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GMPPO: Guided Model Predictive Path
Optimization for Mobile Robots in
Obstacle-Constrained Environments

Lin Zhang ©®, Wenhao Zhang ©®, Runjiao Bao

Autonomous navigation of industrial mobile
in obstacle-constrained environment, such as
manufacturing floors, warehouse storage systems,
and factory inspection scenarios, poses significant
challenges in ensuring path feasibility, safety, and real-
time performance. This article proposes a guided model
predictive path optimization (GMPPO) framework to
address these issues. First, an enhanced convex feasible
set algorithm is employed to generate robust initial paths
by integrating decoupled dimensionality reduction and
a dual-layer fault-tolerant mechanism. Second, based on
this reference path, robot geometry, and real-time obstacle
information, dynamic safety corridors are constructed
to characterize local feasible spaces. Finally, these
reference paths and corresponding safety corridors guide
a high-fidelity model predictive optimization process,
yielding smooth, dynamically feasible, and collision-free
trajectories under nonholonomic constraints. Theoretical
analysis establishes the resolution completeness
and feasibility guarantee of the proposed method.
Extensive simulations, real-world robotic experiments,
and engineering deployments demonstrate that GMPPO
significantly improves planning success rates, trajectory
smoothness, and operational safety, while maintaining
high computational efficiency and broad applicability.

robots

Enhanced convex feasible set, mobile
robot navigation, model predictive optimization,
obstacle-constrained environments, safe corridor.

|. INTRODUCTION

HE advancement of Industry 4.0 has underscored the piv-
otal role of mobile robots in flexible manufacturing, ware-
house logistics, and operations in hazardous environments [1],
[2]. However, generating feasible paths in cluttered industrial

Received 25 June 2025; revised 17 December 2025; accepted 9
March 2026. This work was supported in part by the National Natural
Science Foundation of China under Grant 62473044, and in part by BIT
Research and Innovation Promoting Project under Grant 2024YCXZ007.
(Corresponding authors: Tianwei Niu; Shoukun Wang.)

The authors are with the School of Automation, Beijing Institute
of Technology, Beijing 100081, China (e-mail: bit.zhanglin@bit.edu.cn;
3120220901 @bit.edu.cn; 3120230765 @bit.edu.cn; ntwbit@bit.edu.cn;
bitwsk @bit.edu.cn; wangjz @bit.edu.cn).

Digital Object Identifier 10.1109/TIE.2026.3675199

, Tianwei Niu

, Shoukun Wang ©, and Junzheng Wang

settings while ensuring collision avoidance, dynamic feasibility,
and real-time performance remains a critical challenge. In this
study, we focus on obstacle constrained environments, which
refer to industrial spaces where densely arranged equipment
and structural elements limit the available free space and form
narrow, cluttered, and difficult to navigate corridors for mobile
robots. These characteristics exacerbate the difficulty of achiev-
ing safe and smooth navigation, especially for nonholonomic
robots, i.e., platforms whose motions are limited by noninte-
grable velocity constraints and cannot move instantaneously in
arbitrary directions, operating in real-world industrial layouts.

Although sampling-based planners perform well in open
spaces, their solution quality significantly deterioratesin
obstacle-constrained environments, leading to high failure rates.
Optimization-based methods can produce smooth trajectories
but often become trapped in local minima, especially in
high-curvature scenarios [3], [4]. Hybrid approaches, typically
adopting a “global search + local refinement” framework, offer
partial improvements but still face three key limitations. First,
they lack structural awareness of obstacle-constrained spaces,
often treating them as generic obstacles while overlooking
their limited connectivity and high collision risk. Second,
kinematic and dynamic constraints, such as minimum turning
radius and acceleration limits, are frequently imposed post hoc,
compromising the feasibility of the resulting trajectory. Third,
the decoupling between global and local modules fragments
the solution space and reduces computational efficiency. In
complex industrial environments with obstacle-constrained
spaces, there is a pressing need for a planning framework that
simultaneously ensures dynamically feasible, collision-free,
and smooth trajectories while maintaining computational
efficiency.

Path planning is a fundamental task in autonomous
navigation, aiming to generate feasible trajectories from start
to goal while ensuring safety and dynamic feasibility [5], [6].
Existing path planning methods fall into four main categories
[7]: graph search, sampling-based, optimization-based, and
learning-based approaches. These paradigms have been
widely studied, including explorations in obstacle-constrained
environments.
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Dijkstra and A* are representative graph search algorithms,
commonly applied when the configuration space is discretized
into grids or graphs [8]. While effective in static environments,
these methods generate discrete paths that lack continuity, lead-
ing to tracking oscillations or degraded control stability. Several
studies have proposed enhancements [9], and Zhang et al. [10]
proposed a hybrid A*-DWA method for unmanned vessels.
However, these methods still exhibit limited adaptability for
real-world navigation in obstacle-constrained environments.

Rapidly-exploring random tree (RRT) and probabilistic
roadmap (PRM) are classical sampling-based planning
algorithms that construct connectivity graphs in high-
dimensional configuration spaces through random sampling
[11]. OpenPlanner [12], a notable variant, integrates sampling
strategies, constraint handling, and cost optimization, and
has demonstrated strong performance in autonomous driving
applications. However, its adaptability to obstacle-constrained
and topologically complex environments remains limited. To
improve applicability in obstacle-constrained environments,
several sampling-based methods have been proposed by
researchers [13]. For instance, Zhong et al. [14] introduced
GVDF-RRT*, which employs generalized Voronoi diagrams to
guide sparse sampling and direct node connections, improving
connectivity and efficiency in constrained spaces. Guo et al.
[15] proposed a grid-based bridge detection method to
construct free-space graphs for accurate path planning in
narrow passages. Zhang et al. [16] developed RA-RRTV*,
which combines local “vine-like” expansion with chance-
constrained optimization to balance path quality and risk
under localization uncertainty. Despite these advances, most
methods approximate the robot as a holonomic point mass,
neglecting nonholonomic kinematic constraints. As a result,
trajectory feasibility and quality often degrade in real-world
deployments.

Optimization-based algorithms are widely used to generate
smooth trajectories that satisfy kinematic and dynamic con-
straints [17]. The timed elastic band (TEB) method, a widely
used method, optimizes a time-parameterized elastic band to
generate smooth, dynamically feasible, and collision-avoiding
trajectories [18]. Huo et al. [19]. integrated steering angle con-
straints into an ant colony optimization framework to enhance
convergence and feasibility. Chai et al. [20] proposed a decou-
pled fuzzy multiobjective strategy combining a collision-free
3-D tunnel planner with fuzzy inference to balance competing
goals. Furthermore, Li et al. [21] developed a hybrid A* algo-
rithm with adaptive expansion for autonomous vehicles in con-
strained spaces, improving trajectory efficiency and comfort.
Kulathunga et al. [22] proposed a perception-driven navigation
framework for robots in narrow spaces, achieving improved
accuracy and control stability in experiments. Zhang et al. [23]
proposed a multisegment path planning method for autonomous
vehicles to enable parking in narrow environments. Despite
these advances, dense obstacles and limited feasible regions in
narrow environments still pose challenges, causing local min-
ima, high computational costs, and trade-offs between smooth-
ness and safety. Further improvements in efficiency and robust-
ness are essential for navigation in complex environments.

IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

Learning-based methods have rapidly advanced by
leveraging deep neural networks to parameterize policies
or value functions. These data-driven approaches [24], [25]
optimize cumulative rewards through trial-and-error, enabling
end-to-end or hierarchical trajectory generation from raw
sensory inputs. To address navigation in confined and complex
spaces, Denesh et al. [26] proposed a perceptron-Q learning
fusion model for robot navigation in such environments, which
enables dynamic obstacle detection and decision-making.
Nakamura et al. [27] proposed a deep Q-network planner
with a reward function incorporating velocity smoothing and
steering constraints, achieving robust navigation in narrow
corridors across varied scenes. Li et al. [28] integrated deep
learning with Monte Carlo tree search in a hierarchical
framework to jointly optimize path search and velocity profiles,
enhancing efficiency, success rates, and ride comfort in
complex environments. Despite their potential, learning-based
methods face challenges such as slow convergence, high
computational demands, and limited interpretability. Industrial
narrow-space applications further suffer from scarce real-world
data and a reality gap between simulation and deployment,
limiting model generalization and safety.

To address these fundamental challenges, we propose
a guided model predictive path optimization (GMPPO)
framework based on a unified kinodynamic and collision-
avoidance model. This framework systematically integrates
critical navigation constraints for nonholonomic systems
operating in obstacle-constrained spaces, ensuring safety,
dynamic feasibility, and computational efficiency, while
providing a universal solution applicable to diverse non-
holonomic systems. The main contributions are summarized
as follows.

1) We propose an enhanced convex feasible set (ECFS)
algorithm with decoupled dimensionality reduction
and a dual-layer fault tolerance mechanism. Designed
for narrow environments, it hierarchically optimizes
geometric constraints between the robot and obstacles,
improving planning robustness and adaptability while
reducing collision risk.

2) We develop a dynamic safety corridor-guided model
predictive optimization algorithm. Leveraging a dual-disc
robot model and real-time obstacle data, it generates
dynamic safety corridors within a rolling-horizon
scheme to jointly satisfy kinematic constraints, obstacle
avoidance, and trajectory smoothness.

3) We provide theoretical guarantees for the algorithm’s fea-
sibility and validate it through simulations, field tests
with physical robots, and industrial deployments. Results
confirm its feasibility, robustness, and strong applicability
in obstacle-constrained spaces.

The article is organized as follows. Section
naries. Section III presents the method. Sections
simulation and experimental results. Section
discusses future work.

covers prelimi-
and V show
concludes and
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Il. PRELIMINARIES

Consider a 2-D Euclidean workspace W C R?, where the
obstacle region Oyy = 03, U 0%, consists of prior-known and
newly perceived obstacles, with dynamic obstacles not consid-
ered in this work. The free workspace is given by Fy =W \
Oyy. The robot pose is denoted as s = [z,y,0] ", belonging to
the configuration space C = SEE(2). The region occupied by the
robot at pose s is denoted as R(s) C W. Accordingly, the free
configuration space is defined as Cgee = {s € C | R(s) C Fy},
representing all collision-free configurations.

The objective of this study is to generate a feasible path for
mobile robots navigating in obstacle-constrained and complex
environments. Given a start configuration Sy € Ciee and a
goal configuration Sgoa € Ciice, the planner aims to compute a
discrete path P = {sk}gio, where sg = Syt and sy, = Sgoal,
subject to the following constraints

1) Kinematic Feasibility: Each transition sy — Si41 must
satisfy the robot’s kinematic constraints.

2) Collision Avoidance: All configurations must lie within
the free configuration space, i.e., Si € Cgee, VkE
{0,...,N,}.

To improve path quality, curvature minimization is incorpo-
rated as a smoothing objective rather than a strict constraint,
ensuring geometric continuity while still allowing tight turns in
constrained regions.

To ensure kinematic feasibility, the robot’s kinematic model
must be explicitly incorporated as a constraint within the path
optimization formulation. This study considers a four-wheel
independently driven/steered (4WIDS) mobile platform, which
offers a reduced turning radius and high maneuverability, mak-
ing it well-suited for navigation in narrow and complex indus-
trial environments [29]. The robot state and control vectors are

defined as x = [z, y,v,60,8]" and u=[a,w]", respectively.

The corresponding kinematic model is given by
x = f(x) + Bu (1

vecos(6) 0,0

vsin(f) 0,0
f(x)= 0 B= 11,0 (2

v 2 taLn(é) 0, 0

b
0 0,1

where (z,y) denote the coordinates of the robot’s center in the
global frame, v is the linear velocity, 6 is the heading angle,
0 is the steering angle, and L, is the wheelbase. The control
inputs are [a, w], where a is the linear acceleration and w is the
steering angular velocity.

The control constraints are defined as follows:

a € [amin, amax]’ wE [wmin7wmax] (3)

where a™" and a™* correspond respectively to the minimum

and maximum feasible acceleration of the robot, «w™™ and w™a*
represent the minimum and maximum allowable, velocities.

Obstacle

v

o X

Collision model between robots and obstacles.

To mitigate overfitting in constrained environments while
balancing computational complexity and resource utilization,
the robot’s geometry is approximated using a dual-disc model.
This simplification facilitates efficient collision checking during
motion. As illustrated in Fig. 1, the centers and radii of the two
circles are defined as follows:

@ L L
Of =x+ jcos@, O =y+ eriné’

L,
Of =z — ZCOSG’

) L\ 2 W 2
or= (B (%) o
where (Of,0f) and (OF,0f) denote the centers of the
front and rear circles, respectively, while O represents their
radius. L, and W; correspond to the robot’s length and width,
respectively.

Consequently, the robot—obstacle collision detection is sim-
plified to bipartite circle-obstacle checks, formulated as the
following constraint:

(OF = xi)* + (O —v)? > 01,
(OF —xa)? + (0¢ —3)* > 072,

L. .
Of:yfzsmﬁ 4)

ie{l,...,N}
ie{l,...,N} (6

where (x;,7;) denotes a discrete point on the boundary of an
environmental obstacle, and N is the total number of sampled
boundary points.

In unstructured industrial environments, mobile robot nav-
igation is challenged by highly nonconvex obstacles and the
trade-off between computational complexity and real-time per-
formance. To mitigate these issues, nonconvex problems are
commonly transformed into convex formulations. In this study,
range filtering is first applied to remove excessively high or dis-
tant points. Then, point cloud segmentation and feature extrac-
tion are performed using the open-source LeGO-LOAM algo-
rithm [30], effectively eliminating ground points and clustering
nonground points. Finally, the clustered 3-D point clouds are
projected online onto a 2-D grid map and approximated as

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on May 05,2026 at 07:31:59 UTC from IEEE Xplore. Restrictions apply.



This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

IEEE TRANSACTIONS ON INDUSTRIAL ELECTRONICS

Reference path Obstacle detection Simulation verification
P Point cloud Feature Clustering Point cloud
Wl T | segmentation | extraction projection projection
of P e T T i T T e
____________ Front-end path generation
Locution information  Obstacle filtering CFS optimization ! Feasibility detection|
—R < r ¥ construction and solution v Experimental verification
LTS = Obstacle convex iy min 7 =willp~p I, +walpl, A* Re-planning
SLAM GNSS approximation St Po= P \ S
Vmin S VP < i e, - LY~ ",_,;;,?
)) D d(pi.Osim) 2 dyin Yk =1,.... N~ 1 o ¥ D%' i

Back-end path optimization

Collision model

ST g Safety corridor GMPPO problem Application deployment
Robormodet |- simplification | generated construction and solution '
obot mode = o | o
; e | = 0
F, 5 3 Obstacle expansion ! @\* &ny > ) S i Ei<
5 Kinematic o i @ i : :
g cottsion ||| €5 )) D 1 ‘
XF m.B..:. - i \r(\\-jﬂ/ WY Vv L A\
I —e.
Input information Verification process

Fig. 2. Overall architecture diagram of the GMPPO algorithm.

convex polygons, thereby completing the obstacle detection
process and facilitating subsequent planning. Parameters for
point cloud segmentation and feature extraction are chosen
based on the robot’s dimensions, and the size of the projected
2-D grid map is set according to the workspace scale, smaller
for narrow spaces and larger for expansive environments.

I1l. METHOD

This study proposes GMPPO, a unified framework that inte-
grates front-end path generation with back-end optimization
to enable efficient, feasible, and collision-free navigation in
obstacle-constrained environments. The framework is shown in
Fig. 2.

A. Front-End Path Generation

In obstacle-constrained, complex environments, reference
paths are prone to collisions. The classical convex feasible
set (CFS) algorithm models motion constraints and obstacles
as convex sets, using projections to generate feasible paths
with mathematical rigor, global optimality, and multiobjective
support [31]. However, it suffers from high computational
costs in high-dimensional spaces, and convex approximations
of nonconvex obstacles can shrink feasible regions, leading
to path omissions and reduced real-time performance and
robustness.

To improve CFS algorithm practicality in complex environ-
ments, this article proposes a path generation method based
on an ECFS algorithm integrating decoupled dimensionality
reduction and a two-level fault-tolerant repair mechanism. By
decoupling geometric modeling of the robot and obstacles step-
wise, computational complexity is greatly reduced. When local
optimization fails, a A* search restores path connectivity. This
method combines the strict constraints of convex optimization

Algorithm 1: The ECFS Algorithm.
Require: Reference path P, obstacle set )y, maximum
boundary Lax;
Ensure: Front-end path Ps;
1: Ogim < SimplifyObstacles(Oyy, Pref, Limax);  {Remove
distant obstacles; approximate convex polygons >4
vertices with bounding rectangles. }

2: Pegs < SolveCFSPath(Pier, Ogim);  {Point-mass  model
optimization. }
3: Peon < DetectCollisionSegments (P, Ogim); {Dense

interpolation collision check. }
4: if Py = 0 then

5: Pf — Pcfs;

6: else

7 for each collision segment P; € P, do
8 Ppre — PreviousWaypoint(P;);

9 Dnext < NextWaypoint(P;);

Pastar < AStarSearch(ppre, Drext);
11 Pecss < ReplaceSegment (P, P, Pastar);
12:  end for
13: Pt < Pectss
14: end if

15: return P

with the fast response of heuristic search, ensuring path safety
while enhancing robustness and adaptability. The pseudocode
is shown in Algorithm 1.

To improve computational efficiency and reduce opti-
mization dimensionality, two decoupled strategies are
applied during the front-end path generation. First, the robot
is approximated as a point mass, simplifying kinematic
constraints. Second, the environment is processed via the
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obstacle simplification function, SimplifyObstacles (Algorithm

, Line 1). This function filters out obstacles beyond a distance
threshold L,ax, Which is set according to the size of the local
2-D grid map after perception processing, to focus on local
constraints, and replaces complex polygons (with more than
four vertices) with their minimum bounding rectangles, thereby
reducing constraint complexity. Based on the simplified
obstacle set Og, and reference path Pps, a CFS optimization
problem is then formulated as follows:

min - J, = wi[lp — p"[3, +w|plE,
s.t. Do = Pstart; PN, = Pgoal
Vmin S Vp S Vmax

d(pka Osim) > dmin,

where Jc¢ includes path deviation and length terms weighted
by w; and wq, with (). and R, being positive definite matrices.
The optimized path is denoted by p = {pk}kNio, where pp =
[k, yx] | is the kth path point, and p” represents the reference
path. The matrix V is a first-order forward difference operator
applied to p to penalize excessive path variation. The vectors
Vinin, Vimax € RV? specify the lower and upper bounds of the
decision variables. The function d(py, Ogm) denotes the mini-
mum Euclidean distance between p; and the obstacle set Ogjp,.
In practice, w; and wy balance tracking accuracy and smooth-
ness, (). and R, are scaled according to variable magnitudes,
and the minimum safety distance d,,;, is determined by the
robot geometry and safety margin in the local 2-D grid map.

To address solution failures and path oscillations in CFS opti-
mization (see Fig. 3), we propose a two-layer fault tolerance and
repair mechanism. First, we use the DetectCollisionSegments
function (Algorithm 1, Line 3) to perform dense interpolation
and collision checks on the initial path P, identifying a set of
potential conflicting segments (Pco). Then, for each element
Pi € Peon, a local A* search is performed on the projected 2-D
grid map using its endpoints (see Algorithm I, lines 7-13),
generating a collision-free alternative path P, These are iter-
atively merged into an updated path Pe.ss, ensuring topological
connectivity and geometric safety, and enhancing robustness in
obstacle-constrained environments.

Vk=1,....N,—1, (7)

In obstacle-constrained spaces, complex constraints, clut-
tered obstacles, and high-precision tracking demands challenge
safe path planning. Traditional methods often struggle with

Algorithm 2: Safe Corridor Based Model Predictive Path
Optimization.

Require: Front-end reference path P, robot geometry Giop,
obstacle set Oyy, expansion step Az, maximum expansion
distance demax;

Ensure: Optimized collision-free path Pyp;

1: Pet, P + CirclePathGen(Py, G,o); {Compute front and
rear center paths based on robot geometry.}

2. Oexp < InflateObstacles(Oyy, Grop); {Inflate obstacles by
the robot’s circumscribed radius. }

3: Qseq — @;

4: for each point pair (si ,87) € (Pet, Per) do

5. for each direction d € {+y, +x, —y, =} do
6: dexp < 0; {Initialize expansion distance. }
7 while IsFree(2 & d - Az, Ocyp) and dexp < demax do
8 Q+—Qdd- Ax;

9: dexp < dexp + Ax;

10: end while

11:  end for

120 Qgeq ¢ Qeq U {02}

13: end for

14: Cyeq <— MergeRectangles(§).,); {Construct the complete
safe corridor by merging adjacent rectangles.}

15: Popt < SolveGMPPO (P, Cyeq; Grob): {Use Model Predic-
tive to solve the optimal path within safe corridor. }

l6: return Py

multidimensional constraints and real-time adaptability, leading
to collision-prone or infeasible trajectories. Model predictive
optimization offers an effective solution by enabling real-time
handling of dynamic constraints, integration of multiphysics
constraints, and holistic trajectory optimization.

This article proposes a dynamic safety corridor construction
method based on robot geometry, which guides the selection of
feasible and collision-free waypoints along the path. Using a
bi-disc model to approximate the robot contour, front and rear
center trajectories are extracted. Combined with local obstacle
data, an adaptive safety region defines the navigable space. On
this basis, we develop a nonlinear model predictive approach
tailored to safe-corridor path planning. The safe corridor is
imposed as a hard constraint within a kinematic optimization
framework, allowing dynamic trajectory adaptation through
a receding-horizon scheme. This formulation guarantees
obstacle avoidance, dynamic feasibility, and smoothness of the
resulting trajectories. The overall procedure is summarized in
Algorithm

In our study, obstacles are first modeled as convex polygons
and then inflated by a radius O, determined by (6), to account
for the robot’s size and safety margin. Based on the front-
end generated path and the bi-disc geometric model [see (4)
and (5)], front-center and rear-center trajectories (Pt and Pe;)
are then constructed, along which dynamic safety corridors are
generated.

Specifically, as shown in Fig. 4, our method adaptively gener-
ates rectangular regions based on waypoint proximity, allowing
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shared regions for nearby points. For each waypoint s, a
square of length Az centered at sy, is initialized and iteratively
expanded along the +y, +x, —y, and —x axes (Algorithm 2,
Line 3-13). The Az depends on the workspace scale, with
larger values in expansive areas to reduce computation and
smaller values in confined spaces to better utilize the space.
Each expansion triggers immediate collision checking: if no
collision is detected, the region is expanded; otherwise, growth
in that direction stops. The expansion process terminates once
the growth along any axis reaches the predefined maximum
limit d.p,ax Or a potential collision is detected. The result-
ing bounds along each direction define the maximal feasi-
ble safety corridor for the corresponding waypoint. After all
waypoints are processed, the overall safety corridor Cseq iS
obtained by assembling the individual rectangular regions using
MergeRectangles({l.q) function (Algorithm 2, Line 14),
which fuses adjacent rectangles with overlapping intervals into
a continuous corridor, ensuring that every waypoint s£ € Pt
and s; € P, lies strictly within its assigned corridor segment.

To enable time-parametric modeling, each point on the refer-
ence path Py = {sk}gio is assigned a uniform timestamp ¢;, =
kAt, where At = T'/h, with T as the total planning time and h
the number of segments. This yields a time-annotated trajectory
T={8= (sk,tk)}gio, which serves as the basis for time-
domain optimization. A model predictive trajectory optimiza-
tion framework is constructed by discretizing the robot’s nonlin-
ear kinematic model and incorporating safety constraints. The
objective minimizes tracking error and control variation, while
terminal, kinematic, corridor, and input constraints ensure geo-
metric and dynamic feasibility. The final optimization problem
is formulated as follows:

Ny—1 Ny
min  J,, = E Au?RmAuj+E EjTQméj
=1 =1

S.t. S0 = Sstart; TN, = Tgoal, YN, = Ygoal
sin 0, = sin(fgoal), cos O, = cos(Ogoal)
Xpt1 = X + At(f(xx) + Bug)
R(sk) € Coeq
ug € U, ()

where N; is the prediction horizon, R,, =diag[rs,r.]
and @, = diag[qs, gy, qe] are diagonal weighting matrices
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that penalize control input changes and state deviations,
respectively. The diagonal form allows for independent tuning
of each penalty. In cluttered or narrow environments, increasing
g, and g, tightens positional constraints, enhancing geometric
feasibility and obstacle avoidance. In curved sections, a larger
qp ensures smoother heading transitions and mitigates abrupt
steering. In this work, the weighting matrices R,, and @,
are initially selected based on standard model predictive
control tuning rules. They are then further adjusted through
iterative experiments in representative cluttered environments
to achieve a balanced trade-off between control smoothness
and state tracking accuracy.

Although the objective function is quadratic, the nonlinear
corridor boundaries and collision-avoidance constraints render
the problem a nonlinear optimization task. The function
SolveGM PPO(Pr,Cyeq; Grop) (Algorithm 2, Line 15)
assembles these components into the final constrained
optimization problem and employs the interior-point solver
IPOPT, together with CppAD for automatic differentiation, to
efficiently compute the optimal collision-free path within the
safe corridor.

The proposed GMPPO framework comprises a front-end
ECFS algorithm (Algorithm 1) and a back-end safe corridor-
based model predictive path optimization algorithm (Algorithm

). We establish the theoretical guarantees of the framework
through two complementary properties: resolution complete-
ness of the front-end path generation and feasibility guarantee
of the back-end trajectory optimization.

Theorem 1 (Resolution Completeness of the Front-end Algo-
rithm): Under the following conditions, Algorithm | is resolu-
tion complete.

1) Conservative Obstacle Approximation: The simplified

obstacle set satisfies

Teons < sz )]
where @ denotes the Minkowski sum, pni, 1S the mini-
mum collision-free passage width in the environment, and
B(r) represents a closed ball of radius r.

2) Replanning Resolution Condition: The grid resolution As
of the A* search satisfies

Osim C OW 2] B(rcons)a

— 2Tcons
22

ensuring that feasible regions remain connected in the

discretized space for 2-D planning.

3) Path Connectivity: There exists a continuous collision-
free path P* C Cpee connecting the initial and goal
configurations.

Proof I (Resolution Completeness of the Front-end Algo-
rithm): The resolution completeness of Algorithm | is estab-
lished as follows.

1) Connectivity Preservation Analysis: Under Condition
1), approximating obstacles conservatively with radius

AS S Pmin (10)
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Teons < Pmin/4 ensures a minimum passage width in the
simplified free space of

Pmin

(1)

Combined with Condition 2), where the grid resolution
satisfies As < pgm/(2v/2), the maximum discretization
error from any continuous point to the nearest grid node
is bounded by

Psim = Pmin — 2"dcons Z

\/iAS Psim
Tdisc = 9 < T

(12)

This ensures that feasible narrow passages remain con-
nected in the discretized space and are not broken due to
overly coarse sampling.

2) A* Completeness Guarantee: The ECFS algorithm
employs A* search for local replanning when collision
segments are detected. Since A* is a systematic graph
search algorithm and given that Conditions 1) and 2)
preserve connectivity in the discretized space, A* will
find a solution path for each collision segment when
Condition 3) is satisfied.

As the grid resolution As — 0, the discretized solution
converges to a continuous feasible path

lim d(Pects, P*) =0 13)
As—0
where d(-) is a suitable path distance metric. Hence,
the algorithm satisfies the condition of resolution
completeness.

Theorem 2 (Feasibility Guarantee of the Back-End Algo-
rithm): Given a collision-free reference path P C Cge gener-
ated by the front-end, Algorithm 2 satisfies

1) Safety Corridor Construction: The rectangular expansion

procedure constructs a finite sequence of convex corridors
Qeq = {12, such that

N
Pr® B(Trob) C U Qg C Crree (14)
k=1
where B(r0b) is a closed ball of radius 7y, and @ denotes
the Minkowski sum.
2) Feasibility of GMPPO: Constraining the optimization
within the constructed safety corridor, the GMPPO
problem

min ||Popt — Prllne
7)opl

N
st Pop € [
k=1

5)

admits at least one feasible solution.

Proof 2: According to the rectangular expansion proce-
dure in Algorithm 2, each constructed corridor €2, is convex and
collision-free. By inflating each waypoint with clearance radius
Trobs the union of corridors covers the swept volume: Py P
B(710b) C U,ivﬁ 1 Q% C Ciree, establishing property 1. Since P¢
lies entirely within the constructed safety corridor by construc-
tion, it constitutes a feasible solution to the GMPPO problem,
ensuring feasibility and establishing property 2.

E S et

Mobile robot

"y

Obstacle

o

Mobile robot
(@ (b)

Simulation scenario: (a) scene one; and (b) scene two.

FRONT-END ALGORITHM SIMULATION RESULTS

Consumption Time Maximum Average Path

Scenario  Algorithm  Safety (ms, Mean £ SD) Curvature (m~!)  Curvature (m—1) Length (m)
Ref Yes - 2.87 0.24 15.01
Scenario A* Yes 8.674+0.46 3.77 0.38 15.45
One IRRT* Yes 582.4647.54 0.90 0.25 15.35
CFS Yes 14.194+1.29 0.65 0.07 14.59
ECFS Yes 6.87+£1.43 0.65 0.07 14.59
Ref No - 1.81 0.23 14.98
Scenario A* Yes 7.41£1.42 4.96 0.50 15.57
Two IRRT* Yes 485.4845.15 3.19 0.33 15.13
CFS No 14.53+0.98 0.12 0.02 9.03
ECFS Yes 7.37£1.21 2.49 0.25 15.01

V. BENCHMARK AND SIMULATIONS

To wverify the feasibility and effectiveness of the
proposed method, extensive simulations were performed in
obstacle-constrained environments.

To evaluate the proposed method, simulations were con-
ducted on a laptop with Ubuntu 20.04, an Intel Core i7-8565U
CPU, and an NVIDIA GeForce MX150 GPU. Two scenarios
with varying planning complexity were created, featuring ran-
domly generated obstacle shapes and positions, as illustrated in
Fig.

For comparative evaluation, considering the stringent
requirements of safety, real-time performance, and stability
in industrial applications, this study selected widely adopted,
industry-validated algorithms as baselines. Independent
performance assessments were conducted for the front-end
coarse planner, and the complete planning framework. To
ensure fairness and reduce randomness, all tests were performed
under a unified robotic architecture with standardized
perception, localization, and control modules. Each algorithm
was run 50 times, with stage-wise computation time recorded
and key metrics statistically analyzed to evaluate overall
performance.

We compare the proposed front-end algorithm (ECFS) with
widely used front-end planners, A*, IRRT* and CFS [31],
to highlight its incremental improvements in feasibility and
path quality. Trajectories are shown in Fig. 6, and quantitative
metrics are summarized in Table 1.

Simulation results show the proposed ECFS algorithm out-
performs the classical CFS in computational efficiency, reduc-
ing average planning time by 50.4% compared to CFS and
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Fig. 6. Front-end algorithm simulation results: (a) path curve of scene
one; (b) path curve of scene two; (c) path curvature of scene one; and
(d) path curvature of scene two.
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Fig.7. Overall algorithm simulation results: (a) path curve of scene one;
(b) path curve of scene two; (c) path curvature of scene one; and (d) path
curvature of scene two.

TABLE IlI
OVERALL ALGORITHM SIMULATION RESULTS

Scenari Stz Maximum  Minimum Average Confidence
cenario age (ms) (ms) (ms, mean+SD) Intervals (ms)
Scenario Path generation 10.52 4.52 6.874+1.43 95%CI [6.46, 7.27]
One Corridor generation 15.01 6.23 9.8042.25 95%CI [9.16, 10.44]
Path optimization 18.25 16.49 17.1610.40 95%CI [17.04, 17.27]
Scenario Path generation 9.58 5.11 7.37+1.21 95%CI [7.03, 7.71]
Two Corridor generation 14.49 6.13 9.5942.03 95%CI [9.01, 10.16]
Path optimization 24.54 19.99 21.51+0.95 95%CI [21.24, 21.78]

10.7% compared to A*. ECFS also produces smoother, shorter
paths with lower curvature. In contrast, although IRRT* yields
higher-quality paths than A* and is comparable to CFS, its
inherent sampling-based nature leads to significantly higher
computational cost, limiting its applicability in real-time nav-
igation. Moreover, in complex obstacle environments where
CFS fails to find a feasible solution, ECFS successfully com-
pletes the planning process and refines the initial path into a
safer and more feasible trajectory.

C. Overall Algorithm Verification

To evaluate the proposed planning framework, we measured
the average computation time, variance, and confidence inter-
val for path generation, corridor construction, and trajectory
optimization (see Table II).

As shown in Table II, the proposed algorithm completed
collision-free path planning in 33.83 and 38.47 ms for the
two validation scenarios, respectively. Although execution time
increased slightly with environmental complexity, the overall
performance remained well within real-time requirements. The
optimization stage dominated the computational cost due to
the simultaneous handling of kinematic constraints and safety
guarantees. In both scenarios, the variance and 95% confidence
intervals were small, indicating stable performance and high
statistical reliability of the results.

To comprehensively evaluate the performance of the pro-
posed method, we conducted a systematic comparison with
three representative planners: TEB [18], OpenPlanner [12],

Scenario Algorithm Safety Maximum Average Path
Curvature (m—1!)  Curvature (m~1)  Length (m)

TEB Yes 1.94 0.22 14.88

Scenario  OpenPlanner No 0.07 0.04 5.40
One DRL Yes 0.60 0.18 14.96
Ours Yes 1.00 0.19 15.37

TEB Yes 3.32 0.25 15.57

Scenario  OpenPlanner No 0.11 0.07 5.10
Two DRL Yes 0.68 0.19 14.58
Ours Yes 0.93 0.29 15.19

) " [
Y i
Localization module

o e

Control module

-
Actuation module

=

Fig. 8. Hardware components of the robot.

and a deep reinforcement learning (DRL) [32] approach. It
should be emphasized that the DRL method must be retrained
specifically for the two selected scenarios in order to complete
the planning tasks. Fig. 7 presents the resulting trajectories and
curvature profiles, while the quantitative results are summarized
in Table I11.

The results show that although OpenPlanner achieves smooth
curvature, it often fails in narrow passages, causing frequent
stalls near obstacles. TEB generates paths with much higher
curvature, leading to greater control effort and potential insta-
bility. Our method reduces the maximum curvature by 60.2%
compared with TEB, producing smoother and safer trajecto-
ries. While path lengths vary across scenarios, TEB tends to
stay closer to obstacles and exhibits unnecessary oscillations,
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Fig. 9. Experimental verification process: (a) experimental process of scene one; and (b) experimental process of scene two.
TABLE IV TABLE V
ROBOT PARAMETERS EXPERIMENTAL RESULT
Fatd . . ’ Maximum Average Path Completion
Descnptlon Value Scenario  Algorithm  Safety Curvature (m—')  Curvature (m—!)  Length (m) Time (s)
Length x Width x Height (cm) 100 x 62 x 97 Scenario Ref No 051 0.14 18.32 -
TEB Yes 1.82 0.39 19.12 20.8
Tthl:(elb?;il (cm) gg One Ours Yes 130 026 19.56 214
rack width (cm) T TR T Ne 072 T R T A S
Turning radius (cm) 34 Sc;“a“" TEB Yes 2.00 0.35 20.69 234
Max linear speed (m/s) 5 wo Ours Yes 081 022 21.27 24.1
Max steering angle (°) 45
. . .. . E s
increasing colhslon.nsk. In contrast, the DRL. based .method j R i B e e
performs well quantitatively but requires scenario-specific tun- g, =
. .« . . ., . . aqe hzd End poini
ing and retraining, limiting its generalizability. Overall, the >0 e o
. . e Obstacle
prop(?sed approach provides a more balanced and practical 2= . = = —
solution. X (m)
(b)

V. EXPERIMENTS AND DEPLOYMENT

To validate the method’s practical feasibility and engineering
adaptability, tests were first conducted in a lab environment and
then verified in a real-world application scenario.

A. Experimental Settings

To evaluate the method’s applicability in real-world scenar-
ios, experiments were conducted in two representative environ-
ments: a sparse-obstacle setting and a dense-obstacle setting.
The experiments were carried out using a custom four-wheel
independent drive and steering robot (see Fig. 8). The robot
integrates perception, localization, control, and actuation mod-
ules. Its perception system comprises a LIDAR and RGB/IR
cameras. Localization is achieved through a GPS unit and an
IMU, supporting both GPS-based and SLAM-based positioning
with real-time obstacle detection. The control system includes
an on-board computer and a low-level controller, while the
actuation module consists of four steering motors and four drive
motors with corresponding drivers. Detailed parameters of the
platform are provided in Table ['V.

N
N

Curvature (1/m)

=)

Curvature (1/m)

o

)
o=
h

g

0 3 6 9 12 15 18 0 3 6 9 12 15 18 21
Path Length (m) Path Length (m)

© ()

Fig. 10. Algorithm experiment verification results: (a) path curve of
scene one; (b) path curve of scene two; (c) path curvature of scene one;
and (d) path curvature of scene two.

B. Experimental Verification

The proposed algorithm was evaluated in both sparse and
dense obstacle environments. Localization was provided by
a GPS-based system, and path tracking was performed using
a pure pursuit controller, with both localization and tracking
accuracy meeting practical requirements. Experimental
setups and results are presented in Figs. 9, 10, and Table V,
respectively.

Experimental results show that in both scenarios, the ref-
erence paths, although low in curvature, resulted in collisions
and failed to yield feasible trajectories. In contrast, both the
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Fig. 11. Application results of algorithm deployment: (a) point cloud

map; (b) experimental process; and (c) path curve.

proposed algorithm and TEB completed the tasks without col-
lisions. TEB produced slightly shorter paths, but its maximum
curvature was higher, and its average curvature exceeded that of
the proposed method by 50% and 59%, respectively, indicating
reduced smoothness. This led to frequent sharp turns, increased
control effort, and compromised safety due to closer proximity
to obstacles.

C. Application Deployment

The proposed algorithm and robotic system were deployed
for real-world inspection in the narrow and enclosed annealing
furnace area at Baosteel, Shanghai. The robot employed LIO-
SAM [33] for localization and a pure pursuit controller for
tracking. A reference path manually generated from a point
cloud map was used, albeit with significant drawing errors.
Additionally, artificial obstacles were placed along the route to
evaluate obstacle avoidance capabilities. The inspection envi-
ronment and trajectory are illustrated in Fig. 11.

As shown in Fig. 11, the manually drawn reference path
overlaps with multiple on-site structures and lacks smooth-
ness due to sparse waypoints, rendering it unsuitable under
robot kinematic constraints. In contrast, the paths generated
by the proposed algorithm, both with and without obstacles,
enabled successful, collision-free navigation and inspection.
The obstacle-free path measured 131.93 m, while the obstacle-
avoidance path extended slightly to 134.62 m due to detours.
Despite the marginal increase in length, the generated trajecto-
ries were smooth, exhibited continuous curvature, and satisfied
kinematic constraints, demonstrating the algorithm’s robustness
and adaptability in complex real-world environments.

VI. CONCLUSION

This article tackles the path planning problem for mobile
robots in obstacle-constrained environments by proposing a
GMPPO framework. The front-end decouples kinematic and
obstacle constraints, integrating an A*-based repair mechanism
to ensure path connectivity and feasibility. The back-end con-
structs dynamic safety corridors using a bi-disc robot model
and real-time obstacle data, which, combined with the reference
path, guide model predictive optimization to ensure nonholo-
nomic and dynamic feasibility. The method is theoretically
proven to be probabilistically complete and has been exten-
sively validated through simulations and real-world experi-
ments. Results show clear advantages in feasibility, smoothness,
safety, and efficiency over mainstream methods, highlighting its
strong engineering practicality and deployment potential.

Future work will focus on handling moving obstacles and
incorporating perception uncertainty in dynamic environments.
Learning-based methods will also be explored for real-time
safety corridor generation and adaptive obstacle abstraction to
improve robustness and efficiency in complex scenarios.
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