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Abstract
To achieve adaptive gait planning of humanoid robots, a hierarchical central pattern generator (H-CPG) model with
a basic rhythmic signal generation layer and a pattern formation layer is proposed to modulate the center of mass
(CoM) and the online foot trajectory. The entrainment property of the CPG is exploited for adaptive walking in the
absence of a priori knowledge of walking conditions, and the sensory feedback is applied to modulate the generated
trajectories online to improve walking adaptability and stability. The developed control strategy is verified using a
humanoid robot on sloped terrain and shows good performance.

1. Introduction
The bioinspired robotic control method draws nourishment from biological models or control mech-

anisms such as animal rhythmic motion generation, high-level control centers, and biological reflexes.
In recent years, CPG-inspired control methods have attracted widespread attention in engineering and
biologists. According to Grillner’s definition [1], CPGs are referred to as a neural network that spe-
cializes in motion generation, and this network contains the necessary information to activate different
motoneurons in proper sequence and strength to generate motion mode. These bioinspired control meth-
ods have been successfully applied to motion control of biomimetic robots [2, 3, 4]. Some well-known
examples include a salamander robot [5], snake-shaped robot [6, 7], fish/dolphin-shaped robot [8, 9, 10],
and multiped robot. [11, 12, 13, 14, 15, 16, 17] Meanwhile, the CPG mechanism has also been applied
to the walking control of biped and humanoid robots [18, 19, 20, 21, 22, 23, 24].

Just like the entire control system of animal motion contains a complex feedback network, with the
feedback mechanism, CPG-inspired control methods could have strong adaptability. Taga et al. [25] pro-
posed the concept of global transmission to explain adaptive rhythmic motion. When a robot walks in a
complex environment, it should make decisions based on environmental information such as topography
and obstacles to determine the next step. Environmental information and robot status are merged in a
high-level control center and then fed back to CPGs to control the output of the intelligent walking model.
Therefore, to achieve an environmentally adaptive walk for a humanoid robot, the CPG feedback control
model should be developed for different parts to receive feedback information. Currently, CPG engineer-
ing modeling adds feedback on top of the simplified biological neuron model and builds connections
between neurons to generate multimodes. Fu et al. [26] achieved passive dynamics of walking with the
hip joint driven by the parameterized oscillator, whose triggering and ceasing is modulated by feedback
of the sensor. Fukuoka et al. [27] used CPG neuron with feedback from joint muscle’s length and body
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inclination to realize the walking of a biped dinosaur-like robot. A deficiency of this modeling method is
that sensing information is not easy to feed in, which makes it difficult to adapt. Moreover, feedback infor-
mation only regulates the cycle and magnitude of the rhythmic locomotion and cannot provide a com-
prehensive and fast response to changes in the environment such as terrains, irregularities on the ground,
and so on. Simple CPG neural network structure is not enough to model the complex motion of robot.

In order to model more complex CPG neural network structure of higher animals such as reptiles
or mammals for walking motion, various CPG neural network structure models to explain such control
mechanisms is developed. Brown [28] proposed one of the most classical structures named semi-center
model structure. Klein et al. [29] designed a robotic leg, where the nerve structure, muscle, bone struc-
ture, and sensory feedback path in the human tissue system were simplified to simulate the human
walking gait. Perret et al. [30] extended a conventional semi-center model and created a two-layer CPG
control mechanism that controlled the motoneuron pulse time and action intensity. Burke et al. [31]
introduced sensing information into an internuncial neuron layer and motoneuron layer to achieve hier-
archical control of the motoneuron output based on the two-layer CPG neural network. Mcrea et al.
[32] modified a conventional semi-center model and proposed a multilayer CPG neural network that
accurately reflected the characteristics of biological rhythmic locomotion control.

With more accurate model, CPG-inspired control methods has been further developed and the cor-
responding feedback control models are created when different parts receive the feedback information,
including the high-level control module, internuncial neuron, and motoneuron to solve the problem of
voluntary walking in complex environments for the humanoid robot. Wang et al. [33] proposed a control
strategy to simulate hierarchical biological CPG walking control and realized quadruped robot motion
control. Auddy et al. [34] used an optimized CPG network for joint control and a neural network as the
high-level controller to achieve bipedal locomotion in simulation. Endo et al. [35] adjusted the CPG
control system parameters via a policy gradient-enhanced learning control method and achieved steady
walking for a biped robot. Based on the nerve–muscle–bone system regulation mechanism, Fu et al. [36]
investigated the bioinspired control of a biped robot with a system combining CPG and sensory feedback.
Based on intensive learning and CPG/DMP, Santos et al. [37] investigated the humanoid robot walk in
a sloped environment. Based on the vestibular reflex mechanism, in our previous work, we investigated
the feedback information and the CPG control system integration strategy and effectively improved the
walking capability of quadruped and biped robots [24, 38, 39]. The multilayer CPG structure somehow
compensates the limitation of the single-layer CPG model and is a modeling method that is worthy of
further investigation.

For a simple swimming or crawling robot, the CPG-based joint space control methods using one
CPG unit to control one degree of freedom (DoF) of the robot are usually applied, so that the distributed
oscillator network can generate complex coordinated multidimensional signals that are used as force or
torque control to realize the coordinated motion. However, for a humanoid robot with more degree of
freedom, many works continue to use such joint space control methods. Wang et al. [33] proposed a
two-level CPG control mechanism to coordinate the drivers of robot joint, in which the output forces
of joint drivers are controlled by the motoneurons with feedbacks in real time. Nassour et al. [40] used
rhythm generator, pattern formation, and motoneuron (MN) layer to model one joint CPG controller that
corresponds to one DC motor. Based on the multilayered multi-pattern CPG provided by Nassour[40],
Tran et al. [41] used reinforcement learning to allow the robot to trigger a reaction to avoid falling.
Mokhtari et al. [42] based on the CPG and ZMP achieve a hybrid adaptive robust control for a lower
limb exoskeleton, where the CPG is applied to determine the desired angles of ankle, knee, and hip of
both left and right legs. In our previous work [43], a ML-CPG was proposed and is used as the underlying
low-level controller for a quadruped robot to generate adaptive walking patterns in joint place. Rhythm
generation and pattern formation interneurons are modeled to promptly generate motion rhythm and
patterns for motion sequence control, while motoneurons are modeled to control the output strength of
the joint in real time according to feedback. For the reason that there are too many parameters to adjust,
such joint space control methods cannot be applied effectively in humanoid walking.
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To overcome the limitations of conventional CPG control, a task space, or the so-called workspace-
based humanoid robot walking control method using H-CPGs is proposed in this paper. Instead of the
joint space method, the H-CPGs are used in the workspace of the humanoid to modulate the swinging
phase and the supporting phase. Thus, the stance and swing phases are determined in real time by the
output of the proposed multilayer CPG network to implement biped adaptive walking patterns. The
presented method assigning H-CPGs to the periodic variables during robot locomotion simplifies the
connections between CPGs and feedback pathways from the environment. Walking pattern adjustment
of robots is easier to realize than the CPG joint space control method. This method can substantially
reduce the number of CPGs and require less tuning of the parameters.

The main contributions are as follows:

1. A task space-based humanoid robot walking control method using H-CPGs is proposed.
2. Different to the common joint space control method that use each single CPG unit to control one

degree of freedom (DoF) of the robot, the proposed method use CPG units to modulate the CoM
and the foot trajectory of a humanoid robot to generate various adaptive walking patterns, so that it
substantially reduce the number of CPGs and require less tuning of the parameters.

3. Adaptive biped walking in a sloped environments both in simulation and real robot are realized by
integrating the robots posture feedback into foot trajectory generation in real time.

The remainder of the paper is organized as follows. Section 2 presents the model of the hierarchical
CPG (H-CPG). Section 3 presents the control method of the H-CPG for the humanoid robot in the
workspace. Simulations and experiments on the NAO robot are demonstrated in Section 4. Finally, some
concluding remarks are offered in Section 5.

2. Hierarchical central pattern generator (H-CPG) model
As illustrated in Fig. 1, the entire control system consists of two major components: trajectory plan-

ning and a motion engine. The motion engine design includes kinematics and inverse kinematics,
which aims to obtain a precise joint control signal based on the workspace trajectory. Trajectory plan-
ning includes CoM trajectory generation, workspace trajectory modulation, and feedback information
input, the aim of which is to obtain adaptive walking trajectories with environmental information via
H-CPGs. The proposed control method is general to legged robots. In this work, the humanoid NAO
robot is used as an experiment platform and typical tests are designed to verify the proposed control
method.

2.1. Architecture of the H-CPG

In this work, an H-CPG model is proposed. The novel model has a two-layer structure comprising of
a basic rhythmic signal generation layer and a pattern formation layer. Unlike the common joint space
control method, the CPG units are used in the workspace of the humanoid robot. That is, the proposed
CPG model is used to modulate the CoM and the foot trajectory of a humanoid robot to generate various
adaptive walking patterns. The basic H-CPG diagram for the proposed modulator, which is based on the
control mechanism of neurophysiological studies, is shown in Fig. 2.

The proposed H-CPG architecture consists of two layers: rhythm generation neurons (RG) and pat-
tern formation neurons (PF). In the rhythm generation layer, rhythmic signals are generated, and the
associated parameters can be modulated easily. In the pattern formation layer, modulation signals of the
movement patterns are generated to determine the different motion modes of modulated objects. The
two layers can be regarded as an open structure with access ports in between and regulatory information
implemented from the top. Because the sensory feedback modulates the movement of the hierarchi-
cal CPG neurons, the modulated object, environment, and CPG controller can constitute a closed-loop
control system.
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Figure 1. Architecture of the biped walking control system.

Figure 2. Architecture of the proposed H-CPG. The rhythm reflection (RR) and pattern reflection (PR)
represent the feedback of rhythm generation nerves and pattern formation nerves, respectively.

2.2. Model of interneurons

Interneurons are required to rapidly respond to the environment and robot motion state and to control
muscle motion sequences. The Hopfield continuous neuron model [24] is used to construct interneurons
in this work. The generated mechanism of rhythms and patterns has the following characteristics: it
does not have fixed rhythms and patterns, and it is motivated passively by external sensing information
to determine the motion sequence of a robot. This neural model is parameterized using the following
equation:
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Figure 3. Structure of the interneuron network.

{
τi

dyi
dt = − yi

Ri
+∑

ωjiσ (xj)

σ (xj) = (
1 + e(�j−xj )

)−1 (1)

where yi represents the neuron membrane potential, τi is a time constant, and Ri is the damping coeffi-
cient of neuron conduction. xj represents the jth feedback that a neuron receives. σ (xj) can be interpreted
as the strength of external excitation on the neurons. ωji is the connection coefficient between neurons,
while �j is the role of the threshold of feedback xj .

In a complex environment, robots must receive a variety of sensing information to generate the cor-
responding motion control signals. To ensure that the neuron model can quickly respond to feedback
signals that exceed the neuron threshold value, the feedback item

∑
ωjiσ (xj) in Eq. (1) is expended to∑

j
Tjig(yi) + Ii, where

∑
j

Tjig(yi) are feedbacks among neurons, while the Ii ∈ [0, 1) is input items for

external feedback information. For
∑

j
Tjig(yi), N is the number of neurons, and Tji represents the connec-

tion coefficient between these neurons, g(y) is an S-function expressed as g (y) = 1
2 (1 + tanh (2σy)). As

for Ii, the interaction strength of the jth feedback is kj , when the sensing information exceeds the thresh-
old �j , Ii rapidly grows and reaches its peak value. Furthermore, Ii stimulates the output of neurons
to its peak value. In addition, yi and ui are the intermediate state and the final output of the neurons,
respectively. In this model, a positive value of the intermediate state of a neuron yi indicates that its
drive muscle is active, while a zero value represents the corresponding muscle in a state of inhibition. A
negative output of neurons has no practical significance in engineering; therefore, the final output item
of a neuron is expressed as ui = max {yi, 0}. Specially, the initial state is set as y(t0) = y0 ∈ RN .

So that the Hopfield neural network is constructed by
⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

τi
dyi
dt = − yi

Ri
+∑

j
Tjig(yi) + Ii, i = 1, · · · , N

Ii =
(

1 +∑
k

ekj (�j−xj )
)−1

ui = max {yi, 0}

(2)

2.3. Stability analysis

As shown in Fig. 3, the neural network consists of a rhythm generator and a pattern generator, which
are connected via stimulation and inhibition connections. The output of motion pattern are produced by
receiving and processing the external sensing information.
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As an example, for N = 4, the dynamic model of the interneuron network is expressed as⎧⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎩

τ1
dy1
dt = − y1

R1
+ T12g2(y2) + I1

τ2
dy2
dt = − y2

R2
+ T21g1(y1) + I2

τ3
dy3
dt = − y3

R3
+ T31g1(y1) + T32g2(y2) + T34g4(y4) + I3

τ4
dy4
dt = − y4

R4
+ T41g1(y1) + T42g2(y2) + T43g3(y3) + I4

(3)

where each neuron is connected to another neuron of the same layer through inhibiting connections,
while the different layers are connected through stimulating connections. The absolute values of the
connection weights are set equal to each other, and the neural network connection matrix is set to

Tij =

∣∣∣∣∣∣∣∣
0 −1 0 0

−1 0 0 0
1 −1 0 −1

−1 1 −1 0

∣∣∣∣∣∣∣∣
(4)

The stability of the neural network is analyzed, and the matrix W is set to

W = 1
2
(
Tij + T τ

ij
)

(5)

According to Theorem 1 in ref. [38], we assume that the derivative of each activation function is
positive and bounded. μmax is the maximum value of the eigenvalues of matrix W . For all x ∈ R1, if
0 < g′

i (x) ≤ σi and

μmax <
1

σiRi
(6)

where σi > 0, i = 1, · · · , N and σi is the maximum value of g′
i(x), then the neural network in Eq. (3),

the connection matrix of which is Eq. (4), has one and only one equilibrium point.
By calculating the eigenvalues of matrix W , μmax = 2 is obtained. Then, when the range of parameters

is satisfied, with Riσi < 0.5, the neural network has only one equilibrium point. This condition applies to
the parameter selection at the construction of the interneuron network to guarantee its stability. Letting
the equilibrium state be μ̄ and xi = μi − μ̄i , Eq. (3) becomes

τi
dxi

dt
=
∑

j

Tij
(
gj(xj + μ̄j) − gj(μ̄j)

)− xi

Ri
, i = 1, 2, · · · , 6 (7)

Taking the Lyapunov function,

V (x) = 1
2
∑

i

τiαix2
i > 0 (8)

and the derivative of Eq. (8) is

dV (x)
dt = ∑

i
αixi

(∑
j

Tij
(
gj(xj + μ̄j) − gj(μ̄j)

)− xj
Ri

)

= ∑
i

αixi

(
− xj

Ri
+∑

j
Tij(g

′
j(μ̄j)xj + 1

2 g′′
j (εj)x2

j )

)

= ≤ −∑
i

αix2
i

Ri
+∑

ij
αixiTijαjxj + 1

2αig
′′ (εj)

n∑
i=1

x2
i |xi|

= ≤∑
t

(
− 1

σiRi
+ μmax + g

′′
(εj )

2σi

n∑
i=1

|xi|
)

σ 2
i x2

i

(9)

https://doi.org/10.1017/S0263574721000795 Published online by Cambridge University Press

https://doi.org/10.1017/S0263574721000795


768 Chenpeng Yao et al.

Figure 4. Structure of the interneuron network for a humanoid.

Suppose there are and that make the following formula valid:

− 1
σiRi

+ μmax + g′′ (εj)
2σi

n∑
i=1

|xi| < 0 (10)

We deduce from the theorem in ref. [38] that the equilibrium point of the above formula has expo-
nential stability; that is, there are positive constants b1, b2 that make the following formula valid:

|μi(t) − μ̄i| = |xi(t)| ≤ b1 |μi(0) − μ̄i| e[−b2(t−t0)] (11)

Because neurons are connected by inhibitory connections, |yi| < 1. Because the neural network of

the two semi-central neurons inhibit each other, we have
6∑

i=1
|yi| < 3 and

g
′′ (εj) = −4σ 2 tanh (2σx)sech2(2σx) < −2σ 2 (12)

We can obtain

3σi + 1
σiRi

> μmax (13)

Comparing μmax < 1
σiRi

and Eq. (13), we conclude that when the system satisfies the condition that
only one equilibrium point exists, the equilibrium must be exponentially stable.

3. H-CPG for humanoids
3.1. Structure of the interneuron network for humanoids

Considering bipedal walking, the robots left and right legs of A and B alternate on the ground to generate
the walking movement. The proposed layered interneuron network is shown in Fig. 4. The circle repre-
sents a unit of the interneurons. The arrowed lines indicate introduction connections, and the rounded
lines indicate inhibition of the connections. The symbol β represents rhythm generator neurons, A and
B distinguish the left and right legs, respectively, and γ and θ represent the pattern generator neurons
of leg A and leg B, respectively.

According to the connection of neurons and feedback, the basic motor rhythm is generated by the
rhythm generator. Thus, the periodic rhythm signals of the left and right legs are generated according to
the primary rhythmic feedback. To generate adaptive motion mode based on the rhythm output, the basic
rhythm signals are inherited by the pattern generator. Then, the pattern generator can further generate
the movement pattern according to the senior pattern feedback, and the adaptive modulation interface
for the motion state is obtained.
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Figure 5. Sensory feedback information.

The internal connection of the two rhythm generators is shown in the right upper part of Fig. 4. The
two groups of rhythmic CPG units (A and B) maintain phases opposite to each other through inhibiting
and exciting connections. β1A, β2A, β3B, and β4B represent the four internal neurons of the rhythm gener-
ator and correspond to the extensor of leg A, the flexor of leg A, the extensor of leg B, and the flexor of
leg B, respectively. The inhibitory connection between β1A and β3B maintains the opposite phases of leg
A and leg B, and the excitation connections of β1A, β3B to β4B, β2A provide options to enhance the sta-
bility of the phase relationship. Finally, the combined output of the two neurons generates a rectangular
wave of the opposite phase with respect to the feedback.

3.2. Feedback path of multi-sensor information

This subsection presents the construction of the feedback path of multiple sensor information in the
control structure according to the study of the interaction state of the robot with its environment. The
feedback path is shown in Fig. 5.

The sensory information introduced in the control system includes the robots own status informa-
tion, such as the body inclination information and the foot contact information with environment. The
body attitude information can reflect whether the robot is on a level surface or on a slope in real time.
According to the body attitude state, the CoM of the robot can be adjusted, advanced, or retarded.
The robots interaction status with the environment, such as plantar pressure information can reflect
the contact state between the robot and the environment.
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3.3. Terrains interneuron network of the H-CPG

According to the biped robot rhythm generator connection structure, as shown in Fig. 4, the mathematical
model of the rhythm generators of forelegs A and B is expressed as

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

τβA1
dyβA1

dt = − yβA1
RβA1

+ TA1A2gβA2
(
yβA2

)+ TA1B3gβB3
(
yβB3

)+ IβA1

τβA2
dyβA2

dt = − yβA2
RβA2

+ TA2A1gβA1
(
yβA1

)+ TA2B4gβB4
(
yβB4

)
+TA2B3gβB3

(
yβB3

)+IβA2

τβB3
dyβB3

dt = − yβB3
RβB3

+ TB3B4gβB3
(
yβB3

)+ TB3A1gβA1
(
yβA1

)+ IβB1

τβB4
dyβB4

dt = − yβB4
RβB4

+ TB4B3gβB4
(
yβB4

)+ TB4A1gβA1
(
yβA1

)
+TB4A2gβA2

(
yβA2

)+ IβB2

(14)

where the meanings of parameters τ , y , and so on are the same as in Eq. (2). The subscript β indicates
that the layer of the neuron belongs to the rhythm generator, as shown in Fig. 4.

Second, the pattern generators of each leg are expanded, as shown in Fig. 4. Here, legs A and B are
used in an example to build the mathematical model:⎧⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

τγ A
dyγ A

dt = − yγ A
Rγ A

+ TAeA1gβA1
(
yβA1

)+ TAeA2gβA2
(
yβA2

)+ Iγ A

τθA
dyθA

dt = − yθA
RθA

+ TAfA2gβA2
(
yβA2

)+ TAfA1gβA1
(
yβA1

)+ IθA

τγ B
dyγ B

dt = − yγ B
Rγ B

+ TBeB3gβB3
(
yβB3

)+ TBeB4gβB4
(
yβB4

)+ Iγ B

τθB
dyθB

dt = − yθB
RθB

+ TBfB4gβB4
(
yβB4

)+ TBfB3gβB3
(
yβB3

)+ IθB

(15)

where the meanings of parameters τ , y, etc., are the same as in Eq. (2). The subscripts γ and θ indicate
that the layer of the neuron belongs to the pattern formation, and the subscripts e and f represent the
extensor and flexor, respectively.

When walking in real environments, every layer of the H-CPG neural network must receive envi-
ronmental feedback information. Therefore, it is necessary to add feedback items to each established
neuron model. Here, leg A is used as an example to illustrate the sensing information and structure
of each neuron. First, external feedback adjustment terms IβA1, IβA2 are added to the rhythm generator
neurons βA1, βA2.

Figure 5 shows the rhythm generator, which chooses the movement phase after receiving information
regarding contact between the feet and the ground. When the contact information is zero, the system
determines that the robot is off the ground and switches to the swing phase. When the contact information
exceeds a preset threshold, the system determines that the robot is in the phase of touchdown. The
feedback terms IβA1, IβA2 are expressed as

{
IβA1 = (

1 + ekβA1(�c1−xc)
)−1

IβA2 = (
1 + ekβA2(xc−�c2)

)−1 (16)

where xc is the value of the contact force between the foot and the ground, �ci is the threshold of sensor
information, and kβi is the interaction strength of the feedback. The meanings of the other parameters
are the same as those in Eq. (1).

Then, external feedback adjustment terms Iγ A, IθA, Iγ B, and IθB in the corresponding pattern gener-
ator neurons γA, θA, γB, and θB are established. Figure. 5 shows the pattern generator, which chooses
the movement behavior and sequence after receiving the body attitude information. When the robot
is in a slope environment, the body produces a significant tilt angle, which breaks through the pre-
set threshold of the pattern generator to further generate a new timing signal so that the system can
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Figure 6. The timing simulation of the H-CPG for biped walking.

determine that the robot is on a slope and sends a modulation instruction. The feedback terms Iγ A, IθA are
expressed as ⎧⎪⎨

⎪⎩
Iγ A =

(
1 + ekγ A(�γ A−kp·|θpitch|))−1

IθA =
(
1 + ekθA(�θA−kp·|θpitch|))−1 (17)

where θpitch is the tilt angle of the robot body in the x − z plane. The meanings of the other parameters
are the same as those mentioned above. kp is the intensity of the robot body angle sensing information.
The feedback terms of Iγ B, IθB are similar to those of leg A.

3.4. The timing simulation of the H-CPG for biped walking

The core idea of the H-CPG model constructed for the workspace of the humanoid robot is to divide the
motion sequence of legs using the state sensing information and evaluate the state of motion to adjust
the CoM trajectory and the foot trajectory with the output signal.

First, in the rhythm layer, the rhythm generator receives pressure sensor information, generally peri-
odic signals. Figure 6(a) shows the pressure value of the robot walking on the ground; the contact force
is a sinusoid-like signal. Due to environmental disturbances and the jitter of the robots self-generated
movement, the signal may contain aliasing signals such as sawtooth signals. In some cases, directly
evaluating the movement state may cause severe errors.

Using the rhythm generator, the contact force information of the robot can be transformed into a
standard periodic rectangular wave, which reflects the anti-interference ability of the neuron model.
The output of the rhythm generator is shown in Fig. 6(b). An output of 1 indicates that leg A is in the
supporting state, and an output of 0 indicates that leg A in the swinging state.

The pattern generation layer receives the body inclination information. Based on the periodic output
of both feet in the rhythm layer, the pattern layer further outputs timings that indicate periodic swings
of the two feet on the slope, which shows the sequence discrimination effect of the H-CPG. Figure 6(c)
shows the plantar pressure curve of the robot from the ground to uphill for a process with significant
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Figure 7. Output of the pattern generator of the H-CPG from flat terrain to up slope terrain.

Figure 8. Modulation mechanism of the workspace CPG-based method.

disturbance. Figure 6(d) shows the curve of robot body inclination in the process from flat terrain to
up-sloping terrain.

The output signal of the pattern generation layer under such a body attitude input is shown in Fig. 7.
As can be observed, the multilayer CPG not only shows favorable anti-interference ability, but also con-
verts the plantar pressure sawtooth waveform into a standard rectangular timing waveform to facilitate
subsequent direct use of the signal. Furthermore, the rhythm generator and the pattern generator receive
corresponding signals in sequence to address the effect of multi-sensor information, which not only
maintains the output characteristics of the upper layer but also loads the lower layer information.

3.5. Workspace trajectory generator

The overall modulation mechanism structure is shown in Fig. 8. Using the state pattern of the leg
movement timing output by the pattern generator, the advanced and delayed attitude of the CoM in
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Figure 9. Influence of a robots encounter with terrain on the CPG output.

the workspace, the speed rhythm of the landing, and the landing are adjusted to realize the closed-loop
adaptive interaction between the robot and the environment.

(1) CoM trajectory generation and modulation: A 3D linear inverted pendulum model (LIPM) is used
to plan the CoM motion of the robot to generate a stable periodic gait. The position and velocity of the
CoM, relative to the origin of the inverted pendulum, are given by

x(t) = x0 cosh (kt) + ẋ0
1
k

sinh (kt) (18)

ẋ(t) = x0k sinh (kt) + ẋ0 cosh (kt) (19)

where k = √
g/h, g is the gravitational acceleration, h is the height of the CoM above the ground, and

x0 and ẋ0 are the position and the velocity of the CoM relative to the origin of the inverted pendulum at
t = 0, respectively.

Feedback loops are designed to make the CoM move forward along the slope and to reduce the step
length during up-slope walking to maintain motion stability. In this work, the body attitude state θpitch
is used as input sensory information to the trajectory generator to generate slope-adaptive trajectories.

Figure 9 shows that according to the presented feedback path, the robot adopts the output of its various
layers as the standard timing modulated signal when crossing the terrain. Thus, using the output signals
of the pattern formation layer, according to the state of the robot for an upward and downward slope, an
online compensation strategy is designed as follows:

CoMx_new =
⎧⎨
⎩
{

CoMx + Feed, θpitch > 0, PF_uθ = 2
CoMx − Feed, θpitch < 0, PF_uθ = 2

CoMx, PF_uθ = 0
(20)

Considering that the main change the robot detects during the uphill and downhill movement is the
body attitude angle in the y direction and that the attitude angle in the x direction changes only minimally,
the design strategy of the feedback via CoM trajectory is as follows:

Feed = Kfeed × θpitch_DC, Kfeed > 0 (21)

where Kfeed is the feedback gain of the feedback term in the CPG model, and θpitch_DC is the filtered body
posture angle.

(2) Foot trajectory modulation: The output signal of the pattern generator is used to evaluate the
walking terrain. If the terrain is uphill, the sensory feedback is used to adjust the interpolation ratio
of the swing foot trajectory, thus generating adaptive movements that raise the feet slowly and settle
quickly. When a downhill is detected to generate adaptive movements that raise feet quickly and settle
slowly, the opposite strategy is used. The adjustment policy model is expressed as⎧⎨

⎩η =
{

0.5 + Kη · θpitch, PF_uγ = 2
0.5, PF_uγ = 0

up = η · stepLen
(22)
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Figure 10. Foot trajectory modulation. (a) Foot trajectory when walking uphill. (b) Foot trajectory
when walking on flat terrain. (c) Foot trajectory when walking downhill.

where stepLen is the overall frame of the foot trajectory and up is the frame of an upward foot. Using
the body tilt θpitch to adjust the duty cycle η and to ensure the generation of a reasonable allocation of
frames of the upward and downward feet, the adjustable can be expressed as

θ =
{

step · π/up, step <= up
π + (step − up) · π/ (stepLen − up) , step > up (23)

where step is the interval per frame. According to the distribution of the number of points to determine
the rolling angle of each frame, to generate the speed of the foot lift, the cycloid trajectory is expressed as

{
Px = a (θ − sin (θ))

Pz = a (1 − cos (θ))
(24)

According to the cycloid equation, Fig. 10 shows the selected simulation examples of foot trajectories
when walking uphill, on flat terrain, and downhill, when going up the slope, the foot raises slowly and
falls quickly, while when going down the slope, the foot raises quickly and falls slowly, and in the middle,
the foot passes smoothly, which shows a good adaptability to the environment, and demonstrates the
effectiveness of frame modulation according to feedback information.
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Figure 11. The robot platform. (a) NAO robot. (b) ODE-based simulation environment.

Figure 12. Simulation experiment results of walking up and down a slope with body attitude feedback.
(a) Side view screenshots of the simulation experiment. (b) Body attitude during sloped terrain walking.
(c) Modulated CoM trajectory during sloped terrain walking. (d) ZMP distribution in the y direction
during sloped terrain walking.

4. Simulations and experiments
Simulations and real robot experiments are setup using the humanoid NAO platform (Fig. 11(a)).

NAO has 26 degrees of freedom. Simulations are conducted using the Webots simulation platform as
shown in Fig. 11(b).

4.1. Experiment on a simulated humanoid robot

A slope (10 degree) adaptive walking simulation experiment was conducted for 56 s. The gait pattern
can be adjusted autonomously to realize uphill and downhill walking. Figure 12(a) shows side view
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Figure 13. Side view screenshots of the simulation experiment.

Figure 14. The experimental data of the robot corresponding to Fig. 13. (a) The body posture angle of
NAO robot. (b) ZMP of NAO in y direction.

screenshots of the simulation experiment. Figure 12(b) shows θpitch, which represents the changes of
the body attitude of NAO. As shown in Fig. 12(c), coupled with the θpitch, the position of CoMx and
the walking patterns with adaptive step length can be adaptively modulated. Figure 12(d) shows the
distribution of the ZMP during sloped terrain walking. The whole slope adaptive walking simulation
experiment experienced five stages: flat, uphill, flat, downhill, and flat. In the uphill process (about frame
300 to frame 1000), the body attitude of the robot (Fig. 12(b)) becomes larger when compared to the
flat stage (about frame 0 to frame 300), our controller adjusts the CoM trajectory (Fig. 12(c)) according
to the feedback and make it more forward to keep the robot in balance. Accordingly, this change also
affects the ZMP trajectory (Fig. 12(d)), trying to make a larger step. On the contrary, the θpitch decreased
in the downhill process (about frame 1900 to frame 2000), so that our controller try to set the CoM more
backward to avoid falling. With the effect of the proposed controller, the NAO robot is able to maintain
stability and satisfactory stability margins.
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4.2. Real robot experiment

One experiment was conducted to test the robots performance without prior knowledge of the walking
terrain. The experiment allowed the robot to walk over three stages of an inclined terrain (approximately
slopes with 6◦), and the connected stage consisted of flat terrain. The walking surface was an elastically
deformable platform, and the friction coefficient between the feet and the walking surface was not large
enough to avoid slippage. Every step of NAO on the platform could cause the walking surface to deform,
and slippage could occur. During the inclined terrain walking, the body attitude-based feedback paths
were used to adjust the generated CoM and foot trajectories automatically. The experiment snapshots
are shown in Fig. 13 and the corresponding datas of Fig. 13 are shown in Fig. 14.

The differences between Webots simulations and real experiments are due to the measurement noise,
offset, and robot model uncertainties, including joint compliance and the slip between the feet of
the NAO and the walking surface. The NAO robot showed only a small amount of staggering dur-
ing the terrain transitions. The experiments show that the generated trajectories are applicable and
workable.

5. Conclusions
A novel H-CPG model was developed and applied in the adaptive locomotion control of humanoid

robots in this work. The proposed CPG model was used to modulate the CoM and the online foot tra-
jectory of a humanoid robot to generate various adaptive gait patterns. Using a motion engine, the
characteristics of the workspace were mapped to the joint space. Sensory feedback was exploited to
modulate the generated trajectories in real time for adaptive walking in the absence of a priori knowl-
edge of walking conditions. The developed control strategy was verified using a humanoid robot on
sloped terrains. This work employs the dynamic properties of the presented H-CPG model to develop an
online trajectory generation method. In this method, the H-CPG in the workspace was allocated to gen-
erate trajectories for the robot to simplify the design of the connection weights and feedback pathways.
Moreover, by entraining feedback loops to prevent slippage and overturning, the robot can negotiate
steeper slopes than the conventional control method.

The proposed walking control strategy effectively uses a CPG-inspired workspace trajectory modula-
tor for biped robots to overcome the limitations of the conventional trajectory-based control methods and
the CPG-inspired joint space control methods. This paper demonstrates the potential of the CPG concept
in the study of dynamic walking of biped robots. To achieve adaptability in complex environments, blind
walking is infeasible. In future work, topographical information for robot walking, for example, obsta-
cles, gradient, and surface roughness, should be described in detail. Vision and other sensing information
should be leveraged to sense the environment and integrate the environmental information to improve
the walking capability.
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