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Foot Placement Compensator Design for Humanoid
Walking Based on Discrete Control
Lyapunov Function
Chengju Liu , Tong Zhang, Changzhu Zhang, Member, IEEE, Ming Liu ,
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Abstract—In this paper, an online foot position
compensator (FPC) is proposed for improving the robustness of humanoid walking based on orbital energy conservation
and discrete control Lyapunov function (DCLF), with which the
asymptotic stability of the humanoid system can be maintained
and, thus, the foot placement control is achieved. The online FPC
is developed based on linear model predictive control (MPC)
by replanning the trajectories of the center of mass (CoM) and
properly placing the footsteps to resist external disturbances and
recover the walking posture. To further improve the robustness
of the humanoid robots to suppress strong external disturbance,
a strategy of upper body posture control is proposed. The
presented controller stabilizes the humanoid robot by utilizing
hip joints to modulate the upper body posture online. Webots
simulations and real experiments on a full-body NAO humanoid
robot verify the effectiveness of the proposed methods.
Index Terms—Biped walking, discrete control Lyapunov function (DCLF), foot position compensator (FPC), model predictive
control (MPC), orbital energy conservation.

I. I NTRODUCTION
URRENTLY, various novel control methods have been
proposed to deal with the motion control of robots, such
as super-exponential-zeroing neurodynamic approach [1], [2],
hybrid multiobjective scheme [3], Jacobian-matrix-adaption
method [4], neural network (NN) control [5]–[7], and CPGinspired control [8]–[11], which have been widely applied to
robots. Especially, research in the problem of robust biped
walking has become increasingly important and received
widespread attention in the recent years [12]–[15]. Robust
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walking is fundamental for a biped robot to execute tasks in an
unstructured environment. In biped walking, the zero moment
point (ZMP) is the basic criterion to guarantee the stability [16]–[21]. Biped walking is commonly studied by planning
the center of mass (CoM) trajectory such that the ZMP trajectory follows the desired one based on the linear inverted
pendulum model (LIPM) or Cart-table model [22]–[27]. The
main problem of ZMP-based methods is the discrepancy
between the dynamics of the actual robot and the simplified
dynamic model which usually causes grate tracking errors or
even the instability of the humanoid robots.
To guarantee the adaptive locomotion under external disturbances, such as pushes or uneven walking terrains, a great
number of control strategies have been proposed to regulate the
CoM or track ZMP reference trajectories through robust feedback schemes [28]–[31]. Hu et al. [30] presented a real-time
learning framework to improve the robustness of ZMP-based
biped walking controllers, using iterative learning control to
learn a feedforward compensative ZMP from measured ZMP
errors during repetitive locomotion. Mason et al. [31] extended
simplified walking pattern generators to exploit hand contacts
when stability cannot be maintained by stepping. Biological
inspired methods, such as central pattern generator methods,
are also used to online regulate the CoM or ZMP reference
trajectories to improve the adaptability and robustness of biped
walking [32]–[38]. In our previous work, an online CoM trajectory modulation method based on CPGs was proposed using
sensory feedback to real slope terrain walking [33]. In [34],
in order to improve the adaptability, foot trajectory and CoM
trajectory generators were proposed to realize uneven terrain
adaptive walking. These methods imitate the instantaneous
reactive balance strategies of human beings. Castano et al. [35]
applied a model-based method to compute and predict the next
step’s position, which allows the robot to restore the nominal
and symmetric gait subject to external disturbances. However,
there are no physical experiments and upper body posture
control in [35].
For strong disturbance rejection during humanoid robot
walking, a better way is to apply adjustable foot position
strategy to realize online adaptive foot positioning. To reject
disturbances for continuous locomotion, Wieber et al. [39],
Diedam et al. [40], and Herdt et al. [41] presented a gait pattern generation method with modulating foot position and step
duration based on the model predictive control (MPC) scheme.

c 2019 IEEE. Translations and content mining are permitted for academic research only. Personal use is also permitted, but republication/
2168-2216 
redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.

2

Nishiwaki and Kagami [42] developed a control method for
biped robust walking by changing the reference ZMP, next
step position and duration of the current step. Feng et al. [43]
presented a step optimization strategy to realize adaptive locomotion in the presence of disturbance by MPC. The control
method presented by Kryczka et al. [44] not only can regulate the step positions but also can modulate its timing for
the robots to recover from the impact of external disturbances.
Joe and Oh [14] considered external disturbance as a capturepoint error, and a desired ZMP is used to compensate the
capture-point error through a capture-point control strategy.
In our previous work [45], [46], based on the adjustable
nonparametric regression model, we proposed a heteroscedastic sparse GP (HSpGP)-based foot position compensator
(FPC) approach to improve the robustness of biped walking.
The proposed HSpGP-based FPC approach is nonparametric,
which does not need to precisely model the dynamical relationship between the humanoid robot state and the modified
walking steps.
In this paper, we focus on improving the robustness and stability of a biped walking under strong external disturbances
by compensating the footstep position online. Based on the
previous research work, we investigate a strong external disturbance rejection method based on discrete control Lyapunov
function (DCLF) and MPC. With the proposed FPC, the trajectories of CoM are replanned, and the foot placement is
properly controlled to resist external disturbances and recover
the walking position based on Cart-table model. The analytic
solutions of foot placements are derived by orbital energy conservation equation and DCLF. The main contributions of this
paper are summarized as follows.
1) The dynamics of the humanoid robot are modeled as
a cart moving on a massless table, the humanoid robot’s
leg is considered as a weightless scalable limb of the
table, and the kinematic constraints of the robot are
not considered. Given the CoM motion equation, the
desired CoM and the reference ZMP trajectory can be
both generated in real time. The biped walking control
can be realized by using inverse kinematics to obtain
joint commands from the CoM trajectory.
2) The improvement in humanoid walking performance is
evaluated qualitatively by the capacity to recover balance when an external disturbance is applied. Although
a proper footstep placement ensures the stability of the
robot, it may tip over while walking in an uncertain environment, such as uneven terrain or slopes, as the actual
body does not conform to the desired posture due to
tracking errors. Therefore, a control strategy is proposed
to compensate the upper body posture by utilizing the
hip joints to control the inclination of the robot torso
online.
The remainder of this paper is organized as follows. Section II
presents the MPC. Section III shows the design strategy of the
proposed FPC. Section IV develops the upper body posture
control method. The presented method is verified in Section V
with simulation and real experiments on the humanoid NAO
robot. We conclude this paper in Section VI including an
outline of our future work.
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II. M ODEL P REDICTION C ONTROL
With the MPC algorithms, the optimal and stable trajectory of robot’s CoM can be generated based on the dynamic
performance of the system to be concerned. As the humanoid
robot system is nonlinear, it has been proved that nonlinear
MPC method can get better performance and smaller tracking errors than those with linear MPC method. However, the
linear MPC method allows shorter computation periods than
nonlinear MPC method, therefore, the control loop of the robot
system could make a faster response to the change of the
environment. Before presenting the linear MPC method, we
assume that the humanoid robot is walking on a horizontal
plane and thus the robot’s CoM is constrained on a horizontal
plane, i.e., the height of the CoM is constant. In this case, the
movement of the centroid in space is two-dimensional and can
be defined as (x, y).
The trajectory of CoM of... the humanoid robot is related
...
to the acceleration x and y of the CoM in the constant
time period T. Therefore, we can have the humanoid robot’s
dynamics at discrete-time tk+1 as
...
x̄k+1 = Ax̄k + B x (tk )
...
ȳk+1 = Aȳk + B y (tk )

(1)
(2)

where
⎞
⎞
⎡
⎛
⎤
x(tk )
y(tk )
1 T T 2 /2
x̄k = ⎝ ẋ(tk ) ⎠, ȳk = ⎝ ẏ(tk ) ⎠, A = ⎣ 0 1 T ⎦
ẍ(tk )
ÿ(tk )
0 0 1
⎡ 3 ⎤
T /6
B = ⎣ T 2 /2 ⎦.
T
⎛

y

Let (zmpxk , zmpk ) be the ZMP position of the humanoid
robot
zmpxk = 1 0 −Zc /g x̄k
y
zmpk = 1 0 −Zc /g ȳk

(3)
(4)

where T is the sampling period of the discretized system, Zc
is the height of the humanoid centroid from the ground and
supposed to be a constant, and g is the acceleration of gravity.
We can have the relationship between the acceleration,
position, and velocity of the CoM and the position of ZMP
through (1) recursively
⎤
xk+1
...
⎥
⎢
= ⎣ ... ⎦ = Pps x̄k + Ppu X k
⎡

Xk+1

⎤
ẋk+1
...
⎥
⎢
= ⎣ ... ⎦ = Pvs x̄k + Pvu X k
⎡

Ẋk+1

ZMPxk+1

(6)

ẋk+N

⎤
zmpxk+1
...
⎥
⎢
..
=⎣
⎦ = Pzs x̄k + Pzu X k
.
⎡

(5)

xk+N

zmpxk+N

(7)
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where

⎡

...
⎢
Xk = ⎣
⎡

...
x k+N−1

1
⎢ ..
Pps = ⎣ .
1
⎡
0
⎢ ..
Pvs = ⎣ .
0
⎡
1
⎢
Pzs = ⎣ ...
1
⎡
Ppu

Pvu

Pzu

...
xk
..
.

T
..
.
NT
1
..
.
1
T
..
.
NT

⎤
⎥
⎦

(8)

⎤
T 2 /2
⎥
..
⎦
.
2
2
N T /2
⎤
T
.. ⎥
. ⎦
NT

⎤
T 2 /2 − Zc /g
⎥
..
⎦
.
N 2 T 2 /2 − Zc /g

(9)

(10)

(11)

⎤
T 3 /6
0
0
⎢
⎥
..
..
=⎣
(12)
⎦
.
.
0
 3

2
3
1 + 3N + 3N T /6 · · · T /6
⎡
⎤
T 2 /2
0
0
⎢
⎥
..
..
=⎣
(13)
.
.
0 ⎦
2
2
(1 + 2N)T /2 · · · T /2
⎡
⎤
T 3 /6 − TZc /g
0
0
⎢
⎥
..
..
=⎣
⎦.
.
.
0

2
3
3
1 + 3N + 3N T /6 − TZc /g · · · T /6 − TZc /g

(14)
Following the similar
... line, the relations between
y
Yk+1 , Ẏk+1 , Zk+1 , ȳk , and Y k can also be derived.
In MPC, the reference ZMP position trajectory sequence
ref
(ZMPref
k+1,x , ZMPk+1,y ) and the current centroid state are taken
as inputs. By adjusting the centroid acceleration and minimizing the objective function, the optimal centroid acceleration
can be predicted by tracking the reference ZMP trajectory.
The performance of this process can be given by the following
quadratic function (QP):
...
...min

X k, Y k

3


2
2  ... 2  γ 
α 





...
+
ZMPk+1,x − ZMPref
Xk + Y k
k+1,x 
2
2
2 



+ ZMPk+1,y − ZMPref
k+1,y  .

(15)
This QP can be re-expressed canonically as
α T
(16)
u Quk + pTk uk
min
uk
2 k
where
 

 ... 
Q 0
X
, Q = αI + γ PTzu Pzu
uk = ...k , Q =
0 Q
Yk

⎞
⎛
γ PTzu Pzu x̄k − ZMPref
k+1,x

 ⎠.
pk = ⎝
T
γ Pzu Pzu ȳk − ZMPref
k+1,y
By minimizing the objective function through QP, we can
obtain the optimal uk , and then the CoM trajectory of the
humanoid robot can be planned accordingly.

Fig. 1.

LIPM.

III. F OOT P OSITION C OMPENSATOR
When a humanoid robot is subjected to disturbances or
locomotion on irregular terrains without foot position compensation strategy during the process of walking, the CoM
errors become larger than ideal situation, which will lead to
an unstable movement. To mimic human’s reactions to disturbances during walking, it is natural to change next footstep
placement appropriately.
In this paper, we proposed an FPC to adjust the next footstep position of the walking robot. The FPC can modify the
contact of the humanoid robot with the walking environment
and accordingly replan the reference CoM trajectory such that
the humanoid robot can exert a sufficient amount of force to
satisfy the novel CoM control requirement. During humanoid
walking, the single supporting phase duration is usually much
longer than the double supporting phase and the supporting
area is much smaller in single supporting phase. Thus, in this
paper, the decision of FPC scheme is triggered during the
single supporting phase. Since the foot of the robot already
contacted with ground cannot be changed, the FPC will come
into effect in the next single supporting phase.
As we know, the trajectory planning of a robot can be
decomposed into x-direction and y-direction. Hence, the FPC
is also set along the x-axis and y-axis, respectively. We only
analyze the situation of left leg, thus the result for the right
leg is symmetric. Considering the LIPM in Fig. 1, we adopt
the LIPM to analyze the FPC by orbital energy conservation method and DCLF. Given the position of the CoM, the
dynamics of the system can be written as
c̈x = g ·

cx
Zc

(17)

where g denotes the gravitational acceleration and Zc is the
constant height of the CoM.
The solutions of the differential equation (17) are expressed
as follows:
 
 
t
t
+ ċx0 · Tc sinh
(18)
cx (t) = cx0 · cosh
T
T
 c
 c
cx0
t
t
+ ċx0 · cosh
(19)
ċx (t) =
· sinh
Tc
Tc
Tc
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√
where Tc = Zc /g, cx0 and ċx0 are the initial position and the
initial velocity of the CoM with respect to the origin of the
LIPM, respectively.
Assuming there are no external disturbances acting on this
system, the orbital energy of the LIPM with a fixed pivot can
be set as
g 2
ċ2
−
c
(20)
Eorbital =
2
2Zc
where ċ2 /2, (g/2Zc )·c2 represent the kinetic energy and potential energy, respectively. Assuming the energy of the system is
conserved, (20) allows us to estimate the future CoM states of
the robot. In fact, there will always be external disturbances
in the system.
When the biped robot moves with a desired periodic gait, the
orbital energy expressed in (20) is supposed to be a constant.
When subject to external disturbance, the energy of the orbital
will be decreased. If the motion velocity wants to be recovered,
the orbital energy change need to be compensated and the
dissipated energy with respect to the desired energy can be
expressed as
1
c(t0 )2
g
Ee = Ed − ċ(t0 )2 −
2
2Zc

(21)

where Ed = (1/2)ċd (t0 )2 − ([cd (t0 )2 ]/[2Zc ])g is the desired
orbital energy of the robot.
When c(t0 ) = cd (t0 ), (21) can be rewritten as follows:

1
ċ(t0 )2 − ċd (t0 )2 .
(22)
Ee =
2
And the required compensated force Fn for the dissipated
energy is expressed as
 cf
Fn δc = mEe
(23)
c0

mEe

Fn = 
2 cf − c(t0 )

(24)

where cf is the final CoM position.
The previous work in [35] applied a model-based method
to compute and predict the next step’s position, which allows
the robot to restore the nominal and symmetric gait subject to
external disturbances. In this paper, we investigate a strong
external disturbance rejection method based on DCLF and
MPC. Fig. 2 depicts the velocity recovery process when the
external force is applied to the robot.
Given the desired step length ls , the period T, and the CoM
height Zc , the initial velocity ċ0 is determined at each step.
The CoM velocity ċ is reasonably supposed to be unchanged
in each cycle without external disturbance. However, if the
robot is subjected to external force, the CoM ċ will change.
Therefore, if the velocity of the CoM ċ can be kept constant,
the walking of the robot is stable. Moreover, the real velocity
ċm can be kept close to the desired one at the midstance point
through adjusting the foot placement.
The LIPM is used to find the analytic representation of the
foot placement, and the orbital energy is constant in one step
cycle if there is no external disturbance. And the initial position and end position of the foot with respect to the supporting
foot are c0 = −ls /2 and cf = ls /2, respectively.

Fig. 2.

Velocity recovery process.

When the robot’s CoM states changes from one state (c1 , ċ1 )
to (c2 , ċ2 ), the transition time is


c2 + Tc ċ2
.
(25)
τ = Tc ln
c1 + Tc ċ1
And we can obtain the following equations, when substituting (c1 , ċ1 ) = (ck0 , ċk0 ), (c2 , ċ2 ) = (ckf , ċkf ), ck0 = −ls /2,
ckf = ls /2, and ċk0 = ċkf into (25):
 −l

k
s
2 + Tc ċ0
T = Tc ln l
(26)
k
s
2 + Tc ċ0


ls 1 + eT/Tc
k
.
(27)
ċ0 =
2Tc 1 − eT/Tc
Equation (27) can be rewritten as follows:


ls
T
k
ċ0 =
.
coth
2Tc
2Tc

(28)

Using the orbital energy conservation (20), we have
ċ21
ċ2
g 2
g 2
−
c1 = 2 −
c .
2
2Zc
2
2Zc 2

(29)

Given the velocity ċnow and the step size of gait cycle,
the relationship between the final velocity ċf and next foot
can be obtained as well
placement compensation ck+1
N
 

 2
Zc  k 2
k+1
2
ċf − ċnow + ckN .
cN =
(30)
g
To guarantee the asymptotic stability of the system, we
introduce the DCLF [47] to obtain the next foot placement
compensation ck+1
N . First, we define the Lyapunov function as
V(ċk ) = ċ2k = (ċk − ċideal )2

(31)

where ċk represents the error of CoM velocity between CoM
velocity ċk and ideal CoM velocity ċideal .
From (31), we know that V(ċk ) ≥ 0. According to the
Lyapunov stability theory, if the system is asymptotically stable, then the derivative of Lyapunov function should satisfy
the following condition:
V̇(ċk ) < 0.

(32)
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applicable. In an ideal situation, when the humanoid robot
is disturbed, the speed of rebalance is required to be as fast
as possible. However, the faster the convergence is, the more
pressure the robot joint receives. At one extreme, it may cause
damage to the robot joints and even affect the balance of the
robot. Therefore, the values of the convergence coefficients are
usually set to belong the interval of [0.4, 0.6].

Fig. 3.

IV. U PPER B ODY P OSTURE C ONTROL

Influence of convergence coefficient λ on gait adjustment.

Because the humanoid robot system is a discrete system,
we can get the following relationship:
V̇(ċk ) = V(ċk+1 ) − V(ċk )
= (ċk+1 − ċideal )2 − (ċk − ċideal )2 .

(33)

In order to achieve the asymptotic stability of the robot
system through discrete control, it is required that the following inequality (34) holds such that the closed-loop system can
be exponentially stable:
V̇(ċk ) = V(ċk+1 ) − V(ċk ) = −λV(ċk ) < 0, 0 < λ < 1

(34)
where λ is the exponential convergence coefficient belonging
to [0, 1].
Then according to (33) and (34), we have the following
equation:

ċk+1 = ċideal + (1 − λ)(ċk − ċideal )2 .
(35)
Letting ċkf = ċk+1 , ċnow = ċk , and substituting (35)
into (30), we can get the step compensation
ck+1
N

 

2

 Zc 
 2
ċideal + (1 − λ)(ċk − ċideal )2 − ċ2k + ckN .
=
g

(36)
Hence, given the index convergence coefficient λ, ideal
CoM velocity ċideal , real CoM velocity ċk , and the step size
in the current gait cycle ckN , we can calculate the next foot
placement in the x-axis by using (36). Next foot placement
in y-axis can also be obtained by following the similar idea.
In addition, a single foot supporting phase executes only once
calculating process to guarantee the calculation speed. With
the proposed control, the stability of the closed-loop system
is achieved via the Lyapunov’s stability theory.
Fig. 3 shows the effect of the convergence factor λ on the
gait adjustment steps, from which it can be seen that the convergence coefficient and the gait adjustment steps required for
convergence can be approximated logarithmically. As the value
of the convergence coefficient increases, the number of gait
adjustment steps required for convergence decreases.
When λ < 0.2, the robot’s gait needs to be adjusted by
more than ten steps in order to be able to converge. However,
we require the humanoid robot to quickly stabilize against
the external disturbance in practical applications. Therefore,
the value of the convergence coefficient in this range is not

The overall architecture of the control strategy is shown in
Fig. 4. A posture control method presented to adjust the body
angles with the hip joints to improve the walking stability.
For the upper body posture control, the adjusting angles of
hip joints (θHipPitch , θHipRoll ) by applying a PD controller
can be expressed as




θHipPitch = Kp1 θp − θ̂p + Kd1 θ̇p − θ̂˙p
(37)




(38)
θHipRoll = Kp2 θr − θ̂r + Kd2 θ̇r − θ̂˙r
where Kp and Kd are the proportional gain and differential
gain, respectively, (θp , θr ) are the desired body angles in x-axis
and y-axis, and (θ̇p , θ̇r ) are the desired body angular velocities. (θ̂p , θ̂r ) are the measured body angles and (θ̂˙p , θ̂˙r ) are
the measured body angular velocities. This control method is
executed at every moment of the locomotion process.
V. S IMULATION AND R EAL E XPERIMENTS
Simulations and real robot experiments are setup using the
humanoid NAO platform [Fig. 5(a)]. NAO has 26 degrees of
freedom. Each leg weighs nearly as much as the body, and
the links are made of plastic. This makes the dynamics of
the robot substantially different from the simplified Cart-table
model. Furthermore, the deformation of plastic links can be
caused by the disturbance. Simulations are conducted using
the Webots simulation platform as shown in Fig. 5(b).
The body attitude θ can be estimated using the gyroscope
and accelerometer of the NAO robot. A high-pass filter (HF)
and a low-pass filter (LF) are used to further obtain the
dynamic and static characteristics of θacc and θgyro , respectively. The calculation method designed for this paper is shown
in Figs. 6 and 7, where θacc is the body attitude calculated by
the accelerometer, and θgyro is the body attitude measured by
the gyroscope. The calculation equation is expressed as


(39)
θ = GainL · LF(θacc ) + GainH · HF θgyro .
A. Robust Biped Walking Under Unknown Interference
First, NAO robot is walking straight forward on a flat terrain without disturbances with a walking step size of 0.1 m.
The parameters of the PD controller are set as Kp = 1.4,
Kd = 0.5, and the convergence coefficient set as λ = 0.45 in
the following experiments. In this case, NAO is pushed to its
forward (x-axis direction) while on left single foot supporting phase. NAO takes several steps to recover the locomotion.
A force of about 10.084 N is applied to the centroid of NAO,
and the force duration is approximately 0.6 s. Fig. 8 shows
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Diagram of the walking control with an FPC.

(a)

(b)

Fig. 5.
Robot platform. (a) NAO robot. (b) ODE-based simulation
environment.

Fig. 6.

Fig. 7.

Fig. 8.

Snapshot sequences of NAO recovering from disturbance push.

Fig. 9.

Measured upper body attitude.

Calculation of the body attitude angle.

θpitch before and after filtering.

the snapshots of this experiment. From the experiment snapshots, we can figure out that when the external force is applied,
it increases the next foot placement to resist the external
disturbance.
The body attitude during robust walking is shown in Fig. 9.
The body roll curve reaches a peak at approximately 3.5 s,

which decrease to −0.085 rad. The foot placements in the
experiment of the robot are shown in Fig. 10, and the maximum foot placement along the x-axis is 0.062 at about the
fourth step.
Fig. 11 compares the reference ZMP and real ZMP. About
3 s, the real ZMP is fluctuating but with the effect of FPC the
real ZMP not being out of the support polygon. Due to the
delays or errors in sensors, there are some difference between
the actual ZMP and the ideal trajectories.
For the first real robot experiment, the robot is normally
walking but pushed from the front with a force Gauge. Without
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Fig. 10.

Fig. 11.

7

Foot placements.

Fig. 13.

Snapshot sequences of locomotion on uneven terrain.

Fig. 14.

Measured upper body attitude.

ZMP trajectories.

(a)

(b)

of its foot placements in the following several steps and
retains balance eventually. The snapshots of the experiment
in side view are shown in Fig. 12(a) and (b). Fig. 12(c) shows
the snapshots of the experiment of NAO Robot’s maximum
tolerance to interference.
With the proposed FPC in this paper, when the thrust is
more than 19 N, the robot can still maintain balance by adjusting its foot placement. The maximum thrust is approximately
20.5 N. In the method proposed in [36], the robot can only
suffer a momentum impact of 1.13 N. Compared with the
previous work of [37], [45], and [46], humanoid Robot’s maximum interference tolerance has been greatly improved. The
comparative experiments demonstrate that the presented FPC
is valid and enhances the robustness of the humanoid robots
considerably.
B. Walking on Uneven Terrain

(c)
Fig. 12.
Snapshot sequences of a real robot recovering from a push.
(a) Snapshot sequences of a real robot walking without FPC. (b) Snapshot
sequences of a real robot walking with FPC. (c) Snapshot sequences of the
NAO Robot’s maximum interference tolerance experiment.

the proposed FPC, the robot falls down quickly when suffering from external push (about 14.1 N). But with the FPC,
when subjected to 19.1 N thrust, the robot increases the size

The motion performance over the uneven walking terrain is
verified in the second experiment. The NAO robot walks forward with step size of 0.1 m and there are two white obstacles
on the robot’s moving path. The size of the two obstacles are
both 0.8 m × 0.02 m × 0.01 m. Fig. 13 shows the snapshots
of the real experiment.
Fig. 14 shows the measured attitude of the upper body
using sensor fusion. Due to the uneven terrain, the pitch angle
increases at about 4 s and 8 s, the maximum is 0.03 rad at
about 6.5 s. The roll angle decreases at 7 s and 17 s.
Fig. 15 depicts the foot placement from the start to the end
of the walking. The foot placement along the x-axis decreases
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Fig. 17 shows the snapshots of side-view real robot experiments. There are two white obstacles on robot’s walking path
with size both given by 0.8 m × 0.02 m × 0.01 m. Without
FPC, when the humanoid robot crosses the first obstacle, the
posture of the body changes drastically due to the change of
the contact area of the foot and thus the robot falls backward. But with the action of FPC, when the robot’s posture
changes, it makes several continuous larger steps to reduce the
disturbances and successfully walks through the obstacles.
Fig. 15.

Foot placements.

VI. C ONCLUSION

Fig. 16.

ZMP trajectories.

(a)

(b)

(c)
Fig. 17. Snapshot sequences of a real robot experiment walking on uneven
terrain. (a) Snapshots of walking without FPC. (b) Snapshots of walking with
FPC.

from the fifth step, and the minimum x-axis foot placement is
0.032 m at the 14th step. The foot placement along the y-axis
increases during the walking process. Fig. 16 illustrates the
reference and actual ZMP trajectories throughout the walking
process.

This paper proposed an online FPC for biped robust walking
based on orbital energy conservation and DCLF. The presented
control algorithm can generate proper foot placement and
does not require complex calculations though this method can
only withstand limited external disturbance. A posture control
method is added to further improve the robots’ ability to resist
external strong perturbations. Some simulation and experimental results verify the proposed strategy can realize biped robust
walking under strong external pushes or walk through uneven
terrain.
However, it should be noted that the online parameters
learning is not considered in this paper, as an extension,
the nonparametric regression model, such as Gaussian process model, which does not require precise modeling of the
dynamic relationship between the humanoid robot state and
the modified footsteps, will be considered to locally update
the parameters of the control system in real-time in the
future work.
Furthermore, in order to evaluate the rebalance performance
of the novel method, survival rate index will be developed to
compare with the current work. The survival rate will defined
as follows: given a certain number of steps in a complete
walk and a certain number of trials, the survival rate is the
number of successful completion of walking without falling.
The proposed survival rate index will provide a statistical
evaluation of robot walking performance.
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