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ABSTRACT
Current quadrupedal robot control methods face critical challenges: model-based approaches
require extensive manual parameter tuning, while reinforcement learning (RL) methods demand
prohibitive training time. To promote quadrupedal robot development, simplify motion controller
design, and facilitate robot deployment, this study proposes a novel bio-inspired control scheme.
Specifically, inspired by the differentiated modalities of the animal’s proximal and distal joints, a
multi-model fusion scheme is constructed. First, the hip movement in joint space is obtained by a
central pattern generator(CPG), whereby motion gaits, including trotting and galloping, are gener-
ated by a coupling network. Then, to generate the knee motion, a CPG-driven finite state machine
is first proposed to determine the gait state. On top of this, the spring-loaded inverted pendulum
model is utilized to regulate the knee joint’s torque command. To enhance forward stability and
speed tracking accuracy, this study incorporates online feedback regulation that adjusts both the
CPG frequency and joint oscillation amplitude based on attitude angle and forward velocity informa-
tion. And, a virtualmodel control strategy is designed tomodify the torqueprofile of the knee torque.
To verify the proposed methodology, hardware experiments are conducted on a newly developed
quadrupedal robot. Results demonstrate that (i) the small-sized robot can reach 0.8m/s (2.0 BL/s),
with minimal tracking errors and relatively stable robot postures; (ii) compared with the traditional
casewhere CPG generates both hip and knee trajectory directly, the energy consumption is reduced
by 11.2% with our method; (iii) the robot can realize smooth trot-gallop-trot gait transition on flat
ground and robust walking across uneven terrains.
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1. Introduction

The research on bionic quadrupedal robots has attracted
widespread attention because they have the potential
to accomplish dangerous tasks in harsh environments
[1–3]. Among various research topics, realizing efficient
and robust quadrupedal locomotion is among the prereq-
uisites for deploying the robots in real cases.

The commonly used methods for locomotion con-
trol include model predictive control (MPC) [4–6] and
whole-body motion control [7–9]. Although effective,
the above work requires an accurate physics model. Fur-
thermore, the above work usually relies on numerical
optimization for model planning and control, which
results in a high computational burden. Also, since there
are many optimization parameters that need to be care-
fully tuned, they usually converge to the suboptimal
solution. As an alternative, reinforcement learning (RL)
has emerged as a promising solution in recent years
[10, 11]. Through interaction with the environment, the
control policy can be learned, and dynamic motions

CONTACT Xiuli Zhang zhangxl@bjtu.edu.cn; Jiatao Ding jtdingx@163.com
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can be achieved [12–14]. However, the RL-based meth-
ods require millions of iterations and careful tuning of
rewards. Besides, the sim2real [15] gap (performance
difference between simulation and reality) needs to be
addressed.

To tackle the above issues, researchers have proposed
to learn from nature, among which the central pat-
tern generator (CPG) [16–19] is widely used to gen-
erate rhythmic movements. As a biological neural net-
work with few open parameters, it is able to generate
complex movement behaviour. For quadrupedal loco-
motion, CPG is often utilized to generate swing trajec-
tories (in joint space [20] or task space [21]). In real
applications, feedback signals help to regulate the CPG
to enhance robustness, improve the traversability, and
achieve dynamic motions [22–26].

Nevertheless, the above applications of CPG in
quadrupedal robots usually ignore the stiffness varia-
tion of different joints. Biological studies indicate that
there exist differences in the stiffness of the proximal
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Table 1. Key parameters used in this article.

Parameters Definition Values

m Mass of ‘Feifei’ 5.5 kg
lb Body length 0.4m
wb Body width 0.32m
l1 Thigh length 0.2m
l2 Calf length 0.2m
θhip Hip joint angle /
θ̇hip Hip joint angular velocity /
τknee Knee joint torque /
τhip Hip joint torque /
A Swing amplitude of the hip joint /
A0 The initial value of A 7◦
ox Equilibrium position of the hip joint swing 45◦
lv Virtual leg length /
γ Yaw /
D Duty 0.3∼ 0.8
τz Virtual torque around the Z-axis /
τv Knee joint torque calculated by VMC /
τs Knee joint torque calculated by SLIP /
ωstance Stance phase frequency /
ω0
stance The initial value ofωstance 4π

η The ratio of swing to stance phase frequency D/(1 − D)
ωswing Swing phase frequency ωstance · η
Ts Gait cycle π

ωstance
+ π

ωswing

and distal joints [27–29]. Specifically, the experiments
in [28] reveal that the proximal joints (driven by feed-
forward control) output positive work to promote the
forward movement, while the distal joints (behaving as
a spring-damper system) reduce the landing impact by
absorbing and releasing energy. Furthermore, the proxi-
mal movements with higher stiffness can reject external
disturbance, while the distal motion is easily changed to
accommodate the dynamic uncertainties.

In this paper, we incorporate these biology rules into
the quadrupedal control design, aiming at achieving
robust and energy-efficient locomotion. To this end, the
multi-model fusion (MMF) control scheme is proposed.
As shown in Figure 1, the hip movement is directly gen-
erated by a CPG planner using a Hopf oscillator [30].
Then, the CPG-driven finite state machine (C-FSM) is
designed to modulate the knee movement, on top of
which the spring-loaded inverted model (SLIP) [31] and
virtualmodel control (VMC) [32] are integrated to gener-
ate the compliant knee torque. To enhance robustness, we
regulate CPG behaviour using sensory feedback (attitude
angles and forward velocity) tomodulate bothCPGoscil-
lation frequency and joint movement amplitude. Fur-
thermore, we dynamically adjust: (1) coupling phases
between CPG units, (2) joint equilibrium positions, and
(3) virtual leg lengths in the SLIP model. These coordi-
nated adjustments enable seamless trot-gallop-trot tran-
sitions and adaptive obstacle negotiation on challenging
terrains.

Our main contributions are threefold:

• A CPG network with feedback regulation is intro-
duced to generate reactive hip movement, endowing
the proximal joint with higher stiffness.

• On top of the C-FSM, the SLIP, together with VMC,
is used to generate torque command of the knee joint,
realizing reactive and compliant distal movement.

• Hardware experiments in a newly designed quadruped
demonstrate the stable, robust, and energy-efficient
locomotion with the proposed approach.

In the rest, Section 2 briefly introduces the pro-
posed approach. Section 3 details the bio-inspired MMF
method. Section 4 presents the experimental results, and
Section 5 concludes this work.

2. Overall

The overall flow of the proposed bio-inspired MMF con-
trol is illustrated in Figure 1.

The basic modules (green blocks) of this framework
consist of a CPG and a C-FSM. In particular, the CPG
generates the swing trajectory of the hip joint (denoted
by θhip in Figure 1), whose motion is tracked by a PD
controller. Then, according to the hip’s joint position and
angular velocity, the C-FSM decides whether the leg is in
the stance or swing phases.

Then, knee joint torque control (the blue blocks) is
achieved by fusing two parts. One part is obtained by uti-
lizing the SLIPmodel, which ensures contact compliance,
while the other part is derived from the VMC, which
guarantees postural stability.

Finally, to enhance robustness, feedback control (yel-
low blocks) adjusts the characteristic parameters of the
CPG and the control output of VMC according to the real
state and the task requirements. In this work, we adopt a
Kalman filter-based foot odometry approach [33] to esti-
mate the robot’s state, particularly its forward velocity
and trunk attitude angles. The detailed implementation
follows and will not be elaborated here.

As a preliminary validation, we work with a newly-
design quadruped with 8 actuated joints, including a hip
and a knee joint on each leg. A detailed introduction of
the hardware platform can be found in Section 4.1.

3. Bio-inspiredmulti-model fusion control

In this section, we provide a detailed explanation of how
our framework generates gait, ensures compliance during
the stance phase, and adapts to environmental uncertain-
ties. Without specific explanation, symbols are defined in
Table 1.
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Figure 1. The proposed control pipeline. The CPGgenerates hipmotion (in joint space) directlywhile the C-FSM coordinates knee status.
The sensory feedback (orange) determines parameters for CPG and torque input for VMC. Combining VMC with SLIP, compliant knee
motion is achieved in torque control mode. The operating frequency of the control algorithm is 100 Hz. Other symbols are defined in
Table 1.

3.1. CPG-based gait generation

A CPG network is introduced to generate the proximal
joint motion with high stiffness. In this work, a Hopf
oscillator [30] is used as a basic unit of the CPG network,
but we reduce the coupling strength to simplify computa-
tion. With symbols defined in Table 2, the hip movement
is generated by

ẋ = α(μ2 − r2)x − ωy,

ẏ = δ(μ2 − r2)y + ωx,

ω = ωstance(eby + η)

eby + 1
,

r2 = x2 + y2.

(1)

In Table 2,ϕi
0 denotes the phase difference between the

i-th (i ∈ {1, . . . , 4}) oscillator and the reference oscillator
(No. 0). The indices i = 1, 2, 3, 4 denote the left front leg
(LF), right front leg (RF), left hind leg (LH), and right
hind leg (RH), respectively. The CPG coupling network,
which includes both ϕi

0 and the phase difference between
the left and right legs (denoted as ϕLR) is depicted in
Figure 2. In particular, the coupling relationship between

Table 2. Parameters of the Hopf oscillators.

Parameters Definition Values

x, y Output of the oscillator −1 ∼ 1
μ Amplitude of oscillator 1
α The convergence factor of x 3
δ The convergence factor of y 3
b Constant of integration 100
e Natural exponential 2.7183
k Coupling factor 1
r Limit cycle radius 1
ω Oscillator frequency /
ϕ0
i Phase difference /

ϕLR Left-right leg phase difference /

Hopf oscillators is defined as

ẋ0 = α(μ2 − r20)x0 − ωy0,

ẏ0 = δ(μ2 − r20)y0 + ωx0,

ẋi = α(μ2 − r2i )xi − ωyi + k(x0 cos ϕi
0 − y0 sin ϕi

0),

ẏi = δ(μ2 − r2i )yi + ωxi + k(x0 cos ϕi
0 + y0 sinϕi

0).
(2)

However, the desired trajectory generated by (2) can
be counterintuitive due to the constrained output sig-
nal within a narrow range. In this work, we opt to scale
and translate the CPG initial output value to achieve an
appropriate trajectory for the hip joint of the i-th leg,
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Figure 2. Gait generation based on ϕ i
0 and ϕLR. For the trot

gait, [ϕ1
0 , ϕ

2
0 , ϕ

3
0 , ϕ

4
0 ] = [0,π ,π , 2π ], ϕLR = π , and ϕ2

0 = ϕ1
0 +

ϕLR, ϕ4
0 = ϕ3

0 + ϕLR. xi and yi can be used to generate the swing-
ing trajectories of the hip and knee joints. In this work, only the
hip trajectory (generated by xi) is utilized.

following

θ ihip = Axi + ox. (3)

To intuitively understand the relationship between CPG
behaviour and hip joint trajectories, Figure 3 presents an
example plotted according to (3), where A and ox are set
to 10◦ and −45◦, respectively.

To track the desired speed, ωstance is regulated online
by

ωstance = ω0
stance + kω(vd − vx), (4)

where kω, vd, vx are the coefficient, the desired speed and
the actual speed, respectively.

Another advantage is that the above CPG-based
model enables smooth gait transitions by adjusting
the coupling phase. For example, the phase differ-
ences for trot and gallop gaits are [ϕ1

0 , ϕ
2
0 , ϕ

3
0 , ϕ

4
0] =

[0,π ,π , 2π] and [0,π/2,π , 3π/2], respectively. The
transition between trot and gallop is controlled by the
phase shift between the left and right legs, following,

ϕLR = ϕ0
LR + χ

π

2tp
(t − ts), (5)

where ϕ0
LR is the initial phase difference, which depends

on the gait prior to the transition. χ represents the con-
version direction, with a value of 1 indicating a transition
from gallop to trot and −1 indicating a transition from
trot to gallop. tp, t, and ts denote the conversion duration,
the current time, and the start time, respectively.

Table 3. Parameters such as stiffness and damping in the SLIP
model.

Phase Stifness[N/m] Damping[Ns/m] Fthrust[N]

Flight 60 0.6 /
Compression 80 0.8 0
Thrust 100 1 5

3.2. SLIP-based compliance control

Inspired by the low stiffness property and high stance
compliance found in the distal joints of animals, we
employ a simplified SLIP model, which focuses solely
on the compression and extension control of the virtual
spring-loaded leg in quadrupedal robots, to regulate the
torque profile of the knee joint. Within this model, the
leg states are intricately coupled with the swing trajec-
tory of the hip joint and can be categorized into three
phases: flight, compression, and thrust [17–19]. As illus-
trated in Figure 4, when the angular velocity of the hip
joint is negative, i.e. θ̇hip < 0, the single leg is in the swing
phase. Conversely, when the angular velocity is positive,
the leg switches into the stance phase. When touching
the ground, if the hip joint is positioned before the equi-
librium point (θhip < ox), the leg enters the compression
phase. Otherwise, if the hip joint is positioned beyond the
equilibrium point, the leg enters the thrust phase.

After determining the leg status, the SLIP model is
used to achieve compliant motion, whereby the spring
force (Fs in Figure 5) is regulated online by incorporat-
ing sensory feedback. As illustrated in Figure 5, during
the stance phase, the spring force is determined by

Fs = kps (lv − l0s ) + kds l̇v + Fthrust. (6)

During the swing phase, we have

Fs = kpf (lv − l0f ) + kdf l̇v. (7)

In (6) and (7),Fthrust is the supplementary thrust, which is
zero during the compression phase and is adjusted dur-
ing the thrust phase. kps , kds , k

p
f , and kdf are the stiffness

and damping coefficients for the stance and swing phases,
respectively, as shown in Table 3. Their values are man-
ually adjusted based on experimental results to optimize
performance [31]. lv, calculated through kinematics, rep-
resents the distance between the foot and the single-leg
coordinate origin. l̇v denotes the change rate of lv. The
initial values of lv in the stance and swing phases are set
as l0s and l0f , respectively, which are manually adjusted.

To obtain the desired torque for the knee joint, Fs is
first decomposed into

Fx = Fs sin(θhip − θvir),

Fz = Fs cos(θhip − θvir),
(8)
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Figure 3. The CPG behaviour is mapped to the hip joint trajectory signals. Taking the LF and RF legs in the trot gait as examples, the
dashed line represents the hip joint’s equilibrium position–the midpoint between the anterior and posterior extreme positions. The
initial value of the trajectory signal in the figure is in an unstable state, which is caused by the inconsistency of the initial states of the
oscillator signals. However, it can converge to a stable signal in a short time and will not affect the subsequent movement.

Figure 4. Phase switch via the C-FSM. The blue dashed line indicates the equilibrium position of the hip joint, while the red solid line
represents the actual hip position.

where Fx and Fz are separately the forward and vertical
forces, θvir is the angle between the virtual leg and the
thigh (see Figure 5).

Then, the leg torque τ l ∈ R
2 resulting from the SLIP

model is determined by

τ l = −JTF, (9)

with F = [Fx, Fz]T, τ l ∈ R
2 is the joint torques and J ∈

R
2×2 is the contact Jacobian. Here, we only use the knee

component, denoted as τ s in Figure 1.
Note that, in the SLIP model, the lift height during

the swing phase is adjusted according to the expected
length of the virtual leg l0f . It should be noted that the
height of the obstacle is measured in advance and known.

As illustrated in Figure 6, when walking across step-like
terrain, l0f is set to l̂0f according to the obstacle height,
and the hip joint balance position ox is adjusted to ôx to
lower the body height. These changes improve the robot’s
traversability across obstacles.

l̂0f = l0f −
(l0f − l̂0f )

tds
t,

ô0x = o0x − (o0x − ô0x)
tds

t,

(10)

In (10): l0f and o0x are the initial desired virtual leg length
for swing phase and the hip joint equilibrium position;
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Figure 5. I and II represent the stance phase and the swing phase, respectively. The orange line represents the original length of the
virtual leg, while the purple one represents the actual virtual leg length. The green arrow indicates the supplementary thrust force Fthrust.

Figure 6. Lift height modulation when walking across uneven terrain. The dotted lines represent the normal operating state, and the
solid lines represent the state that is more likely to pass obstacles. ôx and l̂0f are the modulated balanced position of the hip joint and the
expected swing virtual leg length, which are changed according to the actual height of the obstacle.

l̂0f and ô0x are the adjusted virtual leg length during the
swing phase and the joint equilibrium position when fac-
ing obstacle terrain, with values of 0.255m and −50◦
respectively in the experiment; tds is the desired transi-
tion time, with a value of 0.4 s, and t is the starting time
point for the transition.

3.3. Posture stability control

To realize fast walking while maintaining a stable pos-
ture, this section designs a direct feedback control strat-
egy utilizing motion information obtained through state

estimation. To this end, several factors are taken into
consideration.

3.3.1. VMC
This robot lacks a lateral swing joint and thus can not
directly regulate yaw behaviour when yaw deviations
occur. To solve this issue, we utilize VMC to adjust
the robot’s posture angle. The torque command for yaw
reduction is generated by

τz = kγ (γd − γ ). (11)

where kγ is the coefficient, γd is the desired yaw angle.
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Figure 7. The robot trots with the LF and RH legs in the stance phase and the RF and LH legs in the swing phase.

The trotting motion depicted in Figure 7 shows that
the vertical foot along the Z-axis direction aligns with the
ZB-axis. Consequently, only the component of the reac-
tive force along the X axis contributes to the virtual yaw
moment. To assign τz to the foot end force, we intro-
duce an adjustment factor s that allows for the regulation
of the force distribution ratio between the left and right
legs. Taking the Figure 7 for example, the foot end force
is regulated as

LFFx = 2τz
wb

· 1
s
, LFFyaw = [LFFx, 0]T ,

RHFx = 2τz
wb

· s − 1
s

, RHFyaw = [RHFx, 0]T .
(12)

where LFFx and RHFx are the sagittal force in the LF and
RH legs, LFFyaw and RHFyaw are the yaw reduction forces
in the LF and RH legs.

By substituting Fyaw into (9), the posture adjustment
torque τv is obtained through the mapping of J.

Ultimately, the knee joint torque τknee is determined
as

τknee = τs + τv. (13)

3.3.2. Hip joint amplitude
To reduce yaw while tracking the desired speed, wemod-
ulate the swing amplitude, following

A = A0 + δkA(γd − γ ) + kb(vd − vx), (14)

where kb is the coefficient for velocity tracking, kA is the
coefficient for yaw reduction. Here, δ is 1 for the left leg
and −1 for the right leg.

4. Experimental results

To demonstrate the effectiveness, we conducted exper-
iments on the quadrupedal robot ‘Feifei’, whose phys-
ical parameters are detailed in Table 1. The exten-
sive experiments include stable and efficient locomo-
tion, speed tracking, gait transitions, and walking across
uneven terrain. All the experiments can be found at
https://youtu.be/EglSolXh5CM.

4.1. Robot system

‘Feifei’ is fabricated with Aluminum alloy and offers 8
DOFs. Thanks to its efficient joint drive system, which
utilizes MX-106 servos, position and torque commands
can be executed simultaneously by two actuators on each
leg. Additionally, the system provides information on
the joint position, and electrical current. The control
algorithm runs at 100Hz on the Raspberry Pi 4B, com-
municating with the servos via the STM32 microcon-
troller. A physical prototype of ‘Feifei’ is illustrated in
Figure 8.

4.2. Stable and efficient walking

To start with, we verify locomotion performancewith dif-
ferent walking parameters. In particular, we compare the
proposed MMF control approach with the conventional
CPGmethod [30], where all joint trajectories are directly
generated by oscillators without the VMC feedback reg-
ulation described in Section 3.3.1.

With the traditional CPG method, the swing ampli-
tude of the robot’s hip joint was set to 8◦, and the knee
joint amplitude was 16◦–values empirically determined
through iterative hardware testing to ensure stability
within the operational parameter range. The knee joint

https://youtu.be/EglSolXh5CM
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Table 4. Parameters setting of CPG and MMF in walking experiments.

Method Hip amplitude [◦] Knee amplitude [◦] Virtual leg length [m] ωstance [rad/s]

CPG 8◦ 16◦ / 4π , 5π , 6π
MMF 8◦ / 0.3m in stance phase 0.26m in swing phase 4π , 5π , 6π

Figure 8. The quadrupedal robot ‘Feifei’.

swing amplitude in CPG theoretically approximates the
variation range of virtual leg length in stance and swing
phases of MMF. The MMF method does not directly
specify the swing amplitude of the knee joint. Instead, the
desired swing angle of the knee joint is indirectly deter-
mined by setting the desired virtual leg lengths in the
stance phase and swing phase. According to the lengths of
the thigh and shank, as well as the virtual leg length, the
desired angles of the knee joint in the stance phase and
swing phase are calculated using the Law of Cosines to be
97.18◦c and 81.08◦, respectively. The resulting knee joint
swing amplitude is exactly 16.1◦, which corresponds to
the CPGmethod in Table 4. Based on this, we performed
multiple sets of experiments at various swing frequen-
cies and duty cycles. For simplicity, we evaluate the yaw
motion, as the roll and pitch exhibit similar behaviour.
As illustrated in Figure 9, the MMF method demon-
strates better stability, i.e. with less yaw, due to the direct
feedback regulation. Furthermore, when the deviation
occurs, our method effectively corrects it, bringing the
yaw angle back to zero. In contrast, the traditional CPG
method tends to diverge. To qualitatively demonstrate the
stability advantages ofMMF,multiple sets of experiments
with different joint amplitudes and swing frequencies
were conducted. Each group of experiments in Table 5
was repeated 2 times with a duration of 8 seconds, where
the desired yaw angle was consistently 0◦. The mean and
mean squared error (MSE) of yaw were calculated, and
the results are presented in Table 5. Notably, when the
swing frequency was 5π , both the mean value and MSE
of the yaw angle for MMF were smaller than those for

Table 5. At a duty cycle of 0.5, mean and MSE of yaw under
different CPG and MMF parameters.

Method Joint amplitude ωstance Mean MSE

CPG h = 6◦ , k = 12◦ 4π 0.055 0.005
MMF h = 6◦ 4π 0.005 0.001
CPG h = 8◦ , k = 16◦ 4π 0.028 0.001
MMF h = 8◦ 4π −0.025 0.002
CPG h = 10◦ , k = 20◦ 4π −0.015 0.001
MMF h = 8◦ 4π −0.063 0.005
CPG h = 6◦ , k = 12◦ 5π 0.103 0.015
MMF h = 6◦ 5π 0.054 0.004
CPG h = 8◦ , k = 16◦ 5π 0.113 0.021
MMF h = 8◦ 5π −0.096 0.012
CPG h = 10◦ , k = 20◦ 5π −0.059 0.004
MMF h = 10◦ 5π 0.025 0.002
CPG h = 6◦ , k = 12◦ 6π −0.001 0.001
MMF h = 6◦ 6π −0.146 0.029
CPG h = 8◦ , k = 16◦ 6π 0.125 0.023
MMF h = 8◦ 6π −0.204 0.051
CPG h = 10◦ , k = 20◦ 6π 0.070 0.009
MMF h = 10◦ 6π −0.108 0.013

traditional CPG. Consequently, the swing frequency was
set near 5π in subsequent experiments.

Additionally, the robot using the naive CPG method
exhibited a foot-dragging phenomenon in the locomo-
tion (see Figure 10), resulting in lower forward speed
and higher landing impact. Although parameter tuning
of the CPG could theoretically mitigate this issue, such
adjustments demonstrated limited effectiveness in our
robotic platform due to inherent hardware constraints.
As a result, the real forward speed of MMF is signif-
icantly faster than that of CPG when using different
swing frequencies and amplitudes. For example, when
the duty cycle is 0.5, compared with CPG, the speed can
be increased by at least 10%. Notably, this performance
gap amplifies proportionally with higher oscillation fre-
quencies. The velocity profiles are compared in Figure 11.

In addition to stable walking, we also compare the
energetic performance and knee joint compliance when
using the above two methods. To this end, we conducted
trotting experiments involving a forward movement of
2m, repeating three times with ωstance = 5π , A0 = 8◦,
D = 0.5. In this study, we calculated the average output
power and energy consumption by utilizing the mea-
sured joint torque and angular velocity, and computed
the average input power using measured voltage and cur-
rent values. The average energy consumption is reported
in Table 6, showing that the MMF method achieves an
average reduction of 11.2%. The energy reduction is
attributed to the SLIP control of the knee joint, which
effectively mitigates foot-dragging on the ground by
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Figure 9. Yaw behaviour with different methods under different parameters. ‘h’, ‘k’, and ‘D’ denote the hip amplitude, knee amplitude,
and duty cycle, respectively. (a), (b), and (c) plot the real yaw angles with ωstance being 4π , 5π , and 6π , respectively.

Figure 10. The traditional CPGmethod causes the foot to drag on the ground. (a) The LF leg should be lifted now. (b) The RF leg should
be lifted now.

prescribing a desired virtual leg length. Additionally,
its compliant force contributes to reducing foot-ground
impact.

Since there are no foot force sensors on the robotic
platform, we validated our method’s distal compliance
using the actual torque of the knee joint, as illustrated in
Figure 12. As can be seen, when the robot’s leg moves
from the swing phase to the stance phase (when the
‘state’ plot jumps from 0 to 1), the foot makes contact
with the ground, causing fluctuation in the torque at

the knee joint. Notably, while the MMF method gener-
ally produces lower knee joint torque during the stance
phase, the higher torque observed in the MMF swing
phase is a normal phenomenon: it arises because the SLIP
model calculates knee torque based on virtual leg length,
and the large deviation between the desired position
and the current position at the initial swing phase trig-
gers this transient increase. This characteristic of MMF
contributes to its enhanced obstacle traversal capability,
as the greater torque during the swing phase facilitates
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Figure 11. Real forward speed when using different methodologies. (a), (b) and (c) show the results withωstance being 4π , 5π , and 6π
respectively.

Table 6. The average energy consumption of forward trotting.

Method Movement time [s] Consumption [J] Output power [W] Input power [W]

CPG 6.03 711.5 8 118
MMF 5.03 593.5 9.5 118

more effective leg lifting. However, the MMF method
produces lower knee joint torque compared to the CPG
method, as shown in the highlighted areas. The CPG-
based FSM is fundamentally similar to traditional time-
series state machine switching in quadruped robots, as
CPG trajectory generation functions include time vari-
ables with phase coupling between oscillators. Since C-
FSM’s single-leg motion states are also time-dependent,
tracking errors inevitably occur. For instance, when C-
FSM dictates a transition from swing to stance phase,
motor delays or body vibrations can disrupt foot place-
ment, causing delays in actual state transitions.

4.3. Velocity tracking

To evaluate the velocity tracking performance, we con-
trolled the robot to follow a step-velocity profile. As
shown in Figure 13(a), the desired velocities (red line)
at 0 to 4 s, 4 to 8 s, and 8 to 12 s were 0.6m/s, 0.7m/s,
and 0.8m/s, respectively. It can be observed that the robot
(blue curve) is capable of adapting to the velocity vari-
ation within a short period and achieving a small static
error. Figure 13(b–d) respectively show the joint swing
frequencies, LH joint amplitude, and RH joint amplitude.
In addition, Figure 13(e) demonstrates that the roll and
pitch angles are well-controlled between −0.05 rad and
0.05 rad throughout the process.

The results demonstrate that ‘Feifei’ is capable of
steadily trotting at a speed of 0.8m/s (2 BL/s, where BL
denotes Body Lengths per second). Given the relatively
small leg size of the robot, this achieved speed is notable.
The detailed motion can be found in the attached video.

4.4. Gait transition

Due to the utilization of CPG, our MMF method can
easily realize gait transitions by adjusting the phase

difference ϕLR between the left and right legs (as shown
in (5)). Gait transition is crucial for animals when accel-
erating to chase prey. Figure 14 shows the transition from
trot to gallop and back to trot.

The phase differences for trot and gallop are repre-
sented asϕtrot = [0,π ,π , 2π] andϕgallop = [0,π/2,π , 3π
/2], respectively. The phase of the hip joint reflects the
gait transition process, as shown in Figure 15. Due to
the online adjustment in the yaw motion and ground
shocks in the position loop, the tracking performances
of the left and right joint angles are different. However,
the phase variations of the left and right legs conform to
expectations.

4.5. Walking across uneven terrain

This section evaluates the adaptability of the MMF to
uneven terrain by adjusting the equilibrium position of
the hip joint and the virtual leg length to accommodate
the actual height of the obstacles. In the experiment, the
obstacle height was approximately 2 cm and pre-known.
The middle equilibrium position of hip joint swing and
the virtual leg length of the knee joint inMMFwereman-
ually adjusted according to the actual obstacle height to
cross the obstacle. As illustrated in Figure 16, the naive
CPGmethod, without adjusting the equilibrium position
and the virtual leg length, becomes obstructed by obsta-
cles, while theMMFdemonstrates stronger traversability.
The same adjustment idea cannot achieve the same effect
in the CPG method, as the front legs dragging on the
groundmake it difficult for the robot to cross the obstacle.

Figure 17 details the locomotion trajectories with the
change in the equilibrium position. As shown in Figure
17(a,b), the equilibrium position of the robot’s hip joint
is adjusted to stabilize the robot, as it helps lower the
center of mass. Additionally, during the swing phase,



ADVANCED ROBOTICS 11

Figure 12. The actual knee joint torque of the LF leg. The yellow line indicates the leg’s phase state, where a value of 1 represents the
stance phase and a value of 0 represents the swing phase.

the virtual leg length decreases, as illustrated in Figure
17(c,d). At 2.5 s, the robot steps onto the platform, which
causes significant fluctuations in its posture, as can be
seen in Figure 17(e). The black dashed lines indicate the
moments when the robot steps onto and leaves the plat-
form. Additionally, between 3 and 6 s, the robot’s roll
angle reaches the maximum (0.14 radians), while the
pitch reaches −0.15 radians. This adjustment causes the
robot’s center of gravity to shift toward the right hind
leg, leading to a pronounced compression of the virtual
leg length for that leg, as illustrated in Figure 17(d). After
6 s, the robot passes across the platform, and its posture
gradually stabilizes.

5. Discussion

The proposed bio-inspired multi-model fusion (MMF)
control scheme effectively addresses the limitations of
traditional CPG-based approaches by integrating bio-
logical insights into robotic locomotion. By distin-
guishing the roles of proximal (hip) and distal (knee)
joints–modelling the hip as a high-stiffness actuator

driven by CPG and the knee as a compliant component
regulated by SLIP and VMC–the framework achieves
a balance between stability and energy efficiency. The
hardware experiments validate thatMMF reduces energy
consumption by 11.2% compared to conventional CPG
methods, primarily due to the SLIP model’s ability to
mitigate foot-dragging and impact forces during stance
phases [31].

In the method, the C-FSM determines the movement
phase of a single leg based on the hip joint trajectory
signals generated by the CPG. This provides a switch-
ing mechanism for the knee joint’s force control model,
enabling the dynamic generation of knee joint torque
commands for the single leg. While the C-FSM coordi-
natesthemovement of a single leg in a simple and effective
manner, it also has instability issues. For example, there
is a delay between the real stance phase and the stance
phase determined by the C-FSM.

The online feedback regulation of CPG frequency and
joint amplitude based on velocity and attitude angles
demonstrates the method’s adaptability to dynamic envi-
ronments. For instance, the robot maintains stable yaw
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Figure 13. Velocity tracking performance: (a) Step speed following. (b) Swing frequency of the hip joint in the stance phase. (c) Hip angle
of the LH leg. (d) Hip angle of the RH leg. (e) Body orientation.

angles within ±0.05 rad during speed tracking up to
0.8m/s, a performance attributed to the VMC’s correc-
tive torque (12) and the CPG’s phase adjustment mech-
anism (14). However, MMF has certain limitations and
can only exhibit amore stablemotionmodelwithin a spe-
cific parameter range. For example, as shown in Table 5,
MMF does not outperform the traditional CPG under all
parameters.

Applying the SLIP model solely to the control of the
knee joint offers two key advantages. Firstly, it enables

the adjustment of the leg-lifting height via the desired
virtual leg length, which not only enhances the robot’s
obstacle-crossing capability (as shown in Figure 16) but
also reduces the impact force between the foot and the
ground through the model’s compliance. This compli-
ance, in turn, improves the robot’s locomotion efficiency,
as evidenced in Table 6.

In this paper, we adopt a multi-model fusion strategy
combiningCPG-driven proximal joints with SLIP/VMC-
controlled distal joints. Compared with the open-loop
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Figure 14. Gait transition with the ‘FeiFei’ robot. (a) and (j) are trotting. (b) and (c) are the transition from trotting to galloping. (d) ∼ (g)
Galloping. (h) and (i) are the transition from galloping to trotting. Red curves mark the LF and RH legs, while green curves mark the RF
and LH legs. Solid curves indicate the stance phase, and dashed curves indicate the swing phase. The orange arrow marks the walking
direction.

Figure 15. The actual angles of the hip joints of the four legs. (a) Front legs; (b) Hind legs. The gait transition process lasts for 11 seconds
and the figure is accordingly divided into 5 regions.

Figure 16. Walking crossing stepped terrains. (a) With CPG, the robot fails to step onto the platform, as indicated by the red arrow. (b)
With MMF, it can smoothly walk across uneven terrains. The orange arrowmarks the walking direction.
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Figure 17. Locomotion trajectory for walking across uneven terrain. The blue arrow in (a)∼ (d) indicates the trend of changes in the
parameters. (a) and (b) plot the hip angles of LH and RH legs. (c) and (d) plot the virtual leg lengths of LH and RH legs. (e) plots the body
orientation of the robot.

CPG control [1], our approach incorporates sensor
feedback and torque control, thereby improving stabil-
ity and energy efficiency in complex environments. Fur-
thermore, this study demonstrates intrinsic consistency
with Geyer et al.’s concept of ‘muscle reflexes encod-
ing legged mechanics principles’. Geyer et al. showed
that local reflexes can effectively integrate mechani-
cal stability and environmental adaptability by achiev-
ing stance leg compliance and swing leg coordina-
tion in human walking through positive force feed-
back (F+) and length feedback (L+) [34]. Building upon
this framework, we translate biological reflex mecha-
nisms into an engineered model: the spring-damping
behaviour of distal joints is emulated via the SLIP
model (analogous to Geyer’s compliant leg dynam-
ics), while establishing a hierarchical architecture of
proximal active control coupled with distal compliant
response through CPG-generated rhythms for proximal
joints.

6. Conclusion

This work presents a bio-inspired multi-model fusion
motion control approach for quadrupedal locomotion.
In our approach, a high-stiffness rhythmic motion for
the proximal hip joint is generated using a CPG. Then,
to achieve low-stiffness knee movement, a finite state
machine is formed based on the output of the CPG. On
top of this, a SLIP model is used to derive the distal knee
torque. To improve tracking performance and robust-
ness, the parameters of the CPG system are adjusted
online by incorporating sensory information, and VMC
is also added for knee joint torque compensation. Hard-
ware experiments are conducted on a quadrupedal robot.
The results show that, compared to the traditional CPG
method, the MMF method improves the robot’s sta-
bility, increases the forward speed, and reduces energy
consumption. With the proposed control method, the
robot can also achieve smooth gait transition and traverse
uneven terrains.
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Due to limitations of the hardware platform, MMF is
currently unable to be compared with model predictive
control or reinforcement learning. In the future, we will
optimize the hardware system of ‘Feifei’ by upgrading the
leg structure from 2 degrees of freedom (DOF) to 3DOF,
enabling full spatial motion capabilities, and apply the
proposed controller to this enhanced robotic platform.
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