward, a post-hoc test was conducted using Bonferroni
with adjusted significance level of 0.0167 per test (0.05/3).
MATLAB function multcompare(•) was used and the re-
sults were displayed in Table II. The analysis revealed a
significant reduction in average peak-to-peak values when
ZIF (M = 0.2113,SD = 0.0152) was used, compared to BAC
(M = 0.2295,SD = 0.0306), and CMC (M = 0.5078,SD =
0.0584) for the case of SC#1. When it comes to SC#2,
the peak-to-peak averages are significantly less when ZIF
(M = 0.1855,SD = 0.0179) was used, compared to BAC
(M = 0.2062,SD = 0.0159), and CMC (M = 0.4078,SD =
0.0635). The tValue and pValue parameters for each pairwise
comparison are reported in Table II, columns 6 and 7.

Columns 2 and 3 indicate the first and second controllers
being compared, which are represented by CI and CII respec-
tively. The fourth and fifth columns show the mean difference,

∆µ , and mean squared error, σ2
∆

, of the two controllers in
comparison. The last two columns display the 95% confidence
interval (CI) of the two controllers’ mean difference.

The results indicate that the ZIF controller is statistically
more favorable when compared to CMC and BAC, con-
cerning both scenarios. Furthermore, Fig. 7 illustrates the
variation between the three controllers based on the aver-
aged values of the three metrics, namely, xpp

zmp,y
pp
zmp,ω

pp
y both

for SC#1 and SC#2. Similarly, the controller ZIF provided
less variation when compared to CMC and BAC, indicat-
ing its robustness against parameter uncertainties and per-
turbations. Necessary data and scripts can be obtained from
https://codeocean.com/capsule/2800487/.

V. CONCLUDING REMARKS

In this paper, we presented a locomotion control method-
ology concerning the robot-aided walking task for an under-
actuated bipedal exoskeleton with an arbitrary human user.
Differing from the case of classical bipeds where each robot
leg has at least 6 active joints, it is quite difficult to satisfy
several constraints to ensure dynamic walking. To remedy this
issue, we proposed two contributions: i) an optimization algo-
rithm that employs a prioritized stack of tasks to satisfy these
multiple constraints hierarchically to handle underactuation,
2) a feedback controller, named ZMP Impedance Feedback,
which utilizes multibody dynamics to satisfy ZMP constraints
by means of a virtual spring-damper couple. The proposed
optimization algorithm allows the synthesis of other feedback
controllers, e.g., admittance control or centroidal momentum
control.
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The proposed optimization algorithm was thoroughly tested
with 3 distinct feedback controllers in a realistic simulation en-
vironment in which a 40 kg underactuated exoskeleton model
and 12 anthropomorphic (66∼ 102 kg) subjects were utilized.
As the result, the human-robot combined systems exhibited
dynamically balanced walking behavior robustly, despite pa-
rameter uncertainties and applied perturbations. This result
adequately confirmed the validity of the proposed optimization
algorithm in handling the underactuation problem. Among the
feedback controllers, the proposed ZMP Impedance controller
outperformed other controllers with statistical significance.

One of the major drawbacks of this method is related
to its computational complexity. In particular, the inequality
constraints provided in (12) cripples the real-time applicability
of this work. Therefore, we are working toward the computa-
tionally efficient implementation of the proposed optimization
algorithm such that it can be implemented to our underactuated
lower-body exoskeleton Co-Ex, built in-house [10].
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