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Abstract

This paper proposes a hybrid motion planning framework for three-wheeled mobile robots (3WMRs), integrating an improved A-star (A*)
algorithm for global planning with Nonlinear Model Predictive Control (NMPC) for local planning. The improved A* algorithm is designed
with a two-stage adaptive heuristic strategy that combines Manhattan and Octile distances. This approach significantly reduces the number
of expanded nodes during the search process while mitigating the tendency of trajectories to graze obstacle boundaries through a safety buffer
expansion mechanism within the grid map construction. The resulting global trajectory is smoothed using Cubic Spline interpolation and
serves as the reference trajectory for the NMPC controller at the local planning layer. This ensures precise trajectory tracking, smooth motion,
and strict adherence to kinematic constraints, non-holonomic constraints, workspace limits, and the robot's control limits. Furthermore, the
paper proposes a real-time replanning mechanism based on the improved A* algorithm to handle sudden obstacles in dynamic environments.
The effectiveness of the proposed method is validated through simulation scenarios in MATLAB R2023b across both static and dynamic
environments, including quantitative comparisons with classical algorithms such as Dijkstra and conventional A*. The results demonstrate
that the proposed method substantially decreases the number of expanded nodes while ensuring reliable collision avoidance and high tracking
accuracy. These findings confirm the efficiency, robustness, and practical feasibility of the proposed hybrid motion planning framework for
mobile robots in complex environments.
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planning methods is essential. These methods must guarantee
reliable collision avoidance, path optimality, smooth motion,
and strict adherence to constraints.

Abbreviations

3WMRs Three-Wheeled Mobile Robots

A* A-star

RRT Rapidly Exploring Random Tree
MPC Model Predictive Control

NMPC Nonlinear Model Predictive Control
CBFs Control Barrier Functions

TEB Timed Elastic Band

FLC Fuzzy Logic Control

HA Hedge Algebra

RK4 Fourth-order Runge-Kutta
NLP Nonlinear Programming
OCP Optimal Control Problem

1. Introduction

In recent years, mobile robots have played an increas-
ingly vital role in various sectors, including industrial auto-
mation, intelligent services, and defense and security. Due to
their simple design and cost-effectiveness while maintaining
high maneuverability, 3WMRs have become a preferred plat-
form for researching and testing motion planning and control
algorithms. To ensure the efficient operation of 3WMRs in
real-world environments, the development of intelligent path

To date, a wide range of motion planning methods has
been investigated and proposed, as documented in [1-17].
These methods are generally classified into two main catego-
ries: global planning and local planning. Global planning
methods are exemplified by graph-based search algorithms
such as Dijkstra [1] and A* [2], as well as sampling-based
methods like RRT* [3], along with their enhanced variants,
including A* with adaptive heuristic strategies [4] and A*
with multi-neighbor search mechanisms [5]. These global
planners effectively leverage prior knowledge of the environ-
ment map to find feasible, collision-free paths while optimiz-
ing criteria such as path length or the number of expanded
nodes during the search process. In addition to graph-based
approaches, sampling-based methods like RRT-the precursor
to RRT*-are widely utilized due to their simple architecture
and high computational speed. However, RRT often suffers
from low planning efficiency, high stochasticity, and poor
path quality [6]. Furthermore, since RRT prioritizes space ex-
ploration over optimality, the path cost does not necessarily
improve as the number of samples increases.

Although global planning methods exhibit high effi-
ciency in pathfinding within known maps, most of them fail
to fully account for kinematic characteristics, physical con-
straints, non-holonomic constraints, and the robot’s work-
space limitations. Furthermore, conventional global planners
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typically assume a static and predefined environment, leading
to limited adaptability when encountering sudden obstacles or
local environmental changes. To improve obstacle avoidance,
several studies have proposed integrating replanning mecha-
nisms based on environment map updates and the re-execu-
tion of global planning algorithms. For instance, in [7], an op-
timal collision avoidance algorithm based on an improved
Dijkstra was proposed, where the robot continuously monitors
for obstacles during motion, updates the graph upon detecting
new obstacles, and subsequently re-executes the planning al-
gorithm. However, this approach requires a full re-execution
of the algorithm, which increases computational latency and
compromises the real-time responsiveness of the system due
to Dijkstra’s inherent limitations regarding the number of ex-
panded nodes. This necessitates more efficient trajectory re-
planning strategies that maintain feasibility for practical im-
plementation.

In contrast to global planning, local planning methods
focus on generating trajectories and control signals over a
short horizon, based on real-time sensor data and the current
state of the robot. Among these, methods rooted in optimal
control, notably MPC and its nonlinear variants such as
NMPC [8], have garnered significant attention. This is due to
their ability to directly incorporate nonlinear kinematics, non-
holonomic constraints, actuator saturation or control limits,
and obstacle avoidance requirements into the robot's mathe-
matical model. NMPC enables the prediction of robot behav-
ior over a finite time horizon while optimizing a cost function
to ensure smooth, stable, and safe motion. Given its capacity
to handle multiple simultaneous constraints, NMPC is partic-
ularly suited for robotic platforms with complex kinematics
or those requiring high precision. However, the performance
of NMPC is heavily dependent on the design of the cost func-
tion and the initial reference trajectory. In complex, cluttered
environments or in the absence of clear global guidance,
NMPC may converge to locally optimal trajectories that fail
to achieve global optimality in terms of path length or travel
time. Nevertheless, numerous experimental studies, such as
[9], have demonstrated the feasibility and effectiveness of
NMPC in real-world mobile robot applications. In recent
years, the integration of NMPC with CBFs [10] has emerged
as a robust approach to enhance the safety guarantees of mo-
bile robots in dynamic and uncertain environments. CBFs
provide a rigorous mathematical framework to enforce safety
constraints as involvement inequalities, ensuring that the sys-
tem states consistently remain within a predefined safe set,
such as maintaining a minimum distance from obstacles or
avoiding forbidden zones. This approach addresses a critical
limitation of conventional NMPC, where safety is often only
indirectly managed via penalty functions in the cost function
or Euclidean distance-based constraints. Such indirect meth-
ods often struggle to balance target tracking, motion smooth-
ness, and collision avoidance. Despite these advantages,
NMPC-CBFs faces certain challenges. Incorporating CBF
constraints into the optimization problem increases computa-
tional complexity, particularly in environments with numer-
ous dynamic obstacles or a high count of CBFs. Furthermore,
the efficacy of this method relies heavily on the selection of
appropriate CBF candidates, their associated parameters, and
the ability to solve the optimization problem in real-time.
Consequently, designing efficient NMPC-CBFs architectures

that reduce computational overhead while ensuring practical
deployability remains a highly active and significant research
direction.

Beyond standalone global or local planning methods, hy-
brid approaches that integrate both layers have been widely
adopted in mobile robotic systems to leverage their respective
advantages. Specifically, studies [11-13] proposed combin-
ing global search algorithms, such as A* and Dijkstra, with
the TEB method, forming A*~TEB and Dijkstra-TEB plan-
ning frameworks. In these frameworks, A* or Dijkstra gener-
ates a global reference trajectory based on the environment
map, while TEB serves as the local planner to refine the tra-
jectory for smoothness, time-optimality, and obstacle avoid-
ance. Although TEB [14] is capable of generating trajectories
consistent with the robot’s motion characteristics and is effec-
tive in many practical scenarios, its output quality can some-
times be unstable and may violate boundary conditions or kin-
ematic requirements in complex situations. To address this,
research [15] proposed integrating TEB with FLC, resulting
in the FLC-TEB method. This approach incorporates addi-
tional objectives related to motion smoothness and jerk during
trajectory optimization to yield smoother paths and more sta-
ble control. Experimental results indicate that while FLC—
TEB slightly increases the total travel time, it provides more
stable, smoother, and shorter trajectories compared to the
classical TEB. Furthermore, study [16] applied HA theory to
robot motion control. Simulation results demonstrated higher
control efficiency and faster computational speeds compared
to conventional fuzzy set theory-based controllers for autono-
mous navigation. Despite these significant improvements in
trajectory quality, methods based on fuzzy logic and hedge
algebra are inherently limited by their heavy reliance on ex-
pert knowledge for constructing and fine-tuning fuzzy rule
sets. This poses challenges for scalability and application in
complex or rapidly changing environments.

Consequently, model-based optimization methods,
which enable the automated handling of constraints and tra-
jectory quality objectives within a unified mathematical
framework, are garnering increasing attention in hybrid mo-
tion control systems. Following this approach, study [17] pro-
posed an A*~-NMPC framework where the global trajectory
generated by A* serves as the reference for the NMPC con-
troller. The results indicated that NMPC significantly im-
proved tracking performance compared to TEB. However, the
NMPC in [17] did not directly integrate obstacle avoidance
mechanisms into the optimization problem, nor did it consider
global trajectory replanning strategies for dynamic environ-
ments. As a result, the system's adaptability remains limited
when encountering sudden obstacles or local environmental
changes. This underscores the need for hybrid planning
frameworks that more tightly integrate global guidance, local
optimization, and real-time safety guarantees. Furthermore,
since conventional A* primarily optimizes for path length on
discrete grid maps, the resulting global trajectories often tend
to graze the boundaries of obstacles, posing potential collision
risks in practical scenarios [18]. In contrast, improved A* al-
gorithms utilizing adaptive heuristic strategies significantly
reduce the number of expanded nodes during the search pro-
cess. This efficiency enables the integration of replanning
mechanisms to update the path upon detecting new obstacles
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while maintaining computational efficiency for real-world ap-
plications.

Based on the aforementioned analysis, it is evident that
an effective motion planning framework for mobile robots
must simultaneously satisfy three primary requirements: (i)
providing reliable global guidance based on environment map
information; (ii) ensuring kinematically feasible, safe, and
smooth local trajectories during execution; and (iii) pos-
sessing the capacity for flexible adaptation when the environ-
ment undergoes changes or sudden obstacles appear. The
studies analyzed above typically address only one or two of
these requirements effectively, while remaining limited in
terms of efficient replanning and real-time safety guarantees.
For instance, while the A*~NMPC framework [17] shows po-
tential in integrating global planning and local control, the use
of conventional A* can result in global trajectories that graze
obstacle boundaries. Meanwhile, the NMPC layer remains
heavily dependent on the reference trajectory and lacks tight
integration with obstacle avoidance or replanning mecha-
nisms. These shortcomings diminish the system'’s adaptability
when deployed in real-world environments.

Against this background, this paper proposes a hybrid
motion planning framework for 3WMRs, integrating an im-
proved A* algorithm for global planning with NMPC for the
local control layer. Specifically, the improved A* algorithm
employs a two-stage heuristic strategy-combining Manhattan
and Octile distances-which significantly reduces the number
of expanded nodes during the search process. Simultaneously,
it mitigates the tendency of trajectories to graze obstacle
boundaries by incorporating a safety buffer expansion mech-
anism during the grid map construction. The resulting global
trajectory is smoothed via Cubic Spline interpolation and
serves as the reference trajectory for the NMPC controller at
the local planning layer. This ensures precise trajectory track-
ing, smooth motion, and strict compliance with kinematic,
non-holonomic, workspace, and robot's control limits. Fur-
thermore, the paper introduces a real-time trajectory replan-
ning mechanism based on the improved A* algorithm to han-
dle sudden obstacles within the operating environment. The
effectiveness of the proposed framework is validated through
simulation scenarios in MATLAB R2023b across both static
and dynamic environments, including quantitative compari-
sons with classical algorithms such as Dijkstra and conven-
tional A*. The results demonstrate that the proposed method
substantially decreases the number of expanded nodes while
ensuring reliable collision avoidance and high tracking accu-
racy. These findings confirm the efficiency, robustness, and
practical feasibility of the proposed hybrid motion planning
framework for mobile robots in complex environments.

The remainder of this paper is organized as follows: Sec-
tion 2 presents the mathematical modeling and the research
objectives. Section 3 provides a detailed description of the
proposed hybrid motion planning framework, including the
grid map construction, the improved A* algorithm for global
planning, and the NMPC for local planning, as well as the
real-time trajectory replanning mechanism for handling sud-
den obstacles. Section 4 presents the simulation scenarios and
a detailed analysis of the results. Finally, Section 5 provides
the concluding remarks and suggests potential directions for
future work.

2. Mathematical modeling and research objec-
tives

The nonlinear mathematical model of the 3WMR mov-
ing on the OXY plane is illustrated in Fig. 1, consisting of
two independent rear driving wheels powered by DC motors
and a front castor wheel. Here, r denotes the driving wheel
radius; v, (m/s) and v, (m/s) represent the linear velocities

of the left and right wheels, respectively; o, (rad/s) and w,

(rad/s) are the corresponding angular velocities; and 2R is
the distance between the two rear driving wheels. To compre-
hensively describe the motion of the 3WMR, this study sim-
ultaneously employs two reference frames: the global coordi-
nate system OXY and the local (body-fixed) coordinate sys-
tem CX_.Y. . The global frame OXY serves as a fixed refer-
ence to represent the absolute position of the robot on the map.
In this frame, the state of the 3WMR is defined by the vector

7=[x y,6']T eR*, where (x,y) denotes the robot's posi-
tion coordinates in meters (m), and @ represents the robot's
orientation angle in radians (rad) relative to the OX axis. The
local coordinate system CX_Y. is rigidly attached to the ro-

bot body to define input control variables and establish inter-
nal kinematic constraints, ensuring consistency with the phys-
ical characteristics of the system. In this setup, the CY, axis
lies along the lateral line connecting the two driving wheels,
while the CX, axis coincides with the robot's heading direc-
tion. In this research, the center of mass C is designed to co-
incide with the midpoint P of the rear axle, resulting in a zero
offset distance (d =0). Furthermore, the control input is de-

scribed by the vector u=|v, co]T eR** where v (m/s) is the

linear velocity and @ (rad/s) is the angular velocity of the ro-
bot.

Y4
The platfi
Left driving wheel / ¢ platiorm
2r \\'/ ‘
////
Castor wheel
2R
e / Right driving wheel
A8
0 X

Figure 1: Mathematical model of the three-wheeled mobile robot [10].

Based on the geometric relationships, the kinematic
equations of the 3WMR under ideal operating conditions are
established as follows [19]:
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Figure 2: Proposed hybrid motion planning framework.
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The non-holonomic constraint equation is defined as fol-
lows [10]:

%sin(#) - ycos(6) =0 )

Remark 1: Based on the kinematic model (1), the rela-
tionship between the control inputs, the velocities in the local
coordinate system, and the state variations of the 3WMR in
the global coordinate system is explicitly established. Due to
the torque and power limitations of the DC driving motors,
the angular velocities w, and w, are always bounded within

a specific range. This leads to saturated control input con-
straints for the robot: |[v|<v,, and |o|<a,,, , where v

and w,,, denote the maximum allowable speeds. Further-

more, according to the non-holonomic constraint (2), the ro-
bot is unable to achieve instantaneous lateral motion along the
CY, axis. In addition, the robot's physical workspace is lim-

ited by the operational area and the presence of environmental
obstacles. Therefore, in this study, our objective is to establish
a hybrid motion planning framework for 3WMRs, enabling
the robot to navigate safely and efficiently in obstacle-clut-
tered environments while satisfying the kinematic constraints
(1), the non-holonomic constraints (2), control input con-
straints, and the robot's physical workspace limitations.

3. Proposed hybrid motion planning frame-
work

Fig. 2 illustrates the proposed hybrid motion planning
framework for 3WMRs, which tightly integrates global tra-
jectory planning with local optimal control to ensure feasibil-

ity, safety, and efficiency in the operating environment. Spe-
cifically, the environment map in the form of a Grid Map,
along with the Goal position, is fed into the global planner.
Based on this information, the global planner utilizes an im-
proved A* algorithm to search for a feasible, collision-free
global reference trajectory that guides the robot from its initial
position to the goal. The enhancement of the improved A* al-
gorithm using an adaptive heuristic strategy enables the
search for optimal and safe paths while reducing the number
of redundant expanded nodes, thereby creating a better-ori-
ented global trajectory in complex environments. The global
trajectory, smoothed using the Cubic Spline technique [21],
serves as the reference input for the NMPC-based local plan-
ner.

At the local level, at each discrete time step k , the pro-

. . . * P
cess of generating optimal control signals u, :[vk,a)k] to

track the global reference trajectory y, is performed by the

NMPC. Specifically, the optimizer solves the optimization
problem (12) at every time step k , utilizing a prediction
model discretized by the fourth-order Runge-Kutta (RK4)
method (10) to predict the robot's future state y, , . This op-
timization process continuously calculates an optimal control
sequence at each iteration to minimize the objective function
over a finite prediction horizon N, while strictly satisfying
constraints such as non-holonomic kinematics, system control
limits, and the robot’s physical workspace boundaries. Ac-
cording to the receding horizon control principle, only the first
optimal control value in the sequence, u, (14) , is extracted
and applied directly to the robot. For practical hardware im-
plementation, these high-level optimal control signals can be
converted into the optimal angular velocities of the two driv-
ing wheels, including the left wheel (k) and the right

wheel @y (k) (15), through the kinematic model (1). The ac-

tual state of the robot =[x, y,6’]T is collected via sensors

and subsequently fed back to the hybrid motion planning
framework. This feedback, combined with obstacle infor-
mation, allows the local planner to continuously update the
optimization problem based on the robot's current state, while
also providing the basis for global path replanning when the
environment changes or new obstacles appear.
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Under normal operating conditions, the hybrid planning
process occurs sequentially, where the global trajectory is
constructed first and subsequently tracked by the NMPC at
the local level. However, upon the emergence of unexpected
obstacles, the two planning layers operate in parallel: the
NMPC maintains real-time control based on current infor-
mation, while the global planner executes path replanning
based on the updated map. Once a new trajectory is generated,
it replaces the previous one and is fed into the NMPC for sub-
sequent cycles. By integrating global guidance from the im-
proved A* and local optimization via NMPC, the proposed
framework leverages the advantages of both layers. It ensures
long-term optimality and orientation of the trajectory while
maintaining precise tracking capability, smooth motion, and
strict adherence to constraints during practical operation.

3.1 Grid map construction

In this study, the workspace of the three-wheeled mobile
robot is modeled as a two-dimensional grid map on the OXY
plane, as illustrated in Fig. 3. The grid-based method is widely
adopted due to its intuitive representation, simplicity, and ease
of implementation. The workspace is discretized into square
grid cells of a fixed size, where each cell represents a small
region in the physical environment. Utilizing a grid map pro-
vides a visual representation of the environment while estab-
lishing a favorable foundation for applying graph-based
global path planning algorithms. Static obstacles within the
environment are modeled as clusters of occupied grid cells,
represented by dark gray regions. Unlike conventional grid
maps, the proposed method incorporates a safety buffer sur-
rounding each obstacle, represented by light gray regions, to
ensure operational safety in real-world environments. This
safety buffer is established to compensate for practical factors,
including the robot's geometric dimensions, sensor noise, and
control uncertainties. Consequently, the resulting global tra-
jectory tends to be safer, avoiding grazing obstacle edges, and
is more suitable for refinement and trajectory tracking at the
local level using the NMPC controller.

M Static Obstacles
Safety Buffer

¥ [m]

Figure 3: Grid map construction in the proposed method.
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3.2 Global planning based on the improved A* algorithm

A* is a graph-based path planning algorithm widely uti-
lized in global path planning due to its computational speed,
high efficiency, and stability. To date, A* is considered one

of the most classical and effective path planning algorithms
[20]. However, a significant drawback of A* is the require-
ment to store and access a vast number of redundant nodes
during the search process. As the map size increases, this
leads to substantial waste in memory and computational time,
thereby diminishing the pathfinding efficiency. Conse-
quently, in this study, we propose an improved A* algorithm
featuring an adaptive heuristic function strategy. This strategy
aims to enhance search efficiency, ensure path optimality and
safety, and simultaneously reduce the number of expanded
nodes.

The evaluation function in the conventional A* algo-
rithm is established as follows [20]:

f(n)=g(n)=+h(n) 3)
Where: g(n) represents the actual cost accumulated from the

start node to the current node n, h(n) is a heuristic function

representing the estimated cost from the current node n to the
target node, and f (n) is the evaluation function representing

the total estimated cost from the start node to the target node
through node n.

The heuristic function plays a crucial role in guiding the
search process and directly influences the algorithm's effi-
ciency. An unsuitable heuristic function can lead to the expan-
sion of too many redundant nodes or degrade the optimality
of the resulting path. Commonly used heuristic functions in-
clude Manhattan distance, Euclidean distance, and Octile dis-

tance. In this study, we define (x,,y,) as the coordinates of

the current node n, and (X, Ys ) as the coordinates of the

target node or goal node.
Manhattan distance is calculated as follows [20]:

hM(n)zlxe_an_'_lyG_ynl (4)
Where: h,, (n) is the heuristic function using Manhattan dis-

tance.
Euclidean distance is calculated as follows [20]:

e ()= (% =) + (%6 =¥, (5)
Where: h (n) is the heuristic function using Euclidean dis-

tance.
Octile distance is calculated as follows [20]:

o (m) = (s =] +[¥e = yn|)+(«/§—2)min[le5 Xn|*} ©)

|yG - ynl
Where: h, (n) is the heuristic function using Octile distance.

Manhattan distance is particularly effective during the
initial phase of the search process in grid-based environments,
as it facilitates rapid node expansion and covers a broader
search space. By prioritizing fast exploration, Manhattan dis-
tance helps mitigate the risk of the algorithm becoming
trapped in local minima [4]. Meanwhile, Octile distance com-
bines the characteristics of both Euclidean and Manhattan dis-
tances, allowing for a more accurate estimation of the actual
travel cost, thereby enhancing search efficiency [20]. Conse-
quently, Octile distance contributes to reducing the number of
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expanded nodes and improving trajectory quality, especially
during the path refinement stage near the goal.

Based on the aforementioned analysis, this study pro-
poses a two-stage heuristic strategy that integrates Manhattan
and Octile distances to leverage the advantages of both func-
tions. When the current node is far from the target, the heuris-
tic function employs Manhattan distance to prioritize rapid
exploration and extensive search space coverage, enabling the
algorithm to quickly identify feasible routes. In contrast, the
heuristic function transitions to the Octile form during the fi-
nal stage to more accurately approximate the true travel cost,
thus reducing redundant nodes. The Manhattan—Octile two-
stage heuristic strategy allows the improved A* algorithm to
maintain high search speeds in the early phase while ensuring
precision and trajectory quality in the later phase. As a result,
the number of expanded nodes is significantly reduced com-
pared to conventional A*.

Mathematically, our adaptive heuristic function is de-
signed as follows:

h,(n) if ho(n)>&8
hA(n)z M( ) ] E( )
ho(n) if he(n)<s
Where: & is the distance threshold for switching between
heuristic functions, and h, (n) is the adaptive heuristic func-
tion.
In this research, the cost function of the A* algorithm is
extended to simultaneously consider trajectory length, move-
ment direction, and safety level relative to obstacles. Specifi-

cally, the proposed evaluation function at each node is defined
as:

(")

f(n)=g(n)+ah,(n)-Bcos(g,)+C(n) (8)

Where: g(n) represents the total actual cost accumulated
from the start node to the current node n, h, (n) is the adap-
tive heuristic function, cos(6),) reflects the alignment of the

movement direction relative to the goal, and C(n) is the risk

cost formulated based on the distance to obstacles. Addition-
ally, @ and g are tuning parameters used to balance the in-

fluence of the heuristic and orientation components within the
cost function. Consequently, the proposed evaluation function
not only prioritizes shorter trajectories but also encourages
smooth motion and maintains a safe distance from obstacles
during the path planning process.

The risk cost function is defined as follows:

. _ z . it neQ

(n)=| min /(% =) + (v =v,)' +e ©)
o if neQ,

Where: (x,,Y,) are the coordinates of the current node n,

(X,.Y,)are the coordinates of the obstacle, Q, denotes the

set of obstacles, # is the risk constant, and ¢ is a small con-

stant to prevent division by zero.

Remark 2: Although the improved A* algorithm enables the
construction of a safe and optimal global trajectory on the grid

map, the obtained trajectory remains discrete in nature and
does not directly provide the robot's heading angle infor-
mation. Therefore, in this study, we apply the Cubic Spline
interpolation technique [21] to convert the sequence of dis-
crete waypoints into a continuous, smooth trajectory. This
method simultaneously allows for the derivation of continu-
ous orientation angle states along the path. This approach gen-
erates a more feasible reference trajectory for the local plan-
ning stage.

3.3 Local planning based on NMPC and trajectory re-
planning mechanism

. Zrl 'Zrz 1
Once the global reference trajectory y, = ,
o X,

consisting of M discrete reference points, is generated by
the improved A* algorithm and smoothed via Cubic Spline
interpolation, the local control layer utilizes NMPC to per-
form precise tracking. At each sampling period k , the gener-

ation of the control signal sequence u :{u" ’uuk*l’ } essen-
st Mk+N-1

tially involves solving a Nonlinear Programming (NLP) prob-

lem over a finite prediction horizon N . Specifically, within

the NMPC block, the Prediction Model employs the nonlinear

kinematic model of the 3WMR, discretized using the RK4

method (10). Based on the actual state y, fed back from sen-

sors, the Optimizer determines the control command sequence
to minimize a cost function (12). This cost function is de-
signed to balance primary objectives, including the elimina-
tion of tracking errors relative to the reference y, and the op-

timization of control effort to ensure smooth motion, thereby
preventing abrupt velocity changes that could damage the me-
chanical system. Throughout the optimization process, the
calculated control commands must strictly adhere to con-
straints, including non-holonomic kinematics, system control
saturation, and the robot’s physical workspace boundaries.
After finding the optimal solution sequence, according to the
receding horizon control principle, the system extracts only
the first control element u, (14) to be applied directly to the

robot. For practical hardware implementation, these high-
level optimal control signals are converted into optimal angu-

lar velocities for the two driving wheels, @, (k) and ay (k)

(15), through the kinematic model (1). This entire procedure
is repeated at each time step with continuously updated state
feedback, allowing the system to track the trajectory flexibly
and accurately while maintaining real-time adaptability to en-
vironmental fluctuations and the sudden appearance of obsta-
cles.

First, the kinematic equation (1) is discretized using the
RK4 method as follows [10]:

A
Zk+1:Zk+?T(R1+2R2+2R3+R4) (10)

Where: R, (i =1,..., 4) represents the slope estimates at differ-

ent points within a sampling step, used to calculate the next
state of the nonlinear system, and A, is the sampling period.
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The slope estimate values in (10) are determined as fol-
lows [17]:

R = f(Zkvuk)
A
R, = f(lk +7TR1,Ukj
; (1
R, = f(lk +—TR2,Ukj
2
R, = f(lk +ATR3'uk)

To solve the Optimal Control Problem (OCP), in this
study, we apply the multiple shooting method [22] to convert
the OCP into a Nonlinear Programming (NLP) problem. Ac-
cordingly, the optimization problem of the NMPC controller
at each sampling period is formulated as follows:

y

2
+|
Q

uk+j

N-1
Z{;("Zkﬂ' =G+

rT;iun(JN(;(k,uk))=miun i-
! ! 2
+||Zk+N _§k+N"p

N1 (Ikﬂ' _§k+j)TQ(Zk+j _§k+j)
=min i3] +(u.,) R(u,.,)
+(7(k+N =Gk )T P(ﬂ(kw _§k+N)

’ 410 u ,U+, .
Where: Z:{Zk A 1}and u:{ Kk }are the predicted

oo kN e Ung
state and control sequences, respectively, over the prediction
horizon N, y, is the robot's state at time k, u, is the con-

trol signal at time k. &, ,; € z, is the local reference state at

(12)

prediction step j, extracted from the global trajectory y, .
X and ¢, represent the states at the end of the horizon

(terminal states). The values Q e R**,R e R*? P e R*® are

positive definite weighting matrices, and N is the prediction
horizon of the NMPC controller.

The equality and inequality constraints are established as
follows:

Zk+]+l = f(Zkﬂ'vukH);vj GI:O,N —1:|
Toin < Xisi < Zomax: Vi €[ O,N ]
vje[0,N-1]

(13)

umin < uk+j <u

Where: g, and y,.. are the lower and upper bounds of the

state variables, u,,, and u,,, are the lower and upper bounds

of the control signals, respectively.

Similar to other studies on NMPC [8-10], the general so-
lution to the optimal control problem in (12) subject to con-
straints (13) is an optimal control sequence of the following
form:

u :{u;'u;+l""’u:+N—1} (14)

Regarding NMPC, according to the receding horizon
control principle, only the first element u, =[v:,a):]T is ex-

tracted to be applied for robot control. For practical hardware
implementation, these high-level control commands must be
converted into target angular velocities for each DC motor.
Based on the kinematic model (1), the optimal setpoints for
the angular velocities of the right and left wheels are deter-
mined as follows:

(15)

Where: @ (k) and ey (k) are the optimal angular velocities

of the left and right wheels at sampling time k, respectively.
This conversion ensures consistency between the high-level
control signals and the execution signals on the hardware.
Furthermore, thanks to the constraints established in (13), the
resulting angular velocities always remain within the safe op-
erating limits of the DC motor's torque and power, consistent
with the analysis in Remark 1.

In real-world environments, besides static obstacles al-
ready known and modeled in the global map, mobile robots
frequently encounter sudden obstacles during operation. Un-
like traditional NMPC approaches [8-10], where safety re-
quirements are typically integrated directly as hard constraints
in the optimization problem, this study applies a real-time tra-
jectory replanning mechanism based on the improved A* al-
gorithm. This approach simplifies the NMPC optimization
problem while effectively leveraging the advantages of the
improved A* algorithm in reducing the number of expanded
nodes and ensuring global safety.

At each control sampling period A, the robot continu-
ously monitors data from its sensors. Assuming the robot is
equipped with a sensor having a range R, , the condition
to trigger trajectory replanning is when the distance from the
robot to a sudden obstacle is less than or equal to the sensor's
safety threshold:

\/(Xo - Xn )2 +(yo - yn )2 < Rsensor (16)
Where: (x,,Y,) are the coordinates of the obstacle, and

(X,.,Y,) are the coordinates of the current node n.

When condition (16) is satisfied, the improved A* algo-
rithm is reactivated using the robot's current state as the new
start node to replan a global trajectory suitable for the updated
environment. The new trajectory is then smoothed via Cubic
Spline and provided to the NMPC control layer as a new ref-
erence trajectory. Thanks to this mechanism, the system can
adapt flexibly to local environmental changes while maintain-
ing safety and control efficiency without significantly increas-
ing the computational complexity of the NMPC problem.

4. Simulation results and analysis

In this study, the effectiveness of the proposed method is
validated through simulations conducted using MATLAB
R2023h. The hardware system employed for the experiments
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is a personal computer equipped with an Intel® Core™ i7-
11850H processor (8 cores, 2.50 GHz) and 32 GB of RAM.
We established two primary experimental scenarios: (4.1) The
robot moves in a static environment with known fixed obsta-
cles, and (4.2) The robot operates in a dynamic environment
with sudden obstacles, requiring trajectory replanning capa-
bilities. To evaluate performance, the proposed method is
compared with classical motion planning algorithms, specifi-
cally Dijkstra [1] and conventional A* [2]. For the NMPC lo-
cal optimization method, we utilize the CasADi library [23]
combined with the IPOPT solver [24] to search for optimal
solutions that satisfy system constraints. The control parame-
ters of the proposed method were selected using a trial-and-
error approach and are listed in detail in Table 1. The con-
straints on control signals and the operational workspace are

established as follows: v e[-0.5,0.5] (m/s), a)e[%%}

(rad/s), xe[-2,2] (m), and ye[-2,2] (m). The sampling
time for each control cycle is set to A; = 0.1 (s), the robot's
starting point coordinates are (x,y)=(-1.5,-1.5) (m), the
goal coordinates are (X5, Y )=(0.5,1.0) (m). The total num-

ber of simulation steps is 1,, =350 (steps), and the grid reso-

lution is 0.1 (m). The robot parameters are selected as follows
[11]: r=0.07 (m)and R=0.19 (m).

Table 1: Control parameters of the proposed method

Control parameters Value

Q diag (['3500,3500,500])
R diag ([1.5,1.5])
p diag (['3500,3500,1000])
a 15
B 1.0

Riensor 0.5
N 20
5 05
n 0.3
& 10°

Remark 3: The selection of control parameters is con-
ducted using a trial-and-error approach combined with sensi-
tivity analysis to balance trajectory tracking performance,
safety, and real-time computational feasibility. Specifically,
parameters « and g in the improved A* algorithm are
tuned to balance the influence of heuristic and orientation
components within the cost function (8). The parameter &
determines the distance threshold for switching between heu-
ristic functions (7). Meanwhile, the constant 7, in coordina-
tion with the sensing range R, , ensures that the robot con-
sistently maintains a safety buffer and executes timely replan-
ning upon the emergence of unexpected obstacles. The con-
stant & is chosen to be sufficiently small to avoid division-
by-zero singularities in the risk cost function (9). Further-
more, the weighting matrices Q , R, P are established to

prioritize position tracking accuracy while penalizing control
effort, thereby reducing abrupt variations in control signals.
This indirectly contributes to ensuring that the acceleration
and torque limits of the propulsion system are respected. Fi-
nally, the prediction horizon N is selected to achieve a trade-
off between control performance and real-time computational
overhead. After fine-tuning, these parameters are kept con-
stant across all simulation scenarios to ensure consistency
during the comparative analysis.

In this study, three key criteria are employed to evaluate
the effectiveness of motion planning methods: the number of
expanded nodes, the total path length, and the capability to
avoid sudden obstacles. Specifically, the number of expanded
nodes serves as an indicator of the planning algorithm's com-
putational cost. An efficient algorithm must achieve a balance
between minimizing node expansion and ensuring the discov-
ery of a feasible trajectory, particularly in complex environ-
ments populated with numerous obstacles. A minimized total
path length indicates a shorter and more optimal trajectory.
Finally, the capability to avoid sudden obstacles is assessed
by observing the robot's ability to perform trajectory replan-
ning and maintain safe motion when environmental changes
occur during operation. In summary, these three criteria pro-
vide a comprehensive reflection of the algorithm's computa-
tional efficiency, path optimality, and operational safety.

The total path length is calculated as follows:

17

L= é\/(xn %)+ (Yo = Vo)’

Where: L denotes the total path length, and M represents
the total number of points along the trajectory.

The average computational time per step is calculated as
follows:

Im

Taverage = %Z(toc - tic)k

M k=1

(18)

Where: 1,, is the total number of simulation steps, and
(toc—tic), represents the execution time of the solver at the

k-th step. This interval is determined by the difference be-
tween the completion time (toc) and the start time (tic) of the
algorithm at that specific step within the MATLAB environ-
ment.

In the simulation scenarios, the green circle denotes the
robot's starting position, the green star indicates the goal po-
sition, and the red circle represents the robot itself.

4.1 Static obstacle scenario

The global trajectory planning results presented in Fig. 4
reveal a distinct disparity in trajectory quality among the al-
gorithms. Classical methods such as Dijkstra (black dashed
line) and conventional A* (pink dashed line) tend to find the
mathematically shortest path, resulting in trajectories that
closely hug the sharp corners of obstacles. Although optimal
in terms of distance, these trajectories contain numerous jag-
ged, orthogonal segments characteristic of a discrete grid.
Consequently, they pose a high collision risk as they fail to
account for the robot's physical dimensions, uncertainties, and
tracking control errors under real-world operating conditions.
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In contrast, the proposed improved A* algorithm comprehen-
sively overcomes this drawback by integrating a Safety Buffer
around obstacles. As a result, the global reference trajectory
(red dashed line in Fig. 4) generated by the Global Planner not
only maintains a necessary safe distance from obstacles but
also exhibits higher smoothness, featuring soft rounded seg-
ments at turning points, and is directly oriented towards the
goal rather than adhering to the discrete diagonals of the grid
map.

B Static Obstacle

Safety Buffer

----- Dijkstra

=== = Traditional A*

1 |== = Global Planner

= | ocal Planner
Start Point
Goal Point

Y [m]

2 45 4 05 0 05 1 15
X[m]

Figure 4: Motion trajectory planning results in the known static obstacle sce-
nario.

To provide a quantitative analysis of global planning
performance among the methods, Table 2 details information
regarding the number of expanded nodes and total path length.
First, regarding the number of expanded nodes, a significant
difference is observable. The Dijkstra algorithm requires ex-
panding up to 1128 nodes, while the Conventional A* slightly
reduces this to 1041 nodes by utilizing a heuristic function to
guide the search toward the goal. Conversely, the improved
A* algorithm in the Global Planner requires expanding only
35 nodes, representing a reduction of approximately 96.64%
compared to Conventional A* and 96.90% compared to
Dijkstra. This result demonstrates the superior efficiency of
the adaptive heuristic strategy in minimizing the number of
expanded nodes, serving as a crucial premise for trajectory re-
planning when encountering sudden obstacles. Regarding
path length, both Dijkstra and Conventional A* generate tra-
jectories with a length of 3.49 m, reflecting the general char-
acteristic of classical pathfinding algorithms to optimize dis-
tance in a purely geometric sense on a grid map. However,
these trajectories often graze obstacle boundaries and contain

Steps: 182
15 Time: 18.20 s

2
Steps: 70
15 . Time: 7.00 s

17 © %
/

Y [m]
Y [m]
o

05 |
| ’
T I I
05f [ o) -0.5
71 rl -1 | .
15 15

2 2 :
2 - 0 1 2 2 - 0
X [m] X[m]
(@) (b)

1 i -*I
05

many sharp orthogonal turns, significantly reducing feasibil-
ity for real robots. Meanwhile, the Global Planner generates a
trajectory with a length of 3.65 m, which is only about 4.6%
longer than the other two methods. Although not absolutely
optimal in length, this increase is intentional and justified to
trade off for maintaining a safe distance from obstacles and
creating a smoother, less jagged trajectory. Notably, this tra-
jectory is more suitable for the Cubic Spline smoothing phase
and the NMPC controller at the local layer, significantly re-
ducing the requirement for sharp steering and the risk of vio-
lating kinematic constraints.

Table 2: Global trajectory planning performance in the known static obsta-
cle scenario

Global Planner
(improved A¥)

1041 35
3.49 (m) 3.65 (m)

Evaluation Criteria | Dijkstra A*

1128
3.49 (m)

Expanded nodes
Path length

In summary, the results in Table 2 prove that the im-
proved A* algorithm at the global planning layer not only ex-
cels in computational efficiency by drastically reducing the
number of expanded nodes but also generates a safer and more
feasible trajectory for mobile robots in real-world environ-
ments. The minor trade-off in path length is entirely accepta-
ble, especially when considering the overall benefits regard-
ing stability, trajectory smoothness, and effective integration
with the local NMPC controller.

Based on the global reference trajectory that has been op-
timized and smoothed by Cubic Spline, the Local Planner uti-
lizing NMPC plays a decisive role in ensuring kinematic fea-
sibility for the robot while strictly satisfying system con-
straints. Observing the local trajectory represented by the blue
solid line in Fig. 4 and Fig. 5, it is evident that the robot accu-
rately tracks the global reference trajectory generated by the
improved A* algorithm while maintaining constraint condi-
tions. For instance, it adheres to the established movement

range limits of x e[-2,2] (m) and y €[-2,2] (m). The sim-

ulation states at (a), (b), and (c) in Fig. 5, corresponding to
steps 70 (7.0 s), 182 (18.2 s), and 259 (25.9 s), also confirm
that the robot always maintains a safe corridor, avoiding vio-
lation of the light gray Safety Buffer zone, even when execut-
ing complex steering maneuvers at locations with high curva-
ture.

® Start Position
* Goal Position
== =Global Planner
== Local Planner
NMPC Prediction
® Robot Position

Steps: 259
Time: 25.90 s

1.5}

1‘ l
05/

®  Static Obstacle
T Safety Buffer
= 0f
> ®  Sudden Obstacle
----- Sensor Detection Range
-0.5} .
|
-1.5}
21
2 2 1 0 1 2
X [m])
(©

Figure 5: Process execution of the proposed method in the known static obstacle scenario: (a) Step 70, (b) Step 182, and (c) Step 259. The sequence proceeds
from (a) to (c).
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The performance of the control system is demonstrated
through the tracking error graph in Fig. 6. Throughout the op-
eration, position errors along the x and y axes are consistently
controlled at very low levels, with a maximum oscillation am-
plitude ranging only from 0.005 m to 0.008 m. Specifically,
the Euclidean distance error remains stably below 0.01 m and
converges to a constant value of 0.005 m as the robot ap-
proaches the goal, affirming the high reliability and precision
of the proposed method in a static environment. Furthermore,
NMPC ensures the robot strictly adheres to actual velocity
constraints, which can be observed more closely in Fig. 7. It
can be seen that the control inputs always remain within the

established limits of v e[0.5,0.5] (m/s) and a)e[%,ﬂ

(rad/s), and converge to zero immediately as the robot reaches
the target position without generating redundant motion. Fur-
thermore, the optimal control input signals can be converted
into the optimal wheel angular velocities as per (15) for prac-
tical hardware implementation. Thanks to the continuity of
the control signals and the adherence to the established con-
straints, these values can be directly utilized as setpoints for
the low-level DC motor controllers. This ensures both the fea-
sibility and stability of the system in real-world scenarios.

Tracking Error Components

0.01

0.005

Error [m]
o

-0.005

-001 : : - ‘ ‘
o5 10 15 20 25 30 35

0.01 Euclidean Tracking Errqr

0.005

Error [m]

0 5 10 15 20 25 30 35
Time [s]

Figure 6: Tracking error of the proposed method in the known static obstacle
scenario.

Linear Velocity Input

v [m/s]

w [rad/s]

0 5 10 15 20 25 30 35
Time [s]

Figure 7: Control inputs of the proposed method in the known static obstacle
scenario.

4.2 Sudden Obstacle Scenario

In this scenario, the robot operates in an environment
where unexpected obstacles appear, in addition to the static
obstacles already known on the global map. This situation is
significantly more challenging than the static scenario, as the
global planning and local planning systems must detect and
replan trajectories in real-time to ensure safety against unfore-
seen obstacles along the movement path. Fig. 8 illustrates the
overall trajectory in the sudden obstacle scenario. It can be
observed that when a dynamic obstacle (black square with red
border) enters the sensor's field of view, the initial global ref-
erence trajectory (red dashed line), originally constructed for
static obstacles, no longer ensures the robot's safety. At this
moment, the trajectory replanning mechanism based on im-
proved A* is activated, allowing the robot to rapidly construct
a new global trajectory to avoid the sudden obstacle while still
heading toward the final goal. Meanwhile, Dijkstra and con-
ventional A* lack a replanning mechanism, thus maintaining
the initial path plan and causing a collision with the sudden
obstacle.

M Static Obstacle
Safety Buffer
B Sudden Obstacle
----- Dijkstra
=== = Traditional A*
== ®CGlobal Planner
s | ocal Planner
Start Point
Goal Point

Y [m]

2 15 -1 05 0 05 1 15
X [m]

Figure 8: Motion trajectory planning results in the sudden obstacle scenario.

Alongside the role of the Global Planner, the NMPC con-
troller at the local planning layer plays a pivotal role in ensur-
ing the robot tracks the global reference trajectory accurately
and stably. The global trajectory generated by the improved
A* algorithm, after being smoothed by Cubic Spline, is fed
into the NMPC as a fixed reference state sequence at each
sampling cycle. NMPC not only optimizes tracking error but
also simultaneously considers dynamic constraints and con-
trol input limits, thereby ensuring the global trajectory can be
realized on a physical robot. Simulation results in Fig. 8 show
that although the global trajectory may change abruptly when
the replanning mechanism is triggered, NMPC ensures the
transition process between trajectories occurs smoothly and
continuously.

The image sequence in Fig. 9(a)—(f) clearly demonstrates
the operational progress of the proposed method at different
time steps. As soon as the sudden obstacle enters the sensor's
detection zone (green dashed circle), the Global Planner up-
dates and generates a new obstacle-avoidance trajectory. Sim-
ultaneously, the NMPC controller undertakes the generation
of the local trajectory (blue line) to transition the robot
smoothly from the old trajectory to the new one without os-
cillation or instability. Notably, the trajectory replanning pro-
cess does not require stopping the robot; instead, it occurs
continuously while the robot is in motion, demonstrating the



Journal of Measurement, Control and Automation

52
2 21 |
Steps: 73 Steps: B4
15 Time: 7.30 s 15} | Time: 8.40 s |
1 7 =% 1 7; =%
“ ’
0.5 i 0.5 |
= ’ E
> O ¢ I = n,
05 [ ) -0.5 | _
-1.5 -1.5¢
2 -2
2 1 0 1 2 2 1 0 1
X [m] X [m]
(CY (b)
2
Steps: 178 Steps: 227
15} ‘ Time: 17.80 s 15 Time: 22.70 s
05 4 05
E E
=0 = 0
= L l < - I
-0.5 -0.5
. . . .
15 -1.5
2 2
-2 -1 0 1 2 -2 -1 0 1
X [m] X [m]
(d) (e)

2 ® Start Position
Steps: 136 * Goal Position
Time: 13.60 s == =Global Planner
=== Local Planner
NMPC Prediction
® Robot Position
®  Static Obstacle
Safety Buffer
®  Sudden Obstacle
---- Sensor Detection Range

Steps: 301
Time: 30.10 s

Y [m]
o

-1 l
-1.5

2 2 -1 0 1 2
X [m]

®

Figure 9: Process execution of the proposed method in the sudden obstacle scenario: (a) Step 73, (b) Step 84, (c) Step 136, (d) Step 178, (e) Step 227, and (f)
Step 301. The sequence proceeds from (a) to (f).

high efficiency and practical applicability of the proposed ar-
chitecture. Closer observation at Fig. 9(b) and Fig. 9(c), cor-
responding to steps 84 (8.4 s) and 136 (13.6 s), reveals that
the trajectory replanning and obstacle avoidance process is
performed safely and smoothly.

Table 3: Global trajectory planning performance in the sudden obstacle sce-

nario
Evaluation Crite- . - Global Planner
ria Dijkstra A (improved A*)
Expanded nodes 1128 1041 64
Path length 3.49 (m) 3.49 (m) 3.89 (m)

As shown in Table 3, although it must replan the global
trajectory to avoid obstacles, the improved A* algorithm with
the adaptive heuristic strategy still yields a very low number
of expanded nodes. In contrast, Dijkstra and Conventional A*
maintain the fixed global path as in the static scenario, leading
to collisions. Specifically, the number of expanded nodes for
Dijkstra and Conventional A* are 1128 and 1041, respec-
tively, with the same search path length of 3.49 m. Mean-
while, the Improved A* algorithm at the global planning layer
requires expanding only 64 nodes to find a safe obstacle-
avoidance trajectory, an improvement of 94.33% compared to
Dijkstra and 93.85% compared to Conventional A*. Com-
pared to the static scenario in Table 2 (35 nodes), the number
of expanded nodes increases due to the requirement for trajec-
tory replanning in a dynamic environment; however, this in-
crease is reasonable and acceptable, traded off for the ability
to ensure safety in more complex real-world conditions. In
this case, the path length of the Global Planner is 3.89 m,

longer than Dijkstra and A* due to the detour required to
avoid collision.

Fig. 10 presents the tracking error components along the
x and y axes, as well as the composite Euclidean error in the
sudden obstacle scenario. It can be observed that even when a
trajectory replanning event occurs, the error amplitude re-
mains strictly controlled. Specifically, the error along each
axis oscillates with an amplitude of approximately 0.008 m,
while the maximum Euclidean error does not exceed 0.01 m.
After each obstacle avoidance phase and re-entry into the new
reference trajectory, the error rapidly decays and converges
back to a stable level. This proves that the NMPC controller
is capable of handling sudden fluctuations in the reference tra-
jectory effectively while maintaining high precision even in a
dynamic environment. The Euclidean error converges to a
constant value smaller than 0.005 m at the end of the motion,
demonstrating the precision and safety of the proposed hybrid
motion planning framework. Furthermore, similar to the static
scenario, the control inputs observed in Fig. 11 always remain

within the established limits of ve[-0.5,0.5] (m/s) and

we{%%} (rad/s), and converge to zero immediately as

the robot reaches the target position without generating redun-
dant motion. These control input signals can be converted into
optimal wheel angular velocities via (15) for direct hardware
implementation, ensuring the feasibility and stability of the
system in practical scenarios.
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Figure 10: Tracking error of the proposed method in the in the sudden obsta-
cle scenario
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Figure 11: Control inputs of the proposed method in the sudden obstacle sce-
nario.

To further evaluate the real-time local planning capabil-
ity of the NMPC, Fig. 12 and Fig. 13 provide quantitative re-
sults for the execution time and the average execution time
per step in both simulation scenarios. Specifically, the average
execution time per step is calculated using equation (18) to
ensure consistency and objectivity throughout the evaluation
process. Based on the obtained results in Fig. 12, it is observed
that the execution time at all instances remains below the sam-
pling time of 0.1 s. This confirms that the NMPC optimization
problem is consistently solved within a single sampling pe-
riod, thereby ensuring the feasibility of real-time control im-
plementation. Quantitatively, Fig.13 shows that the average
execution time per step in the static obstacle scenario is
0.0299 s, while in the dynamic obstacle scenario, it is 0.0311
s. The slight increase in computational time for the dynamic
scenario can be attributed to the system's need to continuously
update environmental information and process reference tra-
jectory modifications, which heightens the complexity of the
optimization problem. Nevertheless, this difference is mar-
ginal and remains well within the sampling interval limit, in-

dicating that the proposed method maintains stable computa-
tional performance even in complex environments with ran-
dom obstacles. These results demonstrate that the NMPC-
based local planning layer in the hybrid framework not only
ensures trajectory tracking accuracy but also satisfies real-
time computational requirements, making it suitable for mo-
bile robot systems with limited hardware resources. Further-
more, with the advancement of modern embedded computing
platforms and energy storage technologies, contemporary mo-
bile robots possess greater processing power and longer oper-
ational endurance. Consequently, the computational overhead
of the proposed method is well within the capabilities of ex-
isting hardware systems, further reinforcing its feasibility for
practical deployment.
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Figure 12: Execution time in the two simulation scenarios.

0.12f

-

Sampling Time Limit (0.1 s)

e

=

=
T

e

>

=
T

e

o

.p
T

0.0299 s 0.0311 s

Average Execution Time [s]

e

=

=
T

Static Obstacle Scenario Sudden Obstacle Scenario

Figure 13: Average execution time per step in the two simulation scenarios.

From the simulation results and quantitative analysis, it
can be affirmed that the architecture combining the improved
A* algorithm for the global planning layer and NMPC for the
local control layer not only operates effectively in static envi-
ronments but also demonstrates robustness and a high level of
safety in dynamic environments with sudden obstacles. The
proposed system ensures safe collision avoidance, high trajec-
tory tracking accuracy, and maintains rapid response capabil-
ities to environmental changes, thereby indicating high suita-
bility for motion planning problems for mobile robots under
complex real-world conditions. In the static obstacle scenario,
the number of expanded nodes of the Global Planner using
improved A* is reduced by 96.64% compared to Conven-
tional A* and 96.90% compared to Dijkstra. For the dynamic



54

Journal of Measurement, Control and Automation

environment scenario with sudden obstacles, the improve-
ment level remains high, with the number of expanded nodes
reduced by 94.33% compared to Dijkstra and 93.85% com-
pared to Conventional A*. These results demonstrate the dis-
tinct effectiveness of the adaptive heuristic strategy in reduc-
ing computational complexity while still ensuring safe trajec-
tory replanning capabilities. Furthermore, from a real-time
perspective, the significant reduction in the number of ex-
panded nodes at the global planning layer shortens the path-
finding duration and minimizes latency during the replanning
process when environmental changes occur. Simultaneously,
at the local layer, the NMPC controller consistently ensures
that the execution time remains below the sampling period,
allowing the system to continuously update and apply control
signals in real-time. This synergy establishes a hybrid motion
planning mechanism in which the global layer provides ori-
ented trajectories with low computational cost and rapid re-
sponse to fluctuations, while the local layer ensures trajectory
tracking capability. Consequently, the entire system maintains
stable real-time performance, even in complex dynamic envi-
ronmental scenarios.

5. Conclusions and future works

This paper proposed and evaluated a hybrid motion plan-
ning framework for three-wheeled mobile robots based on the
combination of an improved A* algorithm for global planning
and an NMPC controller for local planning. Through the uti-
lization of an adaptive heuristic strategy, the improved A* al-
gorithm demonstrated the capability to drastically reduce the
number of expanded nodes during the search process, while
generating a safer and more suitable global trajectory for prac-
tical implementation compared to classical algorithms such as
Dijkstra and conventional A*. At the local layer, the NMPC
controller proved its capability to track the global trajectory
with high precision, ensuring smooth motion and strict com-
pliance with kinematic, non-holonomic, workspace, and con-
trol limit constraints. Notably, the trajectory replanning mech-
anism based on improved A* allowed the system to adapt ef-
fectively to sudden obstacles, while maintaining low compu-
tational cost due to the minimal number of expanded nodes
required. Simulation results in both static and dynamic envi-
ronments indicated that the proposed method not only excels
in computational efficiency but also ensures a higher level of
safety and robustness compared to Dijkstra and Conventional
A* methods. In the future, subsequent research directions will
focus on extending this planning framework to environments
with more complex dynamic obstacles, integrating model un-
certainties and sensor noise, directly considering acceleration
or motor torque constraints, as well as implementing and ver-
ifying it on a real robot platform to comprehensively evaluate
its applicability in real-world conditions. Additionally, inte-
grating physics-informed deep learning models, such as Phys-
ics-Informed Neural Networks (PINNSs), for model identifica-
tion and dynamics prediction is considered a promising exten-
sion, contributing to enhancing the accuracy and adaptability
of the control architecture.
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