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Abstract— The application scenarios of automated robots are
undergoing a paradigm shift from structured environments to
unstructured, complex settings. In highly constrained settings
like factory inspections or disaster rescue, conventional steering
systems show clear drawbacks. While the four-wheel indepen-
dent drive and independent steering (4WS) robot provides
a variety of steering modes, which can effectively meet the
needs of complex environments. However, how a 4WS robot
autonomously selects different steering modes based on tra-
jectory point information during trajectory tracking remains
a challenging problem. This paper proposes a multi-modal
trajectory tracking method considering the switch of steering
modes, which decomposes the trajectory tracking task into
two parts: mode decision-making and tracking control. The
corresponding method is designed based on deep reinforcement
learning. Additionally, a target trajectory random generator
and corresponding training interaction environment are de-
signed to train the model in a data-driven manner. In the
designed scenario, our tracker achieve more than a 30%
improvement in average tracking error across all motion modes
compared with model predictive control, and the decider’s
average decision position error is less than 2 cm. Extensive
experiments demonstrate that our method achieves superior
tracking performance and real-time capabilities compared to
current methods.

I. INTRODUCTION

With the advancement of automation technology, the ap-
plication scenarios of automated robots are undergoing a
paradigm shift from structured environments to unstructured,
complex settings [1], [2]. In highly constrained settings like
factory inspections or disaster rescue, conventional steering
systems show clear drawbacks: they have limited turning
ability and insufficient degrees of freedom in trajectory plan-
ning [3]. Although mobile robots based on Mecanum wheels
or omnidirectional wheels offer high maneuverability, they
cannot be heavily loaded and their mechanism is vulnerable
to damage [4], [5]. While the four-wheel independent drive
and independent steering (4WS) robot provides a variety
of steering modes, which can effectively meet the needs
of complex environments. Each steering model imposes
different constraints on the wheels to generate distinct motion
characteristics [6].

Many scholars have studied trajectory tracking control
strategies for 4WS robots. Setiawan et al. [7] proposed a
symmetric negative steering trajectory tracking control strat-
egy for 4WS robots based on the Backstepping method. Tan
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(a) (b)

Fig. 1. (a) Prototype of a 4WS robot, (b) Typical work scenarios of 4WS
robot.

et al. [8] introduce a sliding mode controller for trajectory
tracking tasks under negative steering strategies. Arvind [9]
further investigate the dynamics of the steering system to
reduce the turning radius of 4WS robots. Lin et al. [10] com-
bine reinforcement learning with model predictive control
(MPC) to build a trajectory tracking controller for negative
steering. The study in [11] demonstrates that using an MPC
controller enables the 4WS robot’s negative steering mode
to maintain excellent stability during high-speed trajectory
tracking.

The above research mainly focuses on controlling single
steering modes, particularly negative steering and its variants,
without considering the switching of steering modes based on
practical needs. Steering mode switching can be categorized
into two types: stationary and non-stationary switching. The
former will stop motion first and then switch modes, while
the latter will switch modes dynamically during motion.
Nguyen et al. [12] address the non-stationary switching
problem of multiple steering modes in trajectory tracking
by constructing a hybrid integer MPC controller. They used
the big-M method and the linearized model to reformulate
the non-linear mixed integer formula into a linear form, then
using solvers to compute optimal steering modes and control
parameters. Xu et al. [13] propose a multi-objective genetic
algorithm (MOGA) based on Non-dominated Sorting Ge-
netic Algorithm II (NSGA-II) for optimizing wheel trajecto-
ries in non-stationary steering mode switching. These studies
focusing on non-stationary switching only consider switching
between steering modes with similar motion constraints and
do not resolve the uncontrollable motion issues caused by
mode switching. When the target mode has a similar motion
constraint to the current mode, the non-stationary switching
may not have a large motion error, but for the mode with a
large difference, this error may be large enough to affect the
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safety of the robot. In this case, stationary switching will be
more suitable. For example, Fig. 1 shows a 4WS inspection
robot and its typical inspection scenario. In this scenario,
the target trajectory includes orientation requirements for
the robot, and a combination of multiple steering modes is
necessary to complete the trajectory tracking successfully.

Therefore, how a 4WS robot autonomously selects differ-
ent steering modes based on waypoint information during tra-
jectory tracking remains a challenging problem. To address
this, Deep Reinforcement Learning (DRL) is a promising
candidate. DRL has been widely applied in robotic trajectory
tracking. Wang et al. [14] integrated DRL with pure pursuit
algorithm to construct a tracker. Zhao et al. [15] utilized
lateral and longitudinal errors as state variables to develop
an end-to-end trajectory tracking system. Owing to its rep-
resentational learning ability and exploratory characteristics
[16], DRL methods can autonomously make decisions based
on the waypoint information of the reference trajectory.
Although DRL has demonstrated robust performance and
adaptability in single-modal tracking, existing studies have
yet to explore the various steer modes of 4WS robots.

In this paper, we adopt a hierarchical DRL approach to
execute both trajectory tracking tasks and mode switching
decisions. We have constructed an iterative training envi-
ronment that considers all actuator constraints and applies
multiple randomizations to ensure the feasibility of deploy-
ing our method on a real 4WS platform. Due to the fast
inference performance of the DRL process, the method
we implemented exhibits excellent real-time performance.
Furthermore, we conducted extensive experiments to validate
the effectiveness of our approach. Specifically, our contri-
butions include the design of a DRL-based steering mode
selection strategy that autonomously selects the optimal
steering configuration based on the target state, the develop-
ment of a DRL-based trajectory tracking method compatible
with various steering modes, and the construction of a
training environment incorporating trajectory randomization
and domain randomization techniques to enhance real-world
deployment feasibility.

II. PROBLEM FORMULATION

A. 4WS Robot Modelling

The 4WS system is illustrated in Fig. 2, where it allows
each of the robot’s four wheels to steer at different angles.
The coordinates of each wheel in the robot’s local coordinate
system can be expressed as follows:

xi=(−1)⌊(i−1)/2⌋L, yi=(−1)i−1W, (i = 1, 2, 3, 4),
(1)

Assuming the four wheels are at the same speed, kinematic
analysis of the motion of the four wheels with respect to the
robot as a whole can yield a kinematic model of the robot:

ẋ = 1
4

∑4
i=1 v cos(ηi + θ)

ẏ = 1
4

∑4
i=1 v sin(ηi + θ)

θ̇ = ω =
∑4

i=1
v(−yi cos ηi+xi sin ηi)

4xi
2+4yi

2 ,

(2)

Fig. 2. 4WS robot kinematic model.

where state {x, y, θ, v} represents the robot’s position, ori-
entation and velocity, and input {a, η1, η2, η3, η4} represents
the wheel acceleration and the steering angles of each wheel.

This continuous model may suffer from distortion under
discrete simulation conditions. Therefore, using a first-order
Taylor expansion and Euler discretization method, we lin-
earize and discretize the above model to obtain the system
state equation:

Xk+1 = AXk +BUk + C, (3)

where the matrices A, B, and C are defined as:

A =


1 0 −αv∗

∑4
i=1 sin ζ

∗
i α

∑4
i=1 cos ζ

∗
i

0 1 αv∗
∑4

i=1 cos ζ
∗
i α

∑4
i=1 sin ζ

∗
i

0 0 1 α
∑4

i=1
−yi cos η

∗
i +xi sin η∗

i

4x2
i+4y2

i

0 0 0 1

 ,

B =


0 B12 B13 B14 B15

0 B22 B23 B24 B25

0 B32 B33 B34 B35

1 0 0 0 0

 ,

C =


αv∗

∑4
i=1 ζ

∗
i sin(ζ

∗
i )

−αv∗
∑4

i=1 ζ
∗
i cos(ζ

∗
i )

−αv∗
∑4

i=1(η
∗
i
yi cos η

∗
i +xi sin η∗

i

4x2
i+4y2

i
)

0

 .

(4)
Here, the elements of matrix B are defined as:

B1i = − 1
4v

∗∆t sin(ζ∗i ),

B2i =
1
4v

∗∆t cos(ζ∗i ),

B3i =
1
4v

∗∆t
yi sin η

∗
i + xi cos η

∗
i

4x2
i + 4y2i

,

(5)

where α = − 1
4∆t, ζi = θ + ηi. Xk = [xk, yk, θk, vk]

T

represents the robot’s position, orientation, and velocity at
time step k, and Uk = [ak, ηk] represents the robot’s
acceleration and the steering angles of the four wheels at time
step k. The matrices A, B, and C are derived by linearizing
the system at [X∗, U∗].
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In addition, to meet the robot’s actuator performance, we
considered the additional constraints defined by:

Xmin ≤ Xk ≤ Xmax

Umin ≤ Uk ≤ Umax

|Uk+1 − Uk| ≤ ∆Umax.

(6)

B. 4WS Steering Modes

The 4WS robot, due to the high degrees of freedom of its
wheel mechanisms, has a variety of steering modes suitable
for different scenarios, the typical of which is illustrated in
Fig. 3. We focus on four typical steering modes: symmetrical
negative steering, parallel positive steering, lateral negative
steering, and stationary rotation. These four steering modes
enable the robot to meeting the maneuverability requirements
in various exceptional situations.

In the symmetric negative steering mode, the left and
right wheel angles of the robot are the same, and the front
and rear wheel angles are opposite. In parallel positive
steering mode, the robot’s four wheels turn at the same angle.
Lateral negative steering can cause the robot to remain facing
tangential to the direction of motion as it moves. Assuming
a control input angle of η, the robot’s motion constraints are:{

η1 = η3 = η,

η2 = η4 = η1

|η1| (π − |η1|).
(7)

In stationary rotation mode, wheel angles only depend
on the inherent properties of the robot. The robot’s motion
constraints are:{

η1 = −η3 = π − arctan
(

L
W

)
,

η2 = −η4 = arctan
(

L
W

)
.

(8)

C. Trajectory Tracking Optimization Formulation

To clearly describe the trajectory tracking problem, we
define the optimization objective function as:

min
Xk,Uk

Np−1∑
i=0

(
E⊤

X,iQEX,i + E⊤
U,iREU,i

+M⊤
U,iΓMU,i

)
+ E⊤

X,Np
PEX,Np

subject to EX,i = X̂i −X ref
k+i, i = 0, . . . , Np,

EU,i = Ûi − U ref
k+i, i = 0, . . . , Np,

MU,i = Ûi+1 − Ûi, i = 0, . . . , Np,

state constraints from Eq. (3),
Actuator constraint from Eq. (6),

(9)

where, Q ∈ R4×4, R ∈ R2×2, Γ ∈ R2×2, and P ∈ R4×4 are
the positive semi-definite weight matrices for the state, input,
input change, and terminal state, respectively. Variables with
a hat represent the predicted values at step i within the
prediction horizon.

We need to optimize the solution of this objective function
on the premise that the multiple constraints mentioned above
are satisfied. Depending on the steering mode, we also need
to decide which steering mode to adopt as the constraint of

Fig. 3. 4WS robot steering modes: (a) Symmetrical negative steering.
(b) Parallel positive steering. (c) Lateral negative steering. (d) Stationary
rotation.

the optimization problem. The current standard method [12]
is to use the big-M approach to construct the Mixed-Integer
Quadratic Programming (MIQP) for a solution. However,
this method of motion constraint switching takes effect
instantaneously. In fact, the actual robot’s steering mode
switching takes time, which will cause the robot’s motion to
be uncontrolled during the switch. Switching between modes
with significant constraint gaps can cause serious safety
problems. This optimization problem will become more
complicated with more optimization goals and constraints
if it is desired that the robot be able to stand still before
performing mode switching.

In addition, the high computational burden of the numeri-
cal optimization process can also affect the algorithm’s real-
time performance. Therefore, we aim to explore faster and
more feasible alternative control solutions.

III. METHOD

To address the aforementioned issues, we propose a hierar-
chical trajectory tracking solution based on Deep Reinforce-
ment Learning. Fig. 4 illustrates the overall structure of the
proposed trajectory tracking method. The specific details of
each component will be described in the following sections.

A. Low-level Controller

1) Soft Actor-Critic Algorithm: Soft Actor-Critic (SAC)
[17] is a reinforcement learning algorithm designed for con-
tinuous action spaces and is capable of solving high-sample-
complexity, model-free problems. SAC belongs to the Actor-
Critic framework [18], which is also divided into Actor
networks and Critic networks. Unlike traditional Actor-Critic
frameworks, SAC’s objective is not only to maximize the
expected cumulative reward but also to maximize the entropy
of each output action. The Critic network’s output is repre-
sented by Q(st, at), and the Actor network is represented by
π(at|st). Q̂(st, at) denotes the corresponding target action-
value function. The loss function for the Critic network is
defined as:

JQ = E(st,at)∼D

[
1

2

(
Q(st, at)− Q̂(st, at)

)2
]
. (10)

The loss function for the Actor network is defined as:

Jπ = E(st∼D,at∼π)

[
log π(at|st)−

1

α
Q(st, at)

]
. (11)

Fig. 5 shows our SAC network architecture. Since trajec-
tory data have a temporal relationship, we introduce LSTM
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Fig. 4. Proposed hierarchical trajectory tracking framework based on deep reinforcement learning.

Fig. 5. Implementation framework of SAC network.

[19] into the network to enhance its ability to model sequen-
tial data. This allows the network to uncover potential long-
term patterns, improving the model’s prediction accuracy and
robustness.

2) Observation Space: Our observation space Sl =
{stl, srl} consists of two parts: local reference trajectory
information stl and robot state information srl.

To clearly represent the trajectory information ahead of the
robot, we extract a segment of the trajectory and transform it
into the robot’s local coordinate system as the local reference
trajectory. The coordinate transformation formula for the
local reference trajectory is:xlocal

ylocal
1

 =

 cos(θ) sin(θ) xrobot
− sin(θ) cos(θ) yrobot

0 0 1

 ·

xglobal
yglobal
1

 , (12)

where xglobal and yglobal are the coordinates of the trajectory
in the global coordinate system before transformation, xlocal
and ylocal are the coordinates in the local coordinate system
after transformation, xrobot and yrobot are the coordinates of
the robot in the global coordinate system, and θ is the robot’s
orientation angle in the global coordinate system.

The local reference trajectory information is defined start-
ing from the reference point as:

stl = {p1, p2, ..., pn}, (13)

where n is the length of the reference trajectory, and pi =
{xlocali , ylocali}, i = 0, 1, . . . , n.

The robot state information describes the robot’s current
motion status. We aim to use more generalized informa-
tion when constructing the entire state space. Including the
coordinates in the global coordinate system as part of the
state space would reduce the generalization ability of the
algorithm, so we define the robot state information as:

srl = {η, v}, (14)

where v represents the robot’s velocity.
3) Action Space: In designing the action space, we adopt

an idea similar to MPC: using the system model to predict
the state evolution over a period of time in the future. The
action space is defined as:

Al = {A1, A2, ..., An}, (15)

where Ai = {ai,∆ηi}, i = 0, 1, . . . , n, a represents the
robot’s acceleration, and ∆η represents the wheel control
angles of the robot.

We output a sequence of actions to enable the model to
consider future steps while learning, and apply only the first
action when the agent makes a state transition. This control
method is also the core idea of MPC, which can effectively
improve the robustness and stability of the control method.

4) Reward Function: In DRL, the reward function serves
as feedback from the environment and plays a crucial role
in training the optimal policy. We have designed a dense
reward to evaluate the difference between the current robot
state and the reference state, considering both accuracy and
smoothness, to guide the agent in completing the trajectory
tracking task. The specific reward type is:

Rl = w1Rs + w2Ra, (16)
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Fig. 6. Implementation framework of D3QN network.

where Rs and Ra represent the tracking accuracy reward and
action reward, weighted by w1 and w2, respectively.

In the design of Rs, we aim to guide the robot to reach the
target position on the trajectory while ensuring the overall
optimality of the output action sequence to guarantee the
foresight of the policy. We construct the reward function by
using the negative Euclidean distance sum between the goal
point sequence and the actual point sequence obtained by
executing the output action sequence from the robot’s current
position. The reward function is:

Rs = −
n∑

i=1

√
(xi − xti)

2 + (yi − yti)
2, (17)

where xi and yi represent the robot’s coordinates at the
i-th step of the sequence, xti and yti represent the target
coordinates at the i-th step of the sequence.

In the design of Ra, to ensure the smoothness of the
trajectory and save energy, we want to penalize excessive
variations in the control quantities. Therefore, we construct
the action reward function as:

Ra = −
n∑

i=1

µn(∆η̄j + āj), (18)

where µ is a discount factor less than 1, and we want actions
closer to the current point to have greater weight. To ensure
uniformity across different modes, we need to normalize the
action space to obtain āj and η̄j , with the normalization
function determined by the type of action space. In the
scenario of this task, min-max normalization is sufficient to
meet the needs of a linear action space. The action spaces
after normalization are:

{āj , η̄j} =

{
aj − amin

j

amax
j − amin

j

,
ηj − ηmin

j

ηmax
j − ηmin

j

}
. (19)

B. High-level Decider

1) Dueling Double Deep Q Network: Dueling Double
Deep Q Network (D3QN) is a reinforcement learning al-
gorithm designed for discrete action spaces, combining the
ideas of Double DQN [20] and Dueling DQN [21]. D3QN
network does not directly output the action-value function Q,
but instead uses separate branches to output the state-value
function V and the advantage function A. This approach
allows for better predictions when states and values are
relatively independent. The action-value function Q requires
additional calculation by:

Q(s, a) = V (s, a) +A(s, a)−A(s, a), (20)

where A(s, a) is the mean of the advantage function.
In addition, similar to Double DQN, D3QN eliminates

estimation bias by using the evaluation network to determine
the action, and the target network to determine the action
value. ωe and ωt represent the evaluation and target network
weights, the target value of D3QN is computed as:

yt = rt+1 + γQ(st+1, argmax
a

Q(st+1, a;ωe);ωt). (21)

The D3QN network architecture we use is shown in Fig. 6.
2) Observation Space and Action Space: Our observation

space is quite similar to that of the low-level controller,
Sh = {sth, srh}, which is composed of two parts: the
local reference trajectory information sth and the robot state
information srh.

Starting from the reference point, we define the local
reference trajectory information as:

sth = {q1, q2, . . . , qn}, (22)

where qi = {xlocali , ylocali , θlocali}, with θlocali representing
the orientation angle of the trajectory in the local coordinate
system.

We define the robot state information as:

srh = {M}, (23)

where M represents the robot’s current motion mode. We
use 0-3 to correspond to the four motion modes: symmetric
negative steering, parallel positive steering, lateral negative
steering, and stationary rotation.

In addition, we define the action space as:

Ah = {N,T}, N ∈ [1, n− 1], T ∈ [0, 3]. (24)

Action space indicates that a mode switch is required af-
ter step N . T refers to the steering mode selected after
switching, and its value meaning is the same as that of M .
After the decider concludes that a mode switch is required,
the controller’s observation space will no longer record the
trajectory point after the switch point, but fill the void with
the switch point so that the robot can stop at the switch point.
After the switch is completed, continue reading the reference
trajectory and tracking the trajectory.

3) Reward Function: We iterate backward by certain
steps based on the selected motion mode and evaluate the
effectiveness of the selected motion mode by utilizing the
difference between the current robot state and the reference
state. The reward function is:

Rs =

n∑
i=1

(−∆T
Si
H∆Si

), (25)

where −∆Si
= [∆xi

,∆yi
,∆θi ], with ∆xi

, ∆yi
, and ∆θi

representing the differences in x-coordinate, y-coordinate,
and orientation angle between the actual state and the target
state, respectively. H is a diagonal matrix that determines
the coefficients for each state.
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Fig. 7. Trajectory generator based on multiple randomization.

C. Reference Trajectory Generator

When generating the reference trajectory dataset required
for algorithm training, we need to simulate the trajectory
requirements in the real scene as much as possible. Our
design not only considers the robot’s kinematic properties
but also randomizes key parameters such as speed, steering
angle, and trajectory length during the generation process.
Fig. 7 shows the workflow of our trajectory generator.

We first use a mode random sampler to determine the
motion mode corresponding to the segmented trajectory to
be generated. Then, based on the motion constraints of
each motion mode and using multiple random samplers,
we generate multiple segmented trajectories. Finally, these
segmented trajectories are concatenated, and the attributes
of the motion mode switch points are recorded.

Among them, because the trajectory does not specifically
consider the robot’s acceleration limit, errors will inevitably
occur at some trajectory points during trajectory tracking.
This situation corresponds to the scenario where robots
receive unreasonable trajectories in actual scenarios, and the
goal of the algorithm is to minimize errors as much as
possible within the constraints of kinematics. The dataset
of trajectories generated through multiple random samplings
can effectively enhance the generalization ability of the
algorithm and the reliability of its real-world deployment.

IV. EXPERIMENT

In this section, we will describe the parameter configu-
rations and training conditions for the proposed trajectory
tracking method. Additionally, several experimental scenar-
ios have been designed to evaluate performance and validate
the method’s effectiveness. We use the PyTorch framework
to build neural networks to obtain controllers and train them
through reinforcement learning.

A. Experiment Setup

To validate our proposed trajectory tracking method, we
conducted simulations and real robot experiments. The sim-
ulation experiments were performed on a computer equipped
with an Intel Core i7-13700H CPU, a GeForce GTX 4060
GPU, and 32 GB of RAM. The software platform was
configured with PyTorch 2.1.0 and CUDA 12.7. The overall
reinforcement learning interaction framework is shown in
Fig. 4, with key parameters listed in Table I. Additionally,
we performed method performance verification on a real
robot platform based on actual task requirements, its specific
parameters are provided in Table II. To ensure consistency

in the experiments, the key parameters of the numerical
simulation model were set to match those of the real robot.

TABLE I
REINFORCEMENT LEARNING MODEL TRAINING PARAMETERS

Parameter Description Value
Mmax Max memory size 100000
B Batch size 256
n Input sequence length 5
γ Discount return factor 0.99
τ Target smoothing coefficient 0.005
Lr1 D3QN learning rate 0.002
ϵ D3QN epslion-Greedy factor [0.1,1]
Lr2 SAC learning rate 0.0001
H state coefficients matrix diag(1,1,1)
ω1, ω2 controller reward coefficient 10, 0.02

TABLE II
ROBOT RELATED PARAMETERS

Parameter Description Value
M,kg Mass of the robot 250
W,mm Width of the robot 710
L,mm Length of the robot 1400
r,mm Radius of the wheels 240
b,mm Wheelbase of the robot 970
d,mm Track of the robot 670
a,m/s2 Max acceleration of the robot 5

B. Low-level Controller Experiment

To verify the performance of the low-level controllers
corresponding to different motion modes, we compared the
proposed method with traditional pure pursuit and the MPC
trajectory tracking controller. We construct the environment
of MPC controller through CXVPY [22] and use OSQP
[23] to solve the problem. The tasks compared include
random trajectories generated by the Reference Trajectory
Generator under three different modes. Specifically, the time
interval between every two trajectory points is 0.05s, and the
generated trajectory velocity is between 0.5m/s-2m/s.

The steering angle constraints are defined as:
• Symmetric Negative Mode: η ∈ [−π

3 ,
π
3 ]

• Lateral Negative Mode: η ∈ [−π
3 ,−

2π
3 ]

• Parallel Positive Mode: η ∈ [−π, π]
• wheel steering rate limit ∆η ∈ [− π

60 ,
π
60 ] per unit time

Fig. 8 demonstrates the experimental results of different
trackers under three operational modes. We compared the
three methods’ performance in terms of lateral error, longi-
tudinal error, response time, and other performance metrics.
The lateral error is denoted as ex, the longitudinal error as
ey , and the response time as Res Time. Experiments were
conducted on 1000 randomly generated trajectories, each
consisting of 100 trajectory points, and the maximum and
mean errors were recorded. The specific results are shown
in Table III.

Our method significantly outperforms pure pursuit algo-
rithm in terms of tracking accuracy. Compared with the MPC
approach, our method reduced the average lateral error by
47.53%, 34.59%, and 50.92% across three steering modes,
respectively. In terms of longitudinal error, our method
achieved average error reductions of 26.83%, 34.82%, and
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Fig. 8. Trajectory tracking results of Low-level Controller.

TABLE III
SINGLE-MODE TRAJECTORY TRACKING ERRORS AND COMPUTING TIME

Steer Mode Method
Trajectory Following Metrics

|ex|mean(m) |ex|max(m) |ey |mean(m) |ey |max(m) Res Time(s)

Symmetric
Negative

Pure Pursuit 0.01271 0.06358 0.008468 0.02679 0.000085
MPC 0.01214 0.04116 0.005951 0.01989 0.032674
Ours 0.00637 0.02232 0.004354 0.02038 0.001059

Lateral
Negative

Pure Pursuit 0.00723 0.02871 0.006278 0.02934 0.000083
MPC 0.00662 0.02627 0.006982 0.03282 0.032716
Ours 0.00433 0.02106 0.004551 0.02561 0.001024

Parallel
Positive

Pure Pursuit 0.05796 0.19091 0.064089 0.22522 0.000080
MPC 0.03496 0.12895 0.039658 0.12934 0.031987
Ours 0.01716 0.10601 0.017154 0.07540 0.001036

56.75%, respectively. Moreover, although the response time
of our proposed algorithm is longer than that of the pure
pursuit algorithm, it is reduced by 99% compared to the
MPC approach, meeting the requirements for real-time de-
ployment.

Fig. 9. Comparison of trajectory tracking results of low-Level controllers
under numerical simulation and CoppeliaSim simulation.

To further validate the effectiveness of the algorithm, we
created a digital twin model of a robot on the CoppeliaSim
platform [24] based on the technical details of a real robot.
Due to the independence of the high-level decider from
motion models, we independently validated the performance
of the low-level controller on the CoppeliaSim platform.
The results in Fig. 9 show that the low-level controller’s
performance has slightly decreased compared to numerical
simulation. However, it can still track the target trajectory
stably.

C. High-level Decider Experiment

To validate the performance of the high-level decider
in making mode-switching decisions, we used the random

trajectories generated by the generator with various mode
combinations for performance verification. The speed and
motion constraints of each mode were consistent with the
previous experiment. The low-level controller uses the pro-
posed method. Fig. 10 shows the experimental results of the
decider under a typical trajectory.

Fig. 10. Trajectory tracking results of High-level Decider.

We compared the position error between the decision
points made by the decider and the actual switching points
for each mode. Experiments were conducted on 1000 ran-
domly generated trajectories composed of three motion
modes and stationary rotation, followed by data statistics and
the specific results are shown in Table IV. The vertical axis
of the table is the current steering mode and the horizontal
axis is the target steering mode.

TABLE IV
STEERING MODE SWITCH POINT ERRORS

Position error (m)
Symmetric Negative Lateral Negative Parallel Positive Stationary rotation

mean max mean max mean max mean max
Symmetric
Negative —— —— 0.00491 0.02374 0.00486 0.00847 0.00482 0.00923

Lateral
Negative 0.00766 0.03715 —— —— 0.00941 0.03288 0.00791 0.03134

Parallel
Positive 0.01842 0.04963 0.02077 0.05820 —— —— 0.01952 0.06712

The steering mode switching error comes from the deci-
sion error, and the terminal error of the low-level controller.
In all mode-switching scenarios, our decider consistently
ensures high accuracy. A similar effect can be achieved by
simulating all modes at each trajectory point and selecting
the one with the smallest error, but our designed decider is
significantly more time-efficient. Besides, due to the design
of the action space, our designed decider avoids frequent
mode switching.
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D. Real-robot Experiment

Additionally, to validate the performance of the proposed
method applied to a real robot, we deployed the algorithm on
the robot mentioned earlier and tested it using the trajectory
provided by an actual inspection task. The work scenario and
inspection trajectory are shown in Fig. 11.

Fig. 11. Robot Inspection Environment and Inspection Path.

In our experiments, a collision risk is assumed whenever
the distance between the robot and any obstacle falls below
2 cm, at which point tracking is considered to have failed.
Methods relying on single steering mode were unable to
successfully complete the tracking task. We conducted 20
tests using both the decider + MPC and decider + controller
approaches respectively. The group use MPC achieved a
tracking success rate of 75%, whereas our proposed method
attained a success rate of 100%. These results confirm that
our method can accurately track the predetermined inspection
trajectory without any collisions with surrounding obstacles.

V. CONCLUSION

This paper presents a multi-modal trajectory tracking
method considering the switch of steering modes. We enable
the robot to autonomously choose the most suitable steering
mode and perform stable trajectory tracking through the
designed hierarchical control framework based on deep re-
inforcement learning and the corresponding target trajectory
random generator and training interaction environment. The
proposed algorithm has been successfully deployed on fac-
tory inspection robots, exhibiting excellent stability in actual
production. However, this method is currently mainly verified
based on a specific robot platform and a single environment,
and has not yet fully considered the impact of actual factors
such as positioning error on performance. Future work will
focus on improving the robustness in more complex and
dynamic environments, and explore the generalization ability
of the method in multiple platforms and multiple scenarios
to enhance its practical value and scope of application.
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