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Abstract: In this paper, we propose an adaptive fuzzy pure pursuit trajectory tracking algorithm
for autonomous unmanned ground vehicles (UGVs), addressing the challenges of accurate and
stable navigation in complex environments. Traditional pure pursuit methods with fixed look-
ahead distances struggle to maintain precision in dynamic and uneven terrains. Our approach
uniquely integrates a fuzzy control algorithm that allows for real-time adjustments of the look-ahead
distance based on environmental feedback, thereby enhancing tracking accuracy and smoothness.
Additionally, we combine this with model predictive control (MPC) and whole-body motion control
(WBC), where MPC forecasts future states and optimally adjusts control actions, while WBC ensures
coordinated motion of the UGV, maintaining balance and stability, especially in rough terrains. This
integration not only improves responsiveness to changing conditions but also enables dynamic
balance adjustments during movement. The proposed algorithm was validated through simulations
in Gazebo and real-world experiments on physical platforms. In real-world tests, our algorithm
reduced the average trajectory tracking error by 45% and the standard deviation by nearly 50%,
significantly improving stability and accuracy compared to traditional methods.

Keywords: UGVs; trajectory tracking; pure pursuit; model predictive control; whole-body control

1. Introduction

In recent years, unmanned ground vehicles (UGVs) have become a key focus in the
field of robotics, particularly for their ability to navigate autonomously in diverse environ-
ments. UGVs, designed for autonomous operation in both structured and unstructured
terrains, are increasingly used in applications ranging from military reconnaissance to
industrial logistics. Among various types of UGVs, legged robots, especially quadruped
robots, stand out due to their unique locomotion capabilities. Unlike traditional wheeled
or tracked UGVs, quadruped robots [1–6] can traverse complex and uneven terrains more
effectively, making them highly versatile for outdoor environments. This makes legged
robots an important branch in the field of UGVs that attracts much attention [7–9]. This
versatility positions quadruped robots as promising candidates for applications such as
detection in unstructured environments, where terrain instability presents significant chal-
lenges for navigation and trajectory tracking [10]. In such scenarios, quadruped robots
can provide crucial data and insights due to their ability to traverse rugged surfaces and
adapt to varying conditions. Their unique locomotion capabilities enable them to maintain
stability and maneuver effectively in environments that would hinder traditional wheeled
or tracked vehicles. Studies [11] have highlighted the effectiveness of quadruped robots
in navigating unstructured terrains, emphasizing the importance of developing advanced
control algorithms to enhance their performance in these demanding situations. With the
development and maturity of bionic technology, people seek inspiration from animals and
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start to study bionic quadruped robots, hoping to obtain the powerful locomotion abilities
of these animals through mechanical bodies [12–16]. Figure 1 shows our quadruped robot
performing the challenging task of tracking in complex terrain.
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Path tracking is very important for quadruped robots, as it can enable them to move
and navigate autonomously along a planned path in complex environments, avoiding colli-
sions and traps and accomplishing various tasks [17–20]. Path tracking refers to planning
a reasonable trajectory according to the target position and environmental information,
making the quadruped robot walk along this trajectory, and adjusting and optimizing
the trajectory according to real-time feedback information. However, there is still no
more reasonable solution to the trajectory tracking ability of existing quadruped robots in
complex environments.

Based on this, this paper firstly adopts the pure pursuit tracking algorithm, which is
widely used in the path-tracking task of quadruped robots, to complete the path-tracking
task of quadruped robots for the specified trajectory [21,22]. The basic idea of the pure
pursuit tracking algorithm is that the robot chooses a look-ahead point within a certain
range of itself as the target point at each moment, then calculates the turning angle between
the robot and the look-ahead point and controls the robot’s motion according to the turning
angle. In this way, the robot can gradually approach and follow the path, achieving path
tracking. Pure pursuit tracking can adapt to paths with large curvature changes and has
the advantage of easy implementation.

However, it relies heavily on a fixed look-ahead distance, which can lead to significant
errors, particularly in dynamic and uneven terrains. This fixed look-ahead distance also
adversely affects the turning capabilities of quadruped robots in complex terrains, resulting
in difficulties in accurately tracking the desired trajectory. Additionally, traditional pure
pursuit methods often struggle with maintaining high precision and stability, especially
when faced with unexpected obstacles or rapid changes in the environment.

Despite advancements, these methods do not adequately address the unique chal-
lenges presented by complex terrains. For instance, while some researchers have proposed
improvements to the pure pursuit algorithm, such as using optimization techniques for
look-ahead distance, they often require extensive parameter tuning, which is not feasible
in real-time applications. Furthermore, the need for predefined gait patterns in certain
adaptive gait methods limits their flexibility and responsiveness in rapidly changing envi-
ronments. This highlights the necessity for a more robust and adaptive approach that can
dynamically adjust to varying conditions without extensive manual intervention.

To solve the above problems, this paper uses a fuzzy controller to adjust the look-
ahead distance so that it can be adjusted online according to the real-time error of the
robot [23–25]. A fuzzy controller is a control method based on fuzzy logic, which can deal
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with uncertainty and nonlinearity and provide an intuitive and flexible way to design
control rules. By applying the fuzzy controller to the pure pursuit tracking algorithm, this
paper can improve the accuracy and robustness of path tracking while adapting to different
speeds and environments.

Moreover, due to the limitations of the control algorithm, the quadruped robot still
exhibits poor trajectory tracking performance when navigating uneven terrain and other
complex environments. To tackle these limitations, this paper introduces a combined
control approach that integrates model predictive control (MPC) and whole-body motion
control (WBC) with the fuzzy pure pursuit algorithm. The combination of MPC and WBC
provides a comprehensive solution that not only optimizes the trajectory tracking process
but also enhances the stability and adaptability of the quadruped robot. MPC can generate
the optimal control input according to the robot’s kinematic or dynamic model and some
constraints [26–28]. WBC is a control method based on task space, which can allocate joint
torques according to the robot’s desired posture and contact state, and some objective
functions [29–31].

MPC plays a critical role by predicting future states based on the robot’s kinematic
and dynamic models, allowing for real-time adjustments to control actions. This predictive
capability is essential for navigating uneven terrains effectively. Meanwhile, WBC allocates
joint torques based on the robot’s desired posture and contact states, ensuring that the robot
maintains balance and stability during movement.

By integrating these methodologies, our approach addresses the shortcomings of
existing algorithms and enables the quadruped robot to adapt its motion dynamically
in response to environmental changes, thereby significantly improving its path-tracking
performance in complex scenarios.

Gao Haibo [32,33] proposed a method for quadruped robot environment cognition
learning and autonomous navigation based on deep reinforcement learning. He applied
this method to outdoor legged robots, demonstrating adaptability to various complex
terrains. Although his method uses deep reinforcement learning to achieve end-to-end
learning, it requires a large amount of data and computational resources and may have
issues such as instability, non-convergence, and overfitting. This paper uses fuzzy pure
pursuit to dynamically select target points based on environmental information and robot
error and adjusts the position and distance of the target points according to fuzzy logic,
enabling the robot to flexibly follow the path in different environments.

Koco [34] and others used an adaptive gait method that adjusts the robot’s gait
parameters in real time based on the robot’s speed, direction, and terrain information.
However, this method relies on several predefined gait patterns, and the adjustment of
parameters may be limited and delayed in complex and changing environments. Our
method uses fuzzy pure pursuit, which adjusts the look-ahead distance adaptively based
on the robot’s current state and desired trajectory, ensuring that the robot moves along the
desired trajectory. This method does not require predefined gait patterns and has strong
robustness and adaptability.

Li Zhongyu [35] proposed a guide dog method based on visual and tactile feedback.
He applied this method to Mini-Cheetah, enabling it to sense the environment, track the
owner’s position, and tighten or loosen the belt to guide the owner. Although Li Zhongyu’s
method uses visual and tactile feedback to perceive the environment and guide the owner,
it depends on the performance of visual sensors and algorithms and may be affected by
factors such as lighting, occlusion, and dynamic changes. This paper uses MPC to generate
the robot’s desired posture and contact state and optimizes the control quantity according
to some constraints and objective functions, enabling the robot to maintain balance and
stability on different terrains.

Rui Wang [36] proposed a new algorithm that improves the tracking accuracy of the
pure pursuit algorithm, referred to as OLDPPA. This algorithm uses the Salmon Swarm
Algorithm (SSA) to find the optimal look-ahead distance and introduces Brownian motion
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and a weighting mechanism to enhance SSA’s search capability and convergence speed.
However, this algorithm has not been applied to quadruped robots.

Yaofu Huang [37] proposed an optimization method based on the PID controller.
First, the look-ahead distance is dynamically calculated based on the speed and path
information of the unmanned vehicle; then, the PID controller is used to optimize the target
steering angle calculated by the pure pursuit algorithm, outputting a smooth steering angle.
However, a fixed look-ahead distance can lead to large lateral errors and heading angle
errors during tracking. This paper uses a fuzzy algorithm to adjust the look-ahead distance
online, effectively improving the stability and accuracy of path tracking.

Steve Macenski [38] proposed an improved pure pursuit algorithm. This algorithm
adds two heuristic functions to the existing adaptive pure pursuit algorithm, reducing the
robot’s linear speed based on path curvature and obstacle distance. However, the pure pur-
suit algorithm and its variants may short-circuit or overshoot during high-curvature turns,
leading to path deviation. Although the improved algorithm reduces this phenomenon by
lowering the speed, it does not completely eliminate it. The fuzzy pure pursuit algorithm
proposed in this paper adjusts the look-ahead distance online according to the tracking
error, deviating from the original path with large errors, making the tracking process
more accurate.

Traditional pure trajectory tracking controllers struggle to track the desired trajectory
with high precision, speed, and stability in unknown environments. In the past, the
parameter gains of pure trajectory tracking controllers often required expert-level prior
knowledge and numerous experiments for repeated adjustments to achieve optimal control.
Therefore, to avoid the tedious process of adjusting controller parameter gains for different
tasks, this paper will study a fuzzy adaptive trajectory tracking control method and use a
combination of MPC and WBC to solve the automatic tuning problem of trajectory tracking
controller parameters under different environmental requirements. This section will detail
the theory of pure trajectory tracking control and the fuzzy control algorithm. These basic
concepts are the foundation of the adaptive trajectory tracking control for quadruped robots
proposed in this paper.

In Section 2 of this paper, we model the kinematics and dynamics of the quadruped
robot. In Section 3, we describe the pure trajectory tracking algorithm based on the
kinematic model of the quadruped robot and use a fuzzy algorithm to adjust its look-
ahead distance online. In Section 4, based on the dynamic model of the quadruped robot,
we combine the MPC and WBC control algorithms to further improve the quadruped
robot’s ability to track the desired trajectory in complex terrains. In Section 5, we verify the
accuracy and effectiveness of the algorithm proposed in this paper through multiple sets of
simulations and physical experiments.

2. Simplified Robot Kinematics and Dynamics
2.1. Steering Kinematics for Quadruped Robot

When a quadruped robot is turning, it needs to plan the end-effector and body poses
based on its own and motion direction parameters. The body coordinate system, denoted
as {B}, is defined with its origin fixed at the center of mass of the robot. It moves together
with the robot during forward motion, with the positive x-axis aligned with the body’s
forward direction, the positive y-axis pointing towards the rotation center, and the positive
z-axis oriented vertically upward with respect to the horizontal ground. All coordinate
systems are defined in Figure 2.
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The coordinates of the end-effector in the body coordinate system {B} are calculated
using the Denavit–Hartenberg (DH) method:

PB =

Px
Py
Pz

 =

 L2s2 + L3s23 + λl
s1(L1 + L2c2 + L3c23) + λW
−c1(L1 + L2c2 + L3c23)− λc

 (1)

where in the forward kinematics equation of the quadruped robot, Px, Py, and Pz represent
the x, y, and z coordinates of the robot’s left front foot in the body coordinate system.
The lengths of the robot’s three links are denoted by L1, L2, and L3. The joint angles
are represented as θ1, θ2, and θ3, which correspond to the hip, knee, and ankle joints,
respectively. To describe the orientation, si = sin(θi), sij = sin(θi + θj), ci = cos(θi),
cij = cos(θi + θj). λl , λw, and λc are used to specify the distances from the center of
the robot’s body coordinate system to the hip joint in the x-, y-, and z-axis directions,
respectively. Since the hip joint and the robot’s body share the same z-coordinate, the value
of λc is zero. The same approach can be applied to calculate the positions for the other
three legs.

Define the world coordinate system {W} fixed at the projection of the coordinate
system on the ground at the beginning of the turning movement. Define the local reference
coordinate system {Bi} to be fixed at the projection of coordinate system {B} on the ground
at the beginning of each turning gait cycle. δ is the angle that the robot turns in each gait
cycle, and R is the turn radius.

At the beginning of the i-th period, the robot is turned by (i − 1)δ; then, the parameter
transformation matrix of the local reference coordinate system {Bi} with respect to the
world coordinate system {W} is as follows:

TW
Bi

=


cos((i − 1)δ) − sin((i − 1)δ) 0 R sin(i − 1)δ
sin((i − 1))δ cos((i − 1)δ) 0 2R sin2( (i−1)δ

2 )
0 0 1 0
0 0 0 1

 (2)

The transformation matrix between the coordinate system {B} and {Bi} can be ex-
pressed as follows:

TB
Bi

=


1 0 0 xCOM
0 1 0 yCOM
0 0 1 zCOM
0 0 0 1

 (3)



Drones 2024, 8, 554 6 of 29

The coordinate PW of the foot end in {W} can be represented as follows:

PW = TW
Bi

TW
Bi

PB (4)

2.2. Dynamics of Quadruped Robot

The state variables are defined as the robot’s pose angles, center of mass position, body
angular velocity, and body center of mass angular acceleration.

The dynamic model is established as shown in the following equation:

Ω =


Θ
P
ω
V

 (5)

where Θ = [ϕ, θ, φ]⊤ represents the robot’s orientation, which are the roll, pitch, and yaw
angles of the robot, respectively. P ∈ R3 is position of the robot. ω ∈ R3 is the angular
velocity of the robot. V ∈ R3 represents the velocity of the robot.

The relationship between body force and acceleration can be derived from New-
ton’s equations:

.
V =

∑n
i=1 fi

m
− g (6)

where fi ∈ R3 represents the external forces acting on foot end of the robot, i = 0, 1, 2, 3
represents robot’s i-th foot, m is the total mass of the robot, and g ∈ R3 is the gravita-
tional acceleration.

The rigid body dynamic model in the world coordinate system is described by the
following equations:

.
T = [ω]×T
T = Tz(φ)Ty(θ)Tx(ϕ)

(7)

T ∈ R3 represents the rotation matrix for the transformation from the body coordinate
system to the world. [ω]× ∈ R3 is defined as the skew-symmetric matrix. Tn(α) means a
positive rotation of α about the n-axis.

During the motion, the pitch and roll angles of the robot can be approximated as zero.
Therefore, the angular velocity dynamics in the world coordinate system can be simplified
as follows: 

.
ϕ
.
θ
.
φ

 ≈

 cos(φ) sin(φ) 0
−sin(φ) cos(φ) 0

0 0 1

ω ≈ Tz(φ)ω (8)

where

ω =

cos(θ) cos(φ) − sin(φ) 0
cos(θ) sin(φ) cos(φ) 0

0 0 1




.
ϕ
.
θ
.
φ

 (9)

The rotation torque of the robot can be obtained as the following:

d
dt
(Iω) = ∑n

i=1 ri × fi (10)

where I ∈ R3 is the inertia tensor matrix of the robot:

I =

Ixx 0 0
0 Iyy 0
0 0 Izz

 (11)
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The above equation can be approximated as follows:

d
dt
(Iω) = I

.
ω + ω × (Iω) ≈ I

.
ω (12)

In summary, an approximate inertia tensor Ĩ can be expressed as follows:

Ĩ = Tz(φ)ITz(φ)⊤ (13)

From the analysis above, if [0 0 0 g]T is rewritten as a state quantity g of the
system, the quadruped robot dynamics can be expressed as follows:

d
dt


Θ
P
ω
V
g

 =


O3 O3 Tz(φ) O3 0
O3 O3 O3 13 0
O3 O3 O3 O3 0
O3 O3 O3 O3 1
0 0 0 0 0




Θ
P
ω
V
g

+


O3 O3 O3 O3
O3 O3 O3 O3

Ĩ−1[r1]× Ĩ−1[r2]× Ĩ−1[r3]× Ĩ−1[r4]×
13/m 13/m 13/m 13/m

0 0 0 0




f1
f2
f3
f4

 (14)

3. Fuzzy Pure Pursuit
3.1. Pure Pursuit for Quadruped Robots

Pure pursuit (PP) is a geometry-based path-tracking algorithm. Its control method is
intuitive and can be well adapted to mobile robots. In the steering kinematics above, the
relationship between the steering radius, the steering angle and the coordinates of the robot
foot end has been revealed. Based on this, in the research of the pure trajectory tracking
algorithm, it is necessary to link the desired path with both.

The main idea of pure trajectory tracking is to decompose the desired path into a
few path points. In the process of tracking the trajectory, the robot sequentially passes
through the path points on the trajectory until it reaches the endpoint. Therefore, the
overall process of trajectory tracking can be divided into multiple stages, delineated by the
waypoints along the trajectory. The robot’s task is to advance towards the nearest target
point, adjusting its speed and steering angle during this process to ensure effective tracking
of the desired path.

As shown in Figure 3, this illustrates the process of a quadruped robot tracking one of
the waypoints. In the diagram, (gx, gy) represents the next waypoint to be tracked, located
on the previously planned global path. The current task involves controlling the center of
the quadruped robot to ensure it passes through this waypoint.
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l denotes the distance from the center of the robot to the target path point, and α
represents the current vehicle posture’s angle relative to the target path point. In accordance
with the Law of Sines, we have the following:

l
sin(2α)

=
R

sin(π
2 − α)

(15)

After derivation, the expression can be obtained as follows:

l
2 sin α cos α = R

cos α

R = l
2 sin α

(16)

3.2. Fuzzification of Parameters

However, during the locomotion of quadruped robots, it is susceptible to road condi-
tions and perturbations in their inherent model parameters.

In the process of trajectory tracking, if the parameters of pure pursuit are fixed, the
robustness and disturbance resistance of the controller are limited, leading to a decrease in
control effectiveness.

To address this issue, this paper proposes a design of an adaptive fuzzy pure pursuit
(PP) controller by employing fuzzy control for online parameter adjustment.

The fuzzy control algorithm mimics human thinking by dynamically adjusting the
parameters of the robot during path tracking. For example, just like a driver continuously
adjusts the steering wheel based on road conditions and the vehicle’s state, fuzzy control
adjusts the ‘look-ahead distance’ of the robot based on real-time feedback. This ensures
that the robot can move smoothly even in complex terrains.

The adaptive fuzzy pure pursuit (PP) controller has the capability to dynamically
adjust the look-ahead distance in PP tracking based on the error between the actual and
desired positions as well as the rate of change of the error. This adaptive adjustment
enhances the robot’s ability to track the desired trajectory. The adaptive fuzzy controller
comprises fuzzification, fuzzy rule inference, and defuzzification, corresponding to input
membership functions, the formulation of control rules, and logical reasoning, respectively.

This fuzzy system primarily encompasses three aspects: the fuzzification of variables,
the formulation of fuzzy rules, and the defuzzification process.

In the context of pure pursuit (PP) control, the look-ahead distance l can be expressed
as follows [39]:

l = l0 + λvkvv2 + λwkwv (17)

where l0 represents the preset value of the look-ahead distance. v is velocity of the robot. v2

represents the squared term of the robot’s forward velocity. λv and λw are the scope factors
for these two items, respectively. kv0, kw0 are the original two coefficients in the look-ahead
distance. ∆kv, ∆kw are the two parameters output by the fuzzy controller. kv, kw are the
final parameters obtained from the adaptive pure pursuit control. The parameters for the
adaptive fuzzy PP controller are determined as follows:{

kv = kv0 + ∆kv
kw = kw0 + ∆kw

(18)

The difference between the actual and expected trajectories e, along with its derivative
ec, is obtained and then fuzzified.

Figure 4 shows the fuzzy logic diagram. Further, tuning parameters ∆kv and ∆kw are
obtained through knowledge base and logical reasoning. Finally, kv and kw are computed
using the aforementioned formulas.
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Based on the analysis above, we establish a Mamdani-type two-dimensional fuzzy
dual-input dual-output controller. The two inputs are the control variable deviation e and
its derivative ec. The input for the adaptive pure trajectory tracking controller are the
tuning parameter ∆kv and ∆kw.

The input and output universes of discourse for the adaptive PP control are as follows:

e, ec, ∆kv, ∆kw = {−3,−2,−1, 0, 1, 2, 3} (19)

The description of the fuzzy subsets for the input variable is as follows:

e, ec, ∆kv, ∆kw= {NB, NM, NS, Z0, PS, PM, PB} (20)

Each is characterized by its membership function. These subsets represent different
linguistic terms in the context of fuzzy control, namely negative large, negative medium,
negative small, zero, positive small, positive medium, and positive large.

We choose triangular membership functions with uniform distribution, as illustrated
in Figure 5.
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The look-ahead distance not only determines the path target point and yaw but also
influences the stability of the path-tracking process.

The adaptive PP controller is capable of adjusting the look-ahead distance through
appropriate fuzzy rules.

The look-ahead distance of the controller is kept within the optimal range, whether
on curved or straight road surfaces, leading to a significant enhancement in the tracking
performance of the target trajectory by the PP algorithm.

As outlined in Equation (17), the coefficients kv and kw correspond to the squared
velocity term and the linear velocity term, respectively. These coefficients play a critical
role in dynamically adjusting the look-ahead distance, which constitutes the core of the
fuzzy control algorithm.

Specifically, when the robot’s velocity increases, the influence of the kv term becomes
more pronounced, enabling more flexible adjustments to the look-ahead distance. This
ensures that at higher speeds, the robot can better adapt to complex and varying terrains,
thereby enhancing its path-tracking precision. Conversely, at lower speeds, the kw term
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ensures that the robot retains significant control over the look-ahead distance, enabling
dynamic adjustments that maintain appropriate steering sensitivity, especially when ap-
proaching the target. At the same time, based on this strategy, we have also combined a lot
of debugging experience and carried out many experimental adjustments, and fuzzy rules
for two parameters are established as shown in the following: Tables 1 and 2.

Table 1. Fuzzy rules for ∆kv.

∆kv ec

e NB NM NS Z0 PS PM PB
NB PB PB PB PB PM PS Z0
NM PB PB PB PB PM Z0 Z0
NS PM PM PM PM Z0 PS NS
Z0 PM PM PS Z0 NS NS NM
PS PS PS Z0 NS NM NM NM
PM PS Z0 NS NM NM NM NB
PB Z0 Z0 NM NM NM NB NB

Table 2. Fuzzy rules for ∆kw.

∆kw ec

e NB NM NS Z0 PS PM PB
NB PS PS Z0 Z0 Z0 PB PB
NM NS NS NS NS Z0 NS PM
NS NB NB NM NM NS PS PM
Z0 NB NM NM NS NS NS PM
PS NB NM NS NS Z0 PS PS
PM NM NS NS NS Z0 PS PS
PB NS Z0 Z0 Z0 Z0 PB PB

Utilizing the Mamdani fuzzy inference method and integrating expertise from var-
ious domains, we employ the centroid method for defuzzification, as indicated by the
following formula:

z0 =

n
∑

i=0
uc(zi)× zi

n
∑

i=0
uc(zi)

(21)

where z0 represents the output value after the defuzzification of the adaptive PP control,
zi is the value in the domain of the fuzzy control variable, and uc(zi) is the membership
value of zi.

Fuzzy control yields the control quantity surfaces for ∆kv and ∆kw, as depicted in the
accompanying figure, Figure 6:
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Whenever the robot receives new sensor data, the fuzzy controller updates the control
parameters based on predefined rules. These rules are similar to heuristic principles,
adjusting parameter values according to the size of the error. Larger errors result in more
significant adjustments, while smaller errors lead to more precise control.

4. Control Algorithm Combined MPC and WBC

In this section, we primarily delineate the motion control algorithm for the quadruped robot.
In the proposed algorithm, model predictive control (MPC) plays a crucial role in

determining the optimal control inputs for the robot by predicting its future behavior based
on the robot’s kinematic and dynamic models. MPC calculates the desired posture and
contact states of the robot, ensuring that the system follows the desired trajectory while
adhering to certain constraints, such as avoiding collisions or maintaining balance.

Whole-body control (WBC), on the other hand, translates the desired posture and
contact states generated by MPC into specific commands for the robot’s joints. By allocating
joint torques and ensuring proper coordination between the robot’s limbs, WBC adjusts the
robot’s movements in real time, allowing it to react to external disturbances and maintain
stability. The combined approach of MPC and WBC enables the robot to handle complex
terrains by continuously refining its posture and movements.

Figure 7 illustrates the collaborative interaction between MPC and WBC in a
quadruped robot.

Drones 2024, 8, 554 12 of 31 
 

based on the robot’s kinematic and dynamic models. MPC calculates the desired posture 
and contact states of the robot, ensuring that the system follows the desired trajectory 
while adhering to certain constraints, such as avoiding collisions or maintaining balance. 

Whole-body control (WBC), on the other hand, translates the desired posture and 
contact states generated by MPC into specific commands for the robot’s joints. By allocat-
ing joint torques and ensuring proper coordination between the robot’s limbs, WBC ad-
justs the robot’s movements in real time, allowing it to react to external disturbances and 
maintain stability. The combined approach of MPC and WBC enables the robot to handle 
complex terrains by continuously refining its posture and movements. 

Figure 7 illustrates the collaborative interaction between MPC and WBC in a quad-
ruped robot. 

 
Figure 7. MPC–WBC framework diagram. 

Following (14), the discrete dynamics of the system can be expressed as follows: 

( 1) A ( ) Bu( ) gx k x k k+ = + +  (22) 

where 

( )
1 2 3 4

3 3 3

3 3 3 3

3 3 3 3

3 3 3 3

3 3 3 3

3 3 3

T T T

3

T

1 1
3

1 1
1 2 3 4

3 3 3

[ ] [ ] [ ] [ ]

[ ]
[ ]

1
1 1

A
1

1

B

1 / 1 / 1 / 1 /

z

x
u f f f f

O O
O O t
O O O
O O O

O O O O
O

r
O O

P V

T t

I r t I r t I r t I t
t t t

O

tm m m m

ω

ϕ

− − − −
× × × ×

=
=

 
 Δ =
 
 
  
 
 
 =
 
 

Θ

Δ

Δ Δ Δ Δ

 Δ Δ Δ Δ 

   



 
(23) 

Assuming the system has nt  discrete steps starting from 0t , it can be iteratively 
obtained based on the above discrete equation: 

1 2( ) A B ( 1) A B ( 1)
                  AB ( 1) B ( 1) A ( )

n n

n

t t
n

t

x k t u k u k

u k u k x k

− −+ = + + + + +

+ + + +


 (24) 

The relevant state variables and control variables can be combined into the form of a 
state space equation and the following state equation obtained: 

Figure 7. MPC–WBC framework diagram.

Following (14), the discrete dynamics of the system can be expressed as follows:

x(k + 1) = Ax(k) + Bu(k) + g (22)

where
x = [ ΘT PT ωT VT ]
u = [ f1 f2 f3 f4 ]⊤

A =


13 O3 Tz(φ)∆t O3
O3 13 O3 13∆t
O3 O3 13 O3
O3 O3 O3 13



B =


O3 O3 O3 O3
O3 O3 O3 O3
Ĩ−1[r1]×∆t Ĩ−1[r2]×∆t Ĩ−1[r3]×∆t Ĩ−1[r4]×∆t
13∆t/m 13∆t/m 13∆t/m 13∆t/m


(23)

Assuming the system has tn discrete steps starting from t0, it can be iteratively obtained
based on the above discrete equation:

x(k + tn) = Atn−1Bu(k + 1) + Atn−2Bu(k + 1) + · · ·+
ABu(k + 1) + Bu(k + 1) + Atn x(k)

(24)
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The relevant state variables and control variables can be combined into the form of a
state space equation and the following state equation obtained:

x(k + 1)
x(k + 2)

...
x(k + tn)

 =


A
A2

...
Atn

x(k) +


B 0 · · · 0

AB B · · · 0
...

...
. . .

...
Atn−1B Atn−2B · · · B




u(k)
u(k + 1)

...
u(k + tn − 1)

 (25)

The state equation for the future h steps can be written as follows:

X = Axk + BU (26)

where
X = [ xk+1 xk+2 · · · xk+h

]T

A =
[

A A2 · · · Ah ]T

B =


B 0 · · · 0
AB B · · · 0
...

...
. . .

...
Ah−1B Ah−2B · · · B



U =


u(k)
u(k + 1)
...
u(k + tn − 1)



(27)

Assume that the matrix of differences between the state variables of the touchdown
time and the state variables of the reference schedule is as follows:

E =


x(k + 1)− xre f (k + 1)
x(k + 2)− xre f (k + 2)
x(k + 3)− xre f (k + 3)

...
x(k + N)− xre f (k + tn)

 (28)

A cost function reflecting the deviation of the target expectation from the predicted
trajectory is established as follows:

J = ETQE + UTWU (29)

where Q is the diagonal matrix representing the state deviation weights and W is the
diagonal weight matrix representing the forces.

We employ the following formula to formulate a QP problem for minimizing joint forces:

min
x, f

k−1

∑
i=0

QT(xi+1 − xi+1,re f )Q + WTu(i)W (30)

where Q denotes the diagonal matrix of state bias weights and W is the diagonal weight
matrix representing the force.

Additionally, subject to dynamics and initial condition constraints, the friction cone
constraint is defined as follows:

| fx| ≤ µ fz,
∣∣ fy

∣∣ ≤ µ fz, fz > 0 (31)

These constraints limit the minimum and maximum z-forces as well as the pyramid
approximation of the friction cone.
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After transformation into a QP problem, it is solved using a QP solver to obtain a set
of inputs in the control time domain:

U =
[
Uk Uk+1 · · · Uk+h−1

]
(32)

According to the basic principles of the model predictive controller, the first control
input fc in the control time domain is applied to the system.

Utilizing the reaction forces determined by MPC, WBC computes commands for joint
position, velocity, and torque.

For the computation of joint position, velocity, and acceleration, a strictly prioritized
task-based inverse kinematics algorithm is employed. In the calculation of torque com-
mands, a quadratic programming approach is utilized to determine the reaction forces,
simultaneously minimizing tracking errors in acceleration and reaction force commands
while satisfying the inequality constraints on the resultant reaction forces.

The desired trajectory output from the upper-level planner is received by WBC. Dif-
ferent priorities for various tasks and physical constraints are established, and through
feedback calculations, the desired trajectory in joint space is computed by the lower-
level controller. This enables the completion of diverse tracking tasks while ensuring the
robot’s stability.

If the number of control tasks is i, the workspace position of the i-th task is represented
by xi. Its Jacobian matrix and null space matrix are denoted as Ji and Ni, respectively.

Priority increases as the value of i decreases. The smaller i is, the higher the priority the
i-th task has.

.
qi represents the joint space velocity of the first i-th tasks. When considering

the i-th task, the first i − 1 tasks are combined into Ai−1:
.
x1.
x2
...

.
xi−1


︸ ︷︷ ︸

.
xA

i−1

=


J1
J2
...

Ji−1


︸ ︷︷ ︸

JA
i−1

.
qi−1 (33)

The corresponding zero-space matrix is expressed as follows:

NA
i−1 = I − (JA

i−1)
+ · JA

i−1 (34)

where J+ is defined as the right inverse matrix of J.
In addition, the mapping of the robot workspace velocity to the joint space velocity

can be expressed as follows:
.
xi = Ji

.
qi (35)

The equation can be transformed into the following:

.
qi = J+i

.
xi + Ni

.
qδ (36)

where changing
.
qδ to satisfy the i − 1 task can be introduced:

.
qδ = (Ji NA

i−1)
+ · ( .

qi − Ji
.
qi−1) (37)

The final expression for
.
qi can be derived:

.
qi =

.
qi−1 + (Ji NA

i−1)
+ · ( .

xi − Ji
.
qi−1) (38)
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Similarly, position deviation and acceleration can be derived:

∆qi = ∆qi−1 + (Ji NA
i−1)

+ · (e − Ji∆qi−1)
..
qi =

..
qi−1 + (Ji NA

i−1)
+ · ( ..

xi −
.
Ji

.
q − Ji

..
qi−1)

(39)

where e represents workspace position tracking error and ∆q represents joint space position
tracking error. By inputting initial values, the position, velocity, and acceleration of the
robot in joint space can be obtained.

In the context of whole-body control for the quadruped robot described in this paper,
the overall control task is divided into four sub-tasks, prioritized from high to low as
Table 3:

Table 3. Priority of four sub-tasks.

Priority Task

0 No motion at the contact points
1 Body rotation control
2 Body lateral motion control
3 Swing leg foot trajectory tracking

Stable and reliable contact between the supporting leg and the ground is a prerequisite
for utilizing other control algorithms, and the supporting leg trajectory tracking task holds
the highest priority.

It is an important control objective for the body to remain smooth during walking.
Therefore, body rotation control and body lateral motion control are listed in priority
2 and 3. The robot’s interaction with the external environment is primarily dependent
on the contact leg. The trajectory following the control of the swing leg is placed at the
lowest priority.

The pseudocode for the recursive whole-body control of the quadruped robot is
presented as follows:

∆qcmd
1 = 0,

.
qcmd

1 = 0
..
qcmd

1 = J+1 (−J1
.
q)

f or i = 2 to 4 do
..
xc

i =
..
xd

i + Ki
p(xd

i − xi) + Ki
d(

.
xd

i −
.
xi)

∆qcmd
i = ∆qcmd

i−1 + (Ji NA
i−1)

+ · (ei − Ji∆qi−1)
.
qcmd

i =
.
qcmd

i−1 + (Ji NA
i−1)

+ · ( .
xd

i − Ji
.
qcmd

i−1 )
..
qi =

..
qcmd

i−1 + (Ji NA
i−1)

+ · ( ..
xcmd

i −
.
Ji

.
q − Ji

..
qcmd

i−1 )
end

(40)

where Ki
p and Ki

d are the position and velocity feedback gains for the corresponding control
tasks, and all the control tasks’ workspaces are described in the world frame. In the above
equation, the expected joint space position ∆qcmd, velocity

.
qcmd, and acceleration

..
qcmd can

be represented as follows:
qcmd = q + ∆qcmd

4
.
qcmd

=
.
qcmd

4
..
qcmd

=
..
qcmd

4

(41)

The dynamic equation of the floating base robot in the joint space usually has the
following standard form:

M(q)

[ ..
q f..
qj

]
+ C(q,

.
q) + G(q) =

[
06
τj

]
+ JT

c fc (42)
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where
..
q f ∈ R6 is the acceleration of the floating base,

..
qj ∈ R12 is the vector of joint

accelerations, M(q) is the mass matrix, C(q,
.
q) is the Coriolis and centrifugal matrix, G(q)

is the gravity vector, τj is the vector of actuated joint torques, Jc is the Jacobian matrix, and
fc is the vector of external forces, which is the matrix solved in Equation (32) above.[

06×1
τj

]
= M(q)

[ ..
q f..
qj

]
+ C(q,

.
q) + G(q)− JT

c fc (43)

The final output joint torque τf can be determined by the following expression:

τf = τj + kp(qcmd
j − qj) + kd(

.
qcmd

j − .
qj) (44)

where kp and kd are parameters for the joint PD controller.

5. Results

This section aims to validate the robustness, real-time performance, and disturbance
rejection capabilities of the fuzzy adaptive trajectory tracking control algorithm. First, we
verify its performance in ROS Gazebo. Then, we conduct external experiments, comparing
the proposed algorithm with a pure trajectory tracking algorithm without fuzzy. Finally,
we analyze the experimental results, demonstrating the feasibility and effectiveness of the
proposed algorithm.

5.1. Simulation Experiments

The simulation experiments are conducted on ROS Gazebo.
To test the feasibility and effectiveness of the algorithm, we conducted simulation

experiments with a quadruped robot in Gazebo, as shown in Figure 8. The simulations
were performed on two different types of terrains to simulate the complex surfaces the
robot would encounter in real-world conditions. Both terrains were randomly generated
undulating grounds, which are representative of moderately uneven terrains that test the
robot’s walking stability and control precision.
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For all experiments, the look-ahead distance was initially set to 2 and dynamically
adjusted using a fuzzy control algorithm. The look-ahead distance was adapted in real
time based on the robot’s tracking error and the rate of change in the error. This allowed
the algorithm to optimize path tracking, ensuring that the robot smoothly followed the
desired trajectory while reacting to variations in the terrain.

We designed three key simulation experiments:
In the first experiment, the robot walked in a straight line from point (0,0) to point

(10,10) on a terrain with an average undulation of 3 cm. The purpose of this experiment
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was to assess the robot’s tracking accuracy and control stability on relatively flat but
uneven ground.

In the second experiment, the robot again walked in a straight line from (0,0) to
(10,10), but this time, the terrain had an average undulation of 6 cm, representing a more
challenging environment. This experiment tested the algorithm’s ability to handle more
significant terrain variations while maintaining stable walking.

In the third experiment, the robot followed a circular trajectory with a radius of 5 m,
starting from (0,0) on a terrain with a 6 cm undulation. This experiment was designed to
evaluate the robot’s capability to perform continuous turns while navigating over rough
ground, a more complex task than straight-line walking.

In all experiments, the robot’s tracking speed was set to 0.6 m/s, which was chosen
to ensure that the robot moved at a controlled pace, allowing the algorithm to adjust the
look-ahead distance and correct any deviations in real time. The terrain undulations were
selected to simulate realistic surface variations the robot may encounter in real-world
scenarios, such as outdoor environments with uneven ground.

The chosen simulation parameters and their configurations ensure that the robot’s
control algorithm is tested thoroughly for different types of movements (straight-line and
circular trajectories) and varying terrain complexities. This setup provides a comprehensive
evaluation of the algorithm’s robustness and adaptability. The parameters of the quadruped
robot are shown in the following Table 4:

Table 4. Parameters of the quadruped robot.

Variable/Parameters Symbols Value

Body mass m 12.786 kg
Body length BL 0.267 m
Body width BW 0.194 m
Body height BH 0.114 m

Ab/Ad joint length L1 0.075 m
Hip joint length L2 0.22 m

Knee joint length L3 0.22 m

The robot is shown as Figure 9 below:

Drones 2024, 8, 554 18 of 31 
 

Hip joint length 2L  0.22 m 

Knee joint length 3L  0.22 m 

The robot is shown as Figure 9 below: 

 
Figure 9. Quadruped robot used for simulation. 

5.1.1. Ground Undulation 3 cm Test 
As shown in Figure 10, this experiment tested the fuzzy pure trajectory tracking al-

gorithm on a quadruped robot on an uneven road surface, with the purpose of verifying 
the algorithm’s tracking quality and steadiness. In the experiment, the robot’s desired tra-
jectory was a linear path going from (0,0) to (10,10); the gait was a trot, and the desired 
walking velocity was 0.6 m/s. 

 
Figure 10. Ground undulation 3 cm test (walk in line). 

This experiment recorded the robot’s trotting ability on a low-undulating terrain. To 
demonstrate the quadruped robot’s walking ability in complex environments, this paper 
collected and analyzed the experimental data from the following aspects: actual and de-
sired trajectory tracking performance; position and yaw angle errors in x, y directions; 
three joint torques of one leg; fuzzy parameters vk  and wk ; and a look-ahead distance l  
of pure trajectory tracking. The first two aspects reflect the accuracy of the quadruped 
robot’s trajectory tracking, the third aspect reflects the robot’s own control ability, and the 
last two aspects illustrate the effectiveness of the fuzzy control algorithm. 

As shown in Figure 11, the actual trajectory of the robot is very close to the desired 
trajectory, indicating that the robot can track the desired trajectory well. This demon-
strates that the algorithm has high tracking accuracy. 

Figure 9. Quadruped robot used for simulation.

5.1.1. Ground Undulation 3 cm Test

As shown in Figure 10, this experiment tested the fuzzy pure trajectory tracking
algorithm on a quadruped robot on an uneven road surface, with the purpose of verifying
the algorithm’s tracking quality and steadiness. In the experiment, the robot’s desired
trajectory was a linear path going from (0,0) to (10,10); the gait was a trot, and the desired
walking velocity was 0.6 m/s.
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Figure 10. Ground undulation 3 cm test (walk in line).

This experiment recorded the robot’s trotting ability on a low-undulating terrain. To
demonstrate the quadruped robot’s walking ability in complex environments, this paper
collected and analyzed the experimental data from the following aspects: actual and desired
trajectory tracking performance; position and yaw angle errors in x, y directions; three
joint torques of one leg; fuzzy parameters kv and kw; and a look-ahead distance l of pure
trajectory tracking. The first two aspects reflect the accuracy of the quadruped robot’s
trajectory tracking, the third aspect reflects the robot’s own control ability, and the last two
aspects illustrate the effectiveness of the fuzzy control algorithm.

As shown in Figure 11, the actual trajectory of the robot is very close to the desired
trajectory, indicating that the robot can track the desired trajectory well. This demonstrates
that the algorithm has high tracking accuracy.
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robot can effectively suppress external disturbances. 
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forward at the desired speed. The angular velocity fluctuated slightly due to the uneven 
ground, but it was still within the acceptable range for the experiment. The effectiveness 
of the algorithm can be well illustrated. 
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As shown in Figure 13, the three joint torques of one leg of the robot are within a 
reasonable range, and there are no sudden or excessive phenomena, indicating that the 
robot’s motion is smooth. 

Figure 11. Robot desired trajectory vs. actual trajectory (3 cm, line).

Figure 12 reveals that the position errors and yaw angle errors of the robot in the x
and y directions are very small, and they do not diverge over time, indicating that the robot
can effectively suppress external disturbances.
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Figure 12. Position errors, angular error, and velocities during robot walking (3 cm, line).

In terms of velocity and angular velocity, the quadruped robot is able to keep walking
forward at the desired speed. The angular velocity fluctuated slightly due to the uneven
ground, but it was still within the acceptable range for the experiment. The effectiveness of
the algorithm can be well illustrated.

As shown in Figure 13, the three joint torques of one leg of the robot are within a
reasonable range, and there are no sudden or excessive phenomena, indicating that the
robot’s motion is smooth.
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As shown in Figure 14b, the look-ahead distance l  of pure trajectory tracking also 
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ability with more environmental adaptability. 

5.1.2. Ground Undulation 6 cm Test 
We raised the terrain undulation of the quadruped robot’s movement from 3 cm to 6 
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steadiness of the fuzzy pure trajectory tracking algorithm on more complex terrains. 

In the second experiment, as shown in Figure 15, the robot’s expected trajectory, gait, 
and walking speed were the same as in the previous experiment. The walking desired 
curve was set as a straight line extending from (0,0) to (10,10), the desired velocity was 0.6 
m/s, and the gait was in trot gait. The results are as follows: 

Figure 13. Three joint torques of one leg (3 cm, line).

By observing Figure 14a, we can observe that the two fuzzy parameters kv and kw vary
dynamically with the robot’s motion, and they can adaptively adjust according to different
motion states.
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As shown in Figure 14b, the look-ahead distance l of pure trajectory tracking also
varies dynamically with the robot’s motion, and it can adaptively adjust according to
different road conditions.

In conclusion, this experiment verified the feasibility and effectiveness of the fuzzy
pure trajectory tracking algorithm on the quadruped robot, showing that the algorithm can
enable the robot to have a high tracking accuracy on complex terrain. It also boosted the
robustness and dynamics of the quadruped robot, endowing its trajectory tracking ability
with more environmental adaptability.

5.1.2. Ground Undulation 6 cm Test

We raised the terrain undulation of the quadruped robot’s movement from 3 cm to
6 cm based on the previous experiment, with the purpose of further testing the quality and
steadiness of the fuzzy pure trajectory tracking algorithm on more complex terrains.

In the second experiment, as shown in Figure 15, the robot’s expected trajectory, gait,
and walking speed were the same as in the previous experiment. The walking desired
curve was set as a straight line extending from (0,0) to (10,10), the desired velocity was 0.6
m/s, and the gait was in trot gait. The results are as follows:
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As shown in Figure 16, the actual trajectory of the robot is still very close to the de-
sired trajectory. Considering that the experiment uses a bottom surface with 6 cm of un-
dulation, it can be shown that the algorithm has good tracking performance for the desired 
trajectory even on bumpier roads. 

 
Figure 16. Robot desired trajectory vs. actual trajectory (6 cm, line). 

As can be seen in Figure 17, the position and yaw angle errors increase slightly under 
the influence of 6 cm bumpy terrain compared to 3 cm of road surface. The robot is sub-
jected to more random perturbations during the walking process but still manages to 
maintain good stability at the macro level. In terms of velocity and angular velocity, the 
fluctuations of both increased slightly from previous experiments; nevertheless, they were 
able to stay within the desired range. 

Figure 15. Ground undulation 6 cm test (work in line).

As shown in Figure 16, the actual trajectory of the robot is still very close to the desired
trajectory. Considering that the experiment uses a bottom surface with 6 cm of undulation,
it can be shown that the algorithm has good tracking performance for the desired trajectory
even on bumpier roads.
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As can be seen in Figure 17, the position and yaw angle errors increase slightly under
the influence of 6 cm bumpy terrain compared to 3 cm of road surface. The robot is
subjected to more random perturbations during the walking process but still manages to
maintain good stability at the macro level. In terms of velocity and angular velocity, the
fluctuations of both increased slightly from previous experiments; nevertheless, they were
able to stay within the desired range.
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Figure 18 shows that the three joint torques of one leg are still within a reasonable 
range, and there is no sudden or excessive phenomenon, indicating that the robot’s mo-
tion is stable. 
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The experiment shows the two fuzzy parameters vk  , wk   and the look-ahead dis-
tance l  in Figure 19. The slightly larger range of variation of these parameters compared 
to previous experiments means that they can be adjusted in real time as the robot walks 
in the face of bumpier terrain, enhancing the real-time nature of the control system. 
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Figure 17. Position errors, angular error, and velocities during robot walking (6 cm, line).

Figure 18 shows that the three joint torques of one leg are still within a reasonable
range, and there is no sudden or excessive phenomenon, indicating that the robot’s motion
is stable.
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Figure 18. Three joint torques of one leg (6 cm, line).

The experiment shows the two fuzzy parameters kv, kw and the look-ahead distance
l in Figure 19. The slightly larger range of variation of these parameters compared to
previous experiments means that they can be adjusted in real time as the robot walks in the
face of bumpier terrain, enhancing the real-time nature of the control system.

This test confirms the feasibility and effectiveness of the fuzzy pure pursuit tracking
algorithm on quadruped robots. The algorithm allows the robot to track the trajectory
with high robustness and adaptability on complex terrains. The experiment also demon-
strates the resilience and flexibility to the variations of the road surface compared with the
previous experiment.
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5.1.3. Robot Circle Walking

To verify the feasibility and stability of the algorithm on more complex trajectories, we
set the desired trajectory of the robot’s walking to a circle with a radius of 5 m, as shown in
Figure 20. The robot’s gait and speed were kept the same as in the last two experiments,
and the road surface undulation was set to 6 cm.
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Figure 21 shows the expected trajectory versus the actual trajectory of the quadru-
pedal robot when traversing the circular path. During the walking process, the quadru-
pedal robot was challenged by the fact that the circular trajectory required the robot to 
continuously steer during the walking process, and the terrain undulation was set to 6 cm. 
As can be seen from the figure, although the robot understeered or oversteered several 
times during the steering process, it was always able to move around the desired trajectory 
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Figure 20. Ground undulation 6 cm test (walk in circle).

Figure 21 shows the expected trajectory versus the actual trajectory of the quadrupedal
robot when traversing the circular path. During the walking process, the quadrupedal robot
was challenged by the fact that the circular trajectory required the robot to continuously
steer during the walking process, and the terrain undulation was set to 6 cm. As can be
seen from the figure, although the robot understeered or oversteered several times during
the steering process, it was always able to move around the desired trajectory until the task
was completed.

The quadrupedal robot took 62 s to complete the circular trajectory, and as can be
seen in Figure 22, the robot kept correcting its own trajectory during the movement. The
positional and angular errors fluctuated within a certain range due to the undulations
of the terrain, but the robot was still thus able to follow the intended trajectory at the
desired velocity.

Figures 23 and 24 show that during the turning process of the quadruped robot, the
torque is kept within a suitable range, the fuzzy parameters are changed in real time
according to the error, and the look-ahead distance is adjusted to complete the steering.
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Figure 23. Three joint torques of one leg (6 cm, circle).

Compared to straight trajectories, quadruped robots face a greater difficulty in fol-
lowing circular trajectories, which are longer and require constant turning, and the robot
inevitably faces curvature-varying turning when on uneven ground. In this condition,
if the look-ahead distance is fixed, it will greatly affect the steering performance of the
quadruped robot. The look-ahead distance under fuzzy adaptive trajectory changes in real
time during steering so that the quadruped robot can complete the steering in a smoother
way in order to better complete the tracking of the circular trajectory.
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All three simulation experiments have been completed. In the simulation experiments,
we tested the walking ability of the quadrupedal robot in two types of terrain, 3 cm and 6 cm,
and two types of trajectories, straight line and circle. The data show that the quadruped
robot can track the preset trajectory precisely and complete the walking experiments
without any deviation or excessive torque, which verifies the effectiveness and stability of
the algorithm.

After completing the simulation experiment, we will further verify it in the following
physical experiment.

5.2. USLGO1 Walking

We constructed a medium-sized quadruped robot named USLGO1, as shown in
Figure 25. The robot has a Jetson as the control core and a motor drive board as the drive
unit. The robot is also equipped with an IMU, lidar, and depth camera to monitor the
robot’s performance. In addition, a dedicated power board is responsible for powering
each module.
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Figure 25. USLGO1.

We conducted a test of the fuzzy pure pursuit tracking algorithm on an actual
quadruped robot in an outdoor environment. Corresponding to the simulation, the USLGO1
quadrupedal robot was set to walk on a desired path, during which the walking data were
collected by built-in sensors and the desired speed of the robot was set to 0.5 m/s.

For the terrain, we chose an open grassy field and arranged a complex S-curve for
the robot as the desired trajectory. As shown in Figure 26, we divided this trajectory into
four parts, where section (a) is 15◦ uphill, sections (b,c) are dirt roads with a maximum
undulation of 4.5 cm, and section (d) is 20◦ downhill. This trajectory has a long distance,
both straight and steering sections, and complex terrain, which can accurately reflect the
comprehensive walking ability of the quadruped robot.
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Figure 26. Demonstration of experimental robot walking routes in complex outdoor environments. 
(a), (b), (c), (d) represent the 4 parts of the S-curve respectively. 

We conducted three sets of comparative trials on the same desired trajectory and ter-
rain. The first test utilized a fuzzy pure trajectory tracking algorithm that merged MPC 
and WBC. The second test employed the identical algorithm but without the fuzzy adap-
tation of the parameters. The third test exclusively used MPC without WBC for the opti-
mization of motion control. The video of the robot walking was posted at 
https://www.youtube.com/watch?v=hZIiUEAhQFc (accessed on 14 August 2024). The 
data shown in Figure 27 present the results of the comparative experiments: 

 
Figure 27. Comparison of real-world robot trajectories with different algorithms. 

The tracking error is calculated based on the target position error in the tracking 
framework. In the tracking algorithm, the target position is predicted based on the track-
ing error framework, and the distance between the predicted position and the actual target 
position is taken as the tracking error. In specific implementations, the tracking error is 

Figure 26. Demonstration of experimental robot walking routes in complex outdoor environments.
(a–d) represent the 4 parts of the S-curve respectively.

We conducted three sets of comparative trials on the same desired trajectory and
terrain. The first test utilized a fuzzy pure trajectory tracking algorithm that merged
MPC and WBC. The second test employed the identical algorithm but without the fuzzy
adaptation of the parameters. The third test exclusively used MPC without WBC for
the optimization of motion control. The video of the robot walking was posted at https:
//www.youtube.com/watch?v=hZIiUEAhQFc (accessed on 14 August 2024). The data
shown in Figure 27 present the results of the comparative experiments:
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usually defined as the Euclidean distance between the predicted position of the tracking
error frame and the actual target position:

errori =
√
(xpre,i − xi)

2 + (ypre,i − yi)
2 (45)

The tracking error can be evaluated by calculating the average error within the number
of frames tracked by the target to assess the accuracy of the tracking algorithm.

η =
1

Ne

N

∑
i=1

|errori| (46)

In addition to the mean error, the stability of the tracking algorithm can be evaluated
using the standard deviation of the error calculated based on the number of frames tracked.
The standard deviation indicates the extent to which a set of data deviates from the mean
and reflects the accuracy of the tracking. The standard deviation of the tracking error is
calculated using the following formula:

σ =

√√√√√ N
∑

i=1
error2

i − η2Ne

Ne − 1
(47)

Based on the above three sets of experiments comparing the error, mean error, standard
deviation, and completion time of the trajectories in question, the relevant data are shown
in the Table 5 below (where fuzzy pure pursuit -MPC, WBC is simplified as FpMW; fuzzy
pure pursuit -MPC is simplified as FpM; pure pursuit -MPC, WBC simplifies to pMW):

Table 5. Comparison of three algorithms in mean error, standard deviation, and completion time.

FpMW FpM pMW

η 0.2801 0.2933 0.5133
σ 0.1957 0.1981 0.3822

Completion time/s 64 68 75

As can be seen in Table 5, of the three proposed trajectory tracking metrics, FpMW
used 64 s to complete the experiment, outperforming the other two algorithms in terms
of time. FpMW also exhibits the lowest values under mean error and standard deviation,
proving the effectiveness of the algorithm.

As shown in Figure 28, it can be seen that the quadruped robot has more obvious error
fluctuations in the uphill and downhill and steering phases, but it is also able to track the
desired trajectory, and the tracking effect is the best when it enters the straight line part.
In terms of angular tracking, the robot has a large angular error at the beginning of the
uphill stage, which is related to the undulation of the terrain during the experiment. After
adjustments, the robot regains the stability of angular tracking. In terms of walking veloci-
ties, the robot has been able to maintain the desired speed for stable walking. Figure 29a,b
shows the variation of leg triple-joint moments and look-ahead distance during the walking
process of the quadruped robot.

In summary, in the physical experiments, comparing the other two algorithms, in
terms of trajectory tracking accuracy and the time used to complete the trajectory, the
algorithm in this paper, after combining the use of the MPC algorithm and WBC algorithm
as well as the fuzzy algorithm to optimize the parameters online, shows the best trajectory
tracking accuracy in three experiments and also the algorithm that takes the least time
to complete the trajectory, which proves that the algorithm is able to track the complex
trajectory very well, proving the effectiveness and stability of the algorithm.
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6. Conclusions

This study focuses on the path-tracking problem for unmanned ground vehicles
(UGVs), particularly legged robots, emphasizing the autonomous movement and naviga-
tion of quadrupedal robots in complex environments. By adopting a pure path-tracking
algorithm, we successfully achieved trajectory tracking for specified paths. We acknowl-
edge that the pure path-tracking algorithm is highly sensitive to the choice of look-ahead
distance. To address this, we introduced a fuzzy controller to dynamically adjust the
look-ahead distance, enhancing the accuracy and robustness of path tracking.

Despite these advancements, quadrupedal UGVs still face challenges in path tracking
when traversing uneven terrains. To overcome this limitation, we explored a hybrid
algorithm that combines model predictive control (MPC) with whole-body control (WBC).
MPC optimally computes control inputs based on the robot’s kinematic or dynamic model
and constraints, while WBC allocates joint torques in task space. Integrating MPC and
WBC enables quadrupedal UGVs to walk on complex surfaces, improving stability and
disturbance rejection.

Our research findings were validated through both simulation experiments and real-
world outdoor tests. In the simulation environment, we successfully tracked straight lines
and circular trajectories, achieving the desired path-tracking performance. Furthermore, in
practical outdoor scenarios, our algorithm demonstrated robustness and stability even on
uneven ground, effectively following expected trajectories.

The algorithm presented in this paper, while effective in following predetermined tra-
jectories, lacks the capacity for real-time adaptive obstacle avoidance when confronted with
dynamic environments. In scenarios where obstacles are encountered during movement,
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the incorporation of more advanced path-planning algorithms will be essential to achieve
flexible and real-time obstacle avoidance. Moreover, although the algorithm’s feasibility
has been demonstrated in controlled, non-extreme environments, real-world applications
often involve extreme conditions such as snow-covered or icy surfaces, which introduce sig-
nificant challenges to the robot’s control mechanisms. Addressing these challenges requires
further research. The novel bioinspired motor neuron dynamical unit introduced in [40],
where neural dynamics are embedded into the actuator dynamics, replacing the recovery
variable in traditional neuron equations, provides a new approach for our research.

Looking forward, the proposed path-tracking algorithm is not confined to quadrupedal
UGVs; it can also be extended to other robotic platforms, including wheeled UGVs, drones,
and autonomous vehicles. This broader applicability provides a robust foundation for
advancing autonomous navigation and obstacle avoidance across diverse robotic platforms.
Future research will continue to explore these avenues, aiming to refine and optimize the
algorithm through comprehensive experimentation in increasingly complex environments.

In summary, our study provides an effective and stable solution to the path-tracking
problem in autonomous UGVs and other robotic platforms, offering valuable insights for
the development and application of intelligent robots in the future.
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