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GeoPF: Infusing Geometry into Potential Fields for
Reactive Planning in Non-trivial Environments

Yuhe Gong!, Riddhiman Laha?, and Luis Figueredo!-?*

Abstract—Reactive intelligence remains one of the cornerstones
of versatile robotics operating in cluttered, dynamic, and human-
centred environments. Among reactive approaches, potential fields
(PF) continue to be widely adopted due to their simplicity and
real-time applicability. However, existing PF methods typically
oversimplify environmental representations by relying on isotropic,
point- or sphere-based obstacle approximations. In human-centred
settings, this simplification results in overly conservative paths,
cumbersome tuning, and computational overhead—even breaking
real-time requirements. In response, we propose the Geometric
Potential Field (GeoPF), a reactive motion-planning framework
that explicitly infuses geometric primitives—points, lines, planes,
cubes, and cylinders—their structure and spatial relationship in
modulating the real-time repulsive response. Extensive quantitative
analyses consistently show GeoPF’s higher success rates, reduced
tuning complexity (a single parameter set across experiments),
and substantially lower computational costs (up to 2 orders of
magnitude) compared to traditional PF methods. Real-world
experiments further validate GeoPF’s reliability, robustness, and
practical ease of deployment. GeoPF provides a fresh perspective
on reactive planning problems driving geometric-aware temporal
motion generation, enabling flexible and low-latency motion
planning suitable for modern robotic applications.

Index Terms—Reactive Planning, Redundant Robots, Manipu-
lation Planning, Motion and Path Planning

I. INTRODUCTION

Robotics has expanded beyond structured, well-defined
factory floors into (i) unstructured, (ii) cluttered, and (iii)
dynamic human-centred spaces, increasing the demand for
reactive intelligent navigation, Fig. 1. Yet, despite significant
advances in motion planning [1], autonomous reactive behavior
remains an open problem [2], [3]. The core challenge lies
in addressing clutter while providing structured environment
representations that enable real-time reactivity to dynamic,
unforeseen changes [4], [5]. This challenge is exemplified in
Fig. 1. A robot must navigate a constrained environment to pour
tea, set a table, and dynamically respond to a human moving
objects in real-time. This requires a structured environment
representation—one capable of seamlessly integrating geomet-
ric, spatial, and temporal information into real-time reactive
planning. This work addresses precisely this open challenge by
introducing a novel paradigm that explicitly leverages shape-
awareness, geometric structure, and spatial relationship into
repulsive strategies beyond single-gradient avoidance—enabling
reactive intelligence, the centerpiece of truly versatile systems
operating in human-centered non-trivial environments [6].

Traditional monolithic Sense-Plan-Act (SPA) architectures
divide the system into sequential sensing, planning, and action
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Fig. 1: Reactive robot behaviour in unstructured, cluttered, dynamic
environments. The robot transfers and pours the tea from the shelf
to the cup (left), then returns the set while reacting to a human
dynamically moving objects (right)—requiring accurate geometric
representations for real-time motion adaptation.

phases [1]. This strong modularization enables robots to
function effectively in structured, pre-modeled environments
[7]-[9]. The key advantage lies in breaking down complex
tasks into manageable subproblems, making planning more
intuitive and computationally feasible [2]. Most successful
approaches including graph-based planners construct a free
configuration space (C-space) representation and connect edges
using local planners [1], [9], [10]. Instead, tree-based single-
query planners, as Rapidly-exploring Random Trees (RRTs),
iteratively expand toward the goal through collision-free paths
[10]. Despite their effectiveness in structured settings, they lack
real-time adaptability. Indeed, SPA methods excel in handling
unstructured (i) and cluttered (ii) scenarios, but they fail to
adapt efficiently to dynamic (iii) changes [2], [3]. Their inherent
sequential nature hinders real-time feedback, making them ill-
suited for scenarios where reactive behavior and continuous
adaptation to environmental changes are critical [11].

In contrast, vector-field-based motion generation, or reactive
planning, efficiently addresses the real-time responsiveness
challenge (iii). These methods use gradient-based techniques
to guide motion generation [12]-[14]. While early implemen-
tations suffered from local minima, these have been mitigated
by strategies such as circular fields (CFs) [3], [15]-[17]
and magnetic fields [18]-[20], which incorporated the sphere
geometry to generate tangential repulsive forces to complement
the standard repulsive gradient.

While mitigating traditional drawbacks (e.g., local min-
ima), these methods fundamentally rely on point or sphere-
based obstacle representations. This contrasts with modern
simulators, engines and perception algorithms for collision
detection (see e.g. MuJoCo [21], GJK [22], and FCL [23]) that
compute (analytically or iteratively) contact-point distances
and normals from richer geometric information. Likewise,
voxel- and Signed Distance Function (SDF)-based methods
[24]-[26] (as well as neural SDFs variants [27]) compute
geometry-aware closest-point smooth gradients for collision
avoidance. Notwithstanding, during motion generation, all the
aforementioned techniques reduce the obstacle interaction to a
scalar distance with a repulsive to the closest point alone [28]
or local gradients [26] with respect to the closest point. That
is, the rich information about the obstacle geometry, structure
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and spatial configuration is only used to compute the closest
point and then neglected during motion generation.

In other words, despite their computational efficiency com-
pared to SPA, existing reactive planners remain fundamentally
constrained to a single-point or single-gradient, towards the
closest point, interaction—disregarding the richer geometry and
structural information inherent to the object. While intuitive,
this particle-based approach provides poor information for the
motion generation strategy. When considering point-clouds
or point-based geometry, these methods lead to either large
repulsive spheres yielding overly conservative plans, or dense
sampling, which increases computational load, making real-
time execution impractical. Conversely, sparse sampling causes
force discontinuities, switching strategies, and short-sighted
environment representations, ultimately leading to suboptimal
or infeasible trajectories that are highly sensitive to tuning
parameters.

In summary, despite the promise of field-based planners in
providing intuitive and reactive behaviours, their application
remains constrained by three fundamental issues: (i) high
computational costs associated with representing large, non-
isotropic vector fields; (ii) limited performance due to the
reliance on isotropic,or closest-point-based distance fields and
gradients; and (iii) the complex and impractical tuning re-
quirements necessary to handle real-world scenarios effectively.
These shortcomings are inherently tied to the environment
representation upon which existing field-based methods are
designed. In most cases, repulsive forces are build upon
point clouds based distances [3], [17], or through spheres
or octomaps [29]-[31], leading to challenges in handling
non-spherical objects and non-isotropic vector fields. While
geometric-aware distance computation methods, e.g., [21]-[26]
help reduce the computational load (i), the resulting reactive
planners still ultimately reduce obstacles interactions to a
single pointwise gradient, using the nearest-distance vector
irrespective of whether the closest-contact lies on a face, an
edge, or a corner. As a result, planners must rely on local
contact information only, which limits geometric expressiveness
and leads to non-intuitive force profiles. This lack of structural
awareness often requires non-intuitive and cumbersome tuning
leading to poor or even infeasible trajectory generation.
Contributions

The key novelty of this work lies in exploiting the rich
structure of geometric primitives to directly shape the reactive
vector field. Rather than relying solely on the closest-point
distance, GeoPF leverages the structural representation of
each primitive. These features—promptly available in our
method and other geometric modeling pipelines—are most
often overlooked during the planning stage. Similarly, in motion
optimization frameworks, focus lies not on the shape itself but
on how far the robot is from violating a closest-point contact-
based threshold. Thus, local point-based gradients dictate the
collision logic instead of distinguishing between the robot
approaching a face, corner, or a cylindrical wall. To the best of
our knowledge, such information indeed has never been used
during reactive planning and field generation.

Our key contributions include: (C1) A novel geometric-
aware planning paradigm, revising and generalizing primitives,
leveraging their topological and structural properties to actively
modulate the repulsive field beyond simple distance-based
computations; (C2) An analytical, closed-form vector-field
planner explicitly tailored for common primitives (points,
lines, planes, cubes, and cylinders), directly instantiating C1;
(C3) Comprehensive quantitative analysis highlighting GeoPF’s

Fig. 2: A snapshot of our GeoPF planner in the same setup as
Fig. 1(left). Each obstacle, captured as a sphere, line, plane, cube,
or cylinder, generates a distance-based repulsive force. The coloured
arrows illustrate the aggregated forces—per geometric type—steering
the end-effector (EE) safely to the goal without collision.

TABLE I: Notations used throughout the paper

Notation Description

<>, X
Geo,S,L,P,B,Y

Dot (inner) and Cross products

Geometric Primitives (Geo), Sphere (S),
Line (L), Plane (P), Cubic (B), Cylinder (Y)

T Robot workspace in R3
Tobs Geometric Primitive Set
Tleas T4 Feasible and Unfeasible Workspace
a,v,p Acceleration, velocity, position in Cartesian Space
BR Robot Position in Cartesian Space
B, i Unit and Force Unit direction in Cartesian Space
F Force
rGeo, Egﬁo Radius and Center of sphere, circle, cylinder

higher success rates and orders-of-magnitude computational
improvements over state-of-the-art field-based planners, accom-
panied by real-world experiments — including poor/coarse
primitive shaping showcasing its scalability and robustness.

II. GEOPF: SYSTEM DESIGN AND OVERVIEW

This work is about reactive planning in non-trivial human-
centric environments. £€SFE(3). Let’s consider an initial
and a goal pose, respectively z°, z9€SFE(3). Both rotational
and translational components are modeled through unit-dual
quaternion parametrization, and while the orientation tracking
is achieved through screw interpolation [32], [33], in this work,
we are interested in the Cartesian trajectory, p*€R3.

We list all additional notations used herein in Table I.
Furthermore, to improve the mathematical description, we
will explore the following functions.

(pl—pk)

Up)=—=, N =U(pt—pt) = =L =2,

gy MR 2R ) = i)
where U(p) and N'(p,, p,) are the unit direction along p € R3
and from p, pointing to p, . N
Overview of the Design Strategy

Given a convoluted obstacle geometric shape, simpler
primitives can be fitted to achieve interactive performance.
Herein, we make use of—spheres (balls, rounded objects),
lines (wires, thin poles), planes (walls, floors), cubes (boxes,
crates), and cylinders (pipes, cans)—as these geometric types
effectively cover the majority of objects (we elucidate some of
them) encountered in real-life scenarios. In the same vein, we
designate the space occupied by each type as the spherical space
T, the line space 7, the plane space 7, the cubic space

i

ey
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TB, and the cylinder Ipace TY. Tops can now be explicitly
defined as TS UTLUTFUTE UTY Thus, considering the full
workspace of the robot 7 C SE(3), the feasible space 7%
in a non-trivial environment is 7% = T\ (Tops U7 ), where
T designates the infeasible workspace, e.g., singular-poses,
self-collision, joint limits, and workspace out-of-boundaries.

Each geometric primitive is defined by a set of points
that describe its spatial configuration in SE(3). Given the
geometric shape and pose information, a geometric model can
be constructed for each obstacle in the environment. One key
feature to this aim is the normal vector, denoted as MGGO, where
Geo € {S,L, P, B,Y} represents the specific geometric type.

For each geometric primitive, exploring £&°°, we are able
to project the robot onto the obstacles. The projected point is
the perpendicular foot p&°. Such a foot system indicates the
spatial relationship between them, which in turn defines the
avoidance strategy, as depicted in Figs. 3-7.

The core principle of potential fields is to model the robot
and environment with attractive and repulsive potentials. The
attractive force is along the direction from robot pointing to goal
position f‘m =N (p ,p™*). The magnitude of the force is

controlled by a tuning parameter kAt The attractive force ex-
erted on the robot is glven by F*'" = kot ' Differently,

the repulsive force f ° respects geometric considerations and
it is directed along the shortest path from the obstacle to the
robot. The magnitude of the repulsive force depends on the
length of shortest distance d“°° with a tuning parameter k&¢°:
Geo kGeU Geo
E = dGeoi : (2)
Therefore, the force is directly proportional to the obstacle
distance. The repulsive force should be only active when the
robot is close to the obstacle. We set a threshold A%¢ for the
activation. F'? stems from additional workspace limit-based
forces such as self-collision, joint limits, singularities, and
workspace limits. The limit-based forces can be expressed
through geometric primitives, 72 C 7. An example is
shown in Fig. 11, where boundary limits restrict the feasible
workspace.
Problem Statement The robot motion planning problem that
we consider is hinged on the notion of potential functions.
After the field construction we present earlier, the resultant net
force acting on the robot can be expressed as
Fres — Fattr + FGeo + F@
2E ) E
The robot’s acceleration at each timestep can be computed as
= F°°/m, where m denotes the mass of the robot, and
i E {1,2,3,...} is the timestep index. The velocity will be
updated through ;. = v;+0:a;, 6; being the step size. Thus,
the Cartesian robot position updates as

1

P, =pf+ 50 a + ;. @
Lastly, the orientation of the robot is determined by the task
requirements, such as the grasping direction. Thus, we seek a
feasible trajectory P starting from x° and ending in x9 in the
free task space T1°% brought about by F™* and taking into
account the workspace (environmental) constraints as well as
geometrical considerations.

3

III. FROM GEOMETRY TO FORCE GENERATION

One of the key contributions of this work is a geometric-
based environment representation that explicitly encodes the
spatial properties of objects and uses this geometry to drive
temporal motion generation. Rather than relying solely on

point clouds or large sets of spheres for obstacle modeling,
or the closest-point contact-based to the obstacle, we cast
primitives—including spheres, lines, planes, cubes, and cylin-
ders—into repulsive forces within a vector field.

Formally, let {G;} denote the set of geometric primitives
representing the obstacles. Each primitive G; is associated with
its own distance function d;(-) and corresponding repulsive
force F';. The aggregate motion is determined by summing
these repulsive forces with an attractive force pulling the robot

toward the goal pY. Specifically,
res __ p.attr pattr 2 %)
e S () S E
i J
repulsion from obstacle %

goal attraction

where k.t and k; are scalar gains. The following subsections
detail how each geometric primitive defines its distance function
d;(-) and force direction f;.

A. Point and Sphere-based Potential Field

A sphere is defined by its centroid P, % €R? and radius 7°

while a point is given by °=0. It forms the simplest geometrlc
primitive we define for collision avoidance. First, we compute
the shortest distance (d°) between the point robot and the
sphere’s surface, ie., d°=||p® — p° ||— . Second, we are
interested in the direction of the relatlve posrtlon vector, 1 e., the

radial vector outward from the sphere center, f =N ( ,D O).
The repulsive force is therefore computed as
p -p
F° = deS where fS " (S)H k9>0.  (6)

The sphere-based repulsive force can be enhanced by circular
forces or magnetic-based [3], [20], yet we explicitly decided
to maintain a straightforward approach, avoiding unnecessary
complexity of the spherization—that often rely on tuning for
efficiency, as shown in Section IV-A. For more details on
alternative forces, please refer to [3], [17].
B. Segment Line-based Potential Field

In the remainder of this section, we present additional
geometric-primitive-based potential field generation Starting
from a line segment, defined by two vertices p Py LeRr3.

The repulsive force surrounding the line segment is a function

of the shortest path from the line to the robot. The shortest
distance, and thereafter, the repulsive force direction, between
the robot (p’*) and the finite segment may arise from one of
two cases, as shown in Fig. 3.

1) The robot projected onto the line segment, as shown in
Fig 3a, indicating that the perpendicular foot lies between
the vertices. In the other words, the robot is orthogonal
to the line segment.

2) Otherwise, the robot lies outside the orthogonal region,
as shown in Fig 3b. In the other words, the robot is on
the side of the line segment.

In the first case, the resulting orthogonal-based force direction
is deﬁned as f L whereas the side forces are given by Lfr and
as shown in Fig. 3.

7%0 evaluate both conditions, we first compute the per-
pendicular foot that the robot projects onto the line. To
compute it, we first obtain the robot-line plane based on
the line within the plane, e.g., Ef %—N( R,pf), and the
plane’s normal direction, given by ;ﬁ% =(ul [N RX/,L L), where
,u H2—)1_N (p1 , p2) is the unitary vector from p towards
pL Next, we compute the orthogonal d1rectron perpendlcular

to both the line and the plane normal, i.e., u = (plxp R)
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Fig. 3: Line-based potential field. (a) When the perpendicular foot
is inside the line segment. The force is orthogonal. (b) When the
perpendicular foot is outside the segment, the force is side force.

Finally, the orthogonal distance from the robot to the line is
given by df =< p"—pl p uL >, which is the length of the
pl‘OJeCthIl of the robot to p~ p, over ;r . The perpendicular foot,
1n this case, also the projection pornt can be calculated as
P, = (@P"-dl)p’

When the perpendicular foot ( ) lies between the vertices
of the line segment, i.e., p RGTL, the repulsive force is
the orthogonal force. In this case, the distance from the
perpendicular foot to the edge is always smaller than the line
distance, i.e., di < 1L'Nd% > 1. Note that the distance can be
calculated using the Euclidean norm, given the known position
of perpendicular foot and the vertices. Conversely, when the
perpendicular foot is outside the line segment p~ & TF%,
the repulsive force is the side force, directed from Jlie closest
vertices towards the robot:

(£, ab) db >t ndk > 1, (7a)
(fFdb) =< (fF.dD) di <1 ndy <1* (b
(ff.d7) i <1t ndk <1t (7c)

L
F de

C. Plane-based Potential Field

Planes are among the most common geometric obstacles
in human-centred environments—representing tables, walls,
and other flat surfaces. Traditional methods approximate them
using multiple discrete spheres, as shown in Fig. 8b. Although
conceptually simple, this results in inefficient and imprecise
representations, requiring extensive tuning to prevent the field
from either penetrating the spheres or generating unnecessarily
large repulsive forces. In contrast, explicitly considering a
plane with four vertices allows for closed-form distance and
force computations, reducing both computational overhead and
tuning complexity. Indeed, let’s consider a plane defined by

(7d)

P P P PERB.

four (counter-)clockwise ordered vertices PPy P3P,

The plane’s outward normal can be computed as

“P Z/[(ll'2—>1 x u’2—>3) (8)
where u = N(p? P ) and u = N(pé‘,pé) depict
segments ’of line within the plane. o

Similar to the segment-line case, the repulsive force, thus
the avoidance strategy, is determined by the robot’s projection
onto the perpendicular foot (pf R) on the obstacle plane.

The perpendicular foot on the plane is computed by
pi = p dP;rP where df = <u ,p p > is the
spatial distance between the plane and the robot projected
on the orthogonal outward normal from (8).

Whether the perpendicular foot lies within a rectangle’s
plane can be evaluated by angles between the lines connecting
the foot point and the rectangle’s vertices. Let the direction
from the perpendicular foot to the i* vertex be denoted as
,u , where i € {1,2,3,4}. If the perpendicular foot is located
w1th1n the plane, the angles between two adjacent foot-vertex

Robot

1,

(a) Orthogonal Plane Field (b) Side Plane Field

Fig 4: Plane-based potential field defined by the perpendicular foot
P L @ If it lies within the plane boundary, the condition vectors
(green arrows) remain aligned, see (10), then the repulsive force
direction ¥ aligns with the plane’s normal. (b) Otherwise, the force
is derived from the nearest edge.

lines should be less than 180°. In contrast, if any of the angles
exceed 180°, the point lies outside the plane.

The angle condition can be determined through the cross-
product < u ,ur(l ) >. Therefore, we have the normal

direction of the plane given by
e =Upl xpl), e =Upl xpl),  ©)
o X ). 10)

€3 = u(ﬁi‘) x Hf4)’ €4 = U(HVA < Hrl :
The perpendicular foot lies inside the plane if and only if all
indicators ¢; point in the same direction, i.e., ¢; =C,=C3=C,,
Fig. 4a. In this case, the perpendicular foot lies inside the plane
boundaries pf r € TP, and the repulsive force direction is

orthogonal to the plane and aligned to (8), i.e., f uf =c,.

When any of ¢, points in the opposrte direction (Fig 4b)
the point is outsrde the plane, p”’ Px ¢ TF, which guarantees

the convexity of the plane. The resulting side force f and

corresponding distance d is then redirected from the nearest
plane edge or vertex using line-based logic as in Sec. III-B.
The resulting plane repulsion is computed as
kP
P _

F'= 51" (10
where (f7,d") is given by either (f ,d>) or (ff, dr)
according to the case described above. o
Plane-based Correction Potential Field Heuristic

While successful in avoiding collision with plane-based
geometries, when a large plane is positioned between the robot
and the goal, the attractive force counteracts the repulsive force,
causing a trap condition (Fig. 5a).

If the line from robot to goal intersects the plane interior, we
project a repulsive force parallel to the plane’s surface (toward
the nearest plane edge) rather than purely along the normal. This
prevents the attractor from canceling out the plane’s repulsion,
allowing the robot to “slide” around or above the plane.

Given the unit vector along the robot-goal line, puf*¢ =
U(pT — pY), the intersection point in the unbounded plane is

P
_pR dzntefp’ p,Rlé NP>
is the distance from the robot to the intersection point. If the
intersection point lies within the plane, we project a force
parallel to the plane toward the nearest plane edge.

By defining the nearest edge direction uP the parallel
direction is given by u —— = pul x ue To aV01d crossing
toward the farthest edge, see Fig. 5b, we evaluate the direction
from the robot to the nearest edge', denoted as %, which
corresponds to the opposite direction of the line to- robot vector
Section III-B. By computing s = sign(< ,u ,uPR >), W
can determine whether the parallel direction n toward the nearest

given by p” , where d?

inter-

n rare case of exact symmetry, similarly to [3], a small random additive
noise is applied toward one of the primitive’s vertices or edges.
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Fig. 5: Plane force correction. (a) Without correction, a large plane
may trap the robot by canceling the repulsive and attractive forces.
(b) When the line connecting the robot and goal intersects w1th the
plane (p* ), the force is redirected to the parallel direction u

If the paraltlel direction points aw Iys of the nearest edge, the force is
redirected according to o with f .. being the corrected direction.

Robot

» R ol)ot

P ; p;

(a) Cubic Surface Field on 78 (b) Cubic Edge Field on 75 N TEH

Fig. 6: Cubic force relies on the closest surface. (a) When robot
closest to surface, the surface plane provides the force (Sec. III-C.
(b) When robot closest to an edge, either surface can be chosen.

edge or its opposite. When s = 1, the direction is correctly
toward the nearest edge (o < 7), whereas s = —1 indicates the
farthest edge (oo > 7), see Fig. 5. Accordingly, the corrected
force is
‘fforr - Sﬁforr’ with ufo /J' “ (12)

with the magnitude of the force according to the distance
between the robot and the plane - the orthogonal force and the
side force corresponding distance.

GeoPF has orders-of-magnitude improvements in computa-
tional speed over state-of-the-art reactive field-based planners
while maintaining higher success rates.

D. Geometric Cube-Based Potential Field

Extending from previous primitives, many everyday objects,
from boxes to shelves and cabinets, can be approximated
as cubes or rectangular prisms. To model a cube, we use
eight (counter-)clockwise ordered vertices pf eRr?, i={1,...8}.

: B B
The vertices Plogy represent one surface, whereas Pers

representing the opposite surface. Moreover, pf is aligned
with p5 , as illustrated in Fig. 6. Therefore, the cube can be

decoupled into six different surfaces T8 to 7& and their
intersection edge T4, N T4}, with i # j € {1 2, 3 4 5,6}.

In practice, each of the six faces is treated like an individual
plane (as in Section III-C), so the force generation relies on
choosing whichever face is nearest, as shown in Fig. 6a. When
the robot is closest to a cube edge 75 OTSI; , then the forces
generated by TSBZ are equivalent and the distance and direction
of repulsion are handled via plane or line logic, whichever is
more appropriate according to Section III-B. In summary,

FP = f(de) (f2,d5),i ar6d 13
F dB £ d8),i = argmindg;. (13)

E. Cylinder-Based Potential Field

Cylinders commonly arise from objects such as cups, bottles,
cans, pipes, or cylindrical machinery components. We define
a cylinder by its central axis (stemming from two vertices
ngBEQGRB) and the radius Y. We explore the curved

., E >
Y :
iXs‘Z\i Bls/z Po,

(a) Surface Line Field

(b) Circular Plane Field

Fig. 7: Cylinder Force has two different situations. (a) When the robot
is close to the curved surface, the force can be regarded as a line
force. (b) When the robot is close to the circular plane, the force can
be regarded as the plane force. By checking the circular edge points,
we can build the plane field on the circular plane.

surface surrounding the cylinder, and two circular-cross section
planes centred at the vertices. The normal direction of the
curved surface is the radial direction from the central axis
extending outward, Fig 7. The normal of the circular surfaces
are perpendicular to the plane and point outside the cylinder
then we directly apply the force along the axis direction f

When the robot is “beside” the curved surface—as 1n
Fig. 6a—the force can be computed akin to a line-based
approach, whereas if it is above or below, we treat the top or
bottom circle similar to the plane-like surface.

Assuming no penetration, the former occurs when the
distance (dY ) from the robot to its perpendicular foot within
the cylinder-axis is larger than the radius, whereas d* <7V
indicates the robot is right above or below the cylinder (Fig. 7b).

To compute the resulting forces, we compute a robot-axis
plane and the orthogonal vector to the cylinder axis (ui )—as
in Section I1I-B. Note d¥ y is computed along HI X
Surface-Line Potential Field

When the robot is “beside” the curved surface (d{ x > rY),
it is closest to a line segment on the surface of the cylinder.
To this aim, we shift the cylinder axis to the closest point of
the surface by translating the vertices along the direction “I X
ie., p —p +dY i , 1={1,2}.

The resulting force is defined by the robot to the segment
line E < 1B G0 A8 in Section III-B. Thus, we have the surface-

line orthogonal force i;;o,

perpendicular foot p
When the perpendicular foot of surface line pi + s in

between pY Pg, and pY, Py the cylinder force is the orthogonal

force f f

vector f

side force i?@ and the surface-line

, which is the same as the axis orthogonal
= H Lx When the surface line foot pY 1x is outside,

the cylinder force is the side force f¥ f ,with i = {1,2}.
The distance is computed from the robot to surface s line.
Circular-Plane Potential Field
When robot-axis distance is smaller than the radius (d* y <
rY), the robot remains either on the top or bottom of the
cylinder (Fig. 7b). When the circular planc perpendicular foot
is inside the plane: p} € 72" : [[p} . —pp,,[|< r", we apply
the circular plane force Otherw1se 1t is the surface 11ne force.
The circular plane normal is the unit vector along cylinder axrs
f§ N(pm,pm) Note that we have surface points pS1 5
Suppose the robot is closer to the upper surface with the surface
point B 51° Then it is easy to find another point on the circular
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GeoPF

CF

GeoPF

END:!

START

Line Easy Scenario Line Hard Scenario

(a) Comparison of GeoPF and CF Spherization in Easy (Left) and Hard (Right)
Scenarios. Black lines and circles represent line obstacles and their spherization.
In clutter, spherization forces trajectories around all obstacles, while GeoPF
navigates narrow spaces between obstacles and successfully reaches the goal.

I ine

l"‘lam:

(b) Spherization of Line and Plane (c) Trajectory in Plane Scenario

Fig. 8: Spherization in random Line and Plane Scenes. (b) shows how
spherization scales objects from lines to planes, sharply increasing
computation time. (c) GeoPF finds feasible paths, CF and PF are
trapped in local minima, yielding lower success rates.

plane by taking the cross product p d =< 0 f .
Tl}l/en the four po}lnts on the e Yge of the/ c1rcul/ar 5Qlane are
pEls—pmid udd,andp 24 = Pony +d With
the three of them, we can shape a plane and calculate the plane
force according to Sec. III-C. However, a key distinction is
that the angle-based condition for verifying the intersection
point Bg is no longer applicable, as the original plane is

circular. Ixnstead, the intersection point can be checked by the
distance. If the distance from the intersection point to the circle
center exceeds the radius pg ¢ T Hpg p01||> rY
the intersection point lies outside the circular plane. Here,
the distance is same as the plane-based distance for either
correction or non-correction force.

IV. QUANTITATIVE ANALYSIS AND EXPERIMENTS

This section presents an extensive evaluation of GeoPF with
two main goals, (i) to quantitatively assess its performance’
against state-of-the-art field-based planners across a variety
of randomized scenes, and to demonstrate GeoPF’s feasibility,
reliability, and robustness in real experiments with a Franka
robot. To ensure fairness, all experiments were run on the
same hardware,® with randomized seeds, obstacle counts and
placements, to thoroughly test robustness.

Unless otherwise noted, we fix the same gains for GeoPF
across all trials, highlighting its minimal tuning requirement.

A. Quantitative Analysis

We evaluate planners under 1000 randomized cases per scene
within a workspace z, y, z€[—0.2,0.2] m with initial position
[0,1,0] and goal [0, —1,0]. State-of-the-art Baseline planners.

o Potential Field (PF): A standard artificial potential field

with point- or sphere-based obstacle approximations;

e Circular Field (CF): A force-based variant exploiting
circulatory vector fields along spherical obstacles [34].

Tuning and spherization values were optimized to improve PF
and CF results, under the following designed scenes.

o Line obstacles: randomly generated lines (Fig. 8) classified
as as “easy” (5-10 lines) or “hard” (10-50 lines);

2Key performance include (i) success rate—reaching the goal w/o collision,
(ii) computational time; (iii)-(iv) path length and min. distance to obstacles.

3AMD Ryzen 7 5800H, 32GB DDR4-3200 under Ubuntu 20.04, gcc/c++ 9.4.

STAR]

Side View Front View

Fig. 9: Maze Task. The robot should find a feasible path with avoiding
the plane and go through the tunnel.

z ‘V_ - cc ~
= Q)

Front View

) /
- Moving Obstacle - -
— N e—
Staght i wio gbstgi ‘,
(I

Moving Spheres

Y

Moving Cubics

Moving Cylinders

Fig. 10: Dynamic obstacle avoidance with different primitive-specific
modulation, in response to sphere (a), cube (b), and cylinder (c).

e Plane obstacles: randomly generated planes, classified
as as easy (2-8 planes) or hard (10-40 planes). We also
consider “longer” scenarios (changing the goal position);

e Maze-Scenario: designed over classic planning task, we
compared the methods over different maze conditions.

The results with key performance metrics* are shown in Table II.
Discussion and Results

For Line Obstacle Scenarios, the CF and PF require approxi-
mating each segment with small spheres (Fig. 8). While small
spheres (r3F = 0.01) increase accuracy, they greatly increase
the number of obstacle primitives and computation time. Larger
spheres °F = 0.05 reduce complexity but degrade fidelity.’
GeoPf used a fixed k&¢° = 0.1, across all tasks. PF and CF
mainly used k%**" = 1, and k***" = 0.1 occasionally improving
performance. For each task, we performed a limited parameter
search to identify optimal values for PF and CF.

Table. II shows GeoPF consistently obtains higher success
rates and up to 8 faster computation. This is thanks not only
to its closed-form distance and force computations, but also
to its ability to exploit the geometric structure of lines and
planes, differentiating and modulating repulsive forces based
on interactions with faces, edges, or vertices. Instead, existing
methods rely solely on the closes-contact point—except for CF,
which uses sphere-based modulation but introduces significant
overhead, especially in cluttered scenes.

For Plane-Obstacle Scenarios,® spherization led to massive
sphere counts and excessive computational times. Except in
simple cases, PF and CF could not produce feasible solutions
within real-time constraints, as shown in Table II. In contrast,
GeoPF reduced computational time by up to 100X, achieving

4The minimum distance is the smallest value across the trajectory, while
the average takes all the robot-obstacle distances through the whole trajectory.

3Since PF is not as competitive as CF [3], we only consider 757 =0.01.

SNew parameter search was required for PF and CF, as prior values (used

successfully in line-based scenes) consistently failed. We analyzed repulsive
coefficients kST = 1,10, 100. GeoPF kept the same parameters.
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TABLE II: Quantitative Analysis (mean/Std) between CF, PF, and GeoPF planners. Key metrics: N.Obs.Pr. (number of obstacle primitives),
SR (success rate), Step (iterations), CT/Step (s) (computation time per step), PL (path length), Min and Av. Dist. (distance to obstacles).

M. (rSP , kattr) N.Obs.Pr. SR Step CT/Step (ms) PL (m) Min. Dist. (m) Av. Dist. (m)

GeoPF 10/2.8 100% 4909/62.83 0.0652 /0.0163 2.03/0.03 .046/.001 .510/.001

Line CF (0.01,1) 135/77.46 100% 5044/81.69 0.23 /0.0688 2.210/0.044 .0617.001 .504/.001
(easy) CF (0.05,1) 31/17.78 99.4% 5140/118 0.1109 /0.0303 2.175/0.158 .0497.001 4771.001
PF (0.01,1) 135/77.46 99.2% 4860/14.42 0.2263 /0.0671 1.998/0.005 017/.001 .505/.001

GeoPF 30/11.62 100% 5025/86.04 0.1871 /0.0717 2.097/0.055 .032/.001 .505/.001

Line CF (0.01,0.1) 462/316 100% 11258/195 0.6795 /0.2655 2.287/0.105 .051/.001 .686/.001
(hard) CF (0.05,1) 101/70.71 88.7% 5270/126.73 0.2941 /0.1139 2.287/0.21 .0317.001 485/.001
PF (0.01,0.1) 462/316 47% 11408/431 0.6101 /0.2753 2.271/0.10 .078/.001 .683/.001

M. (rSF ESP) N.Obs.Pr. SR Step CT/Step (ms) PL (m)  Min. Dist. (m) Av. Dist. (m)

GeoPF 5/2.236 97% 5362/528 0.1567 /0.0682 2.29/0.302 .037/.002 .464/.002

Plane CF (0.01, 100) led/le5 74.7% 5211/300 17.0409 /7.2686 2.15/0.145 .0807.001 4507.001
(easy) PF (0.01, 100) led/led 54.5% 6324/1343.5 17.5838 /10.7061 3.1/0.95 .1107.003 440/.003
CF (0.05, 10) 584/547 31.5% 4881/73.03 0.7253 /0.3055 2.01/0.03 .0297.002 418/.002

GeoPF 5/2.236 97.9% 5525/592 0.1575 /0.0696 2.33/0.232 .039/.042 .480/.045

Plane CF (0.01, 100) led/lc4 78.9% 5437/308 18.227 /7.6896 2.25/0.13 .0697.002 453/002
(easy-longer) PF (0.01, 100) led/led 69.4% 5280/360 16.9886 /8.0272 2.169/0.148 .1017.001 452/.002
PF (0.05, 100) 584/548 60.2% 5281/374 0.7764 /0.3765 2.170/0.152 .101/.001 4247001

GeoPF 25/10.72 59% 5297/881 0.8061 /0.4328 2.641/0.557 .015/.001 .589/.002

Plane CF (0.01, 100) 6e4/54770 46% 5923/547.7 82.5595 /42.0462 2.49/0.293 .0447.001 .585/.002
(hard) CF (0.05, 10) 3e3/7746 29% 5521/379.4 3.4957 /1.7589 2.273/0.16 .0407.001 .539/.003
PF (0.05, 1) 3e3/7746 11.2% 13533/2683 2.9506 /2.009 3.136/1.039 .0997.001 .632/.001

GeoPF 25/10.72 62.8% 6108/632.5 0.7187 /0.339 2.72/0.528 .0117.001 .617/.004

Plane CF (0.01, 100) 6e4/54772 49.4% 5887/547.7 83.1323 /42.313 2.48/0.29 .046/.001 .585/.002
(hard-longer) CF (0.01, 1) 6e4/54772 17.4% 5038/63.88 90.1151 /43.9529 2.09/0.048 .0107.001 .582/.001
PF (0.01, 100) 6e4/54772 13.6% 6833/1483 61.0274 /28.5995 3.45/1.068 .0997.001 .572/.001

TABLE III: GeoPF performance in complex and dynamic scenarios.
Average (black) and standard deviation (gray) shown. CT/S. represents
CT/Step. Min.D. represents Min.Dist.

Scenario N.Obs.Pr. SR CT/S. (ms) Min. D.(m)
Complex 12/2.45 93.7% 0.62/0.37 0.032/0.03
Dynamic (easy) ~ 2(2)/1.1(1.05) 949%  0.48/0.07  0.026/0.02
Dynamic (hard) 15(7)/1.73(1) 83.2% 0.89/0.25 0.017/0.02

real-time (below 1 ms) in all cases while maintaining higher
success rates even in dense and cluttered scenarios.

In the challenging Maze Task, considered a standard trap
case for reactive planners with multiple vertical and horizontal
planes (Fig. 9), CF and PF fail at the centre point in front of
the middle plane, GeoPF successfully navigates through the
maze, aligning with results from Table II.

Complex and Dynamic Scenes

We further evaluated in challenging environments composed
of multiple primitives—including lines, planes, cubes, and
cylinders, in cluttered and dynamic configurations. Each
composite scene randomly included 5-10 lines, 2-5 planes,
and 2-3 cubes or cylinders distributed around the workspace.

GeoPF consistently achieved high success rates without
requiring special tuning or re-initialization, see Table III. Fig. 10
further shows the dynamic response modulated per primitive
in a back-and-forth scene (with dynamic obstacles appearing
in the middle of an originally straight line goal). The same
k value parameters were used throughout this paper. These
results highlight GeoPF’s flexibility, real-time performance,
and stable behavior in complex, dynamic scenes.

B. Real Robot Experiment

To validate GeoPF’s practical viability, we deployed it on
a 7-DoF Franka Robot. End-effector velocities were generated
by mapping the GeoPF forces into joint-space via Jacobian
pseudoinverse. Obstacles were tracked via a motion-capture
system (Nokov Mars) and fitted to corresponding geometric
primitives. GeoPF was tested across four representative tasks.

First (Fig. 11a), in a tabletop scenario, GeoPF leveraged
geometric primitives to produce smooth, collision-free trajecto-

ries under rigid (z-axis) constraints, avoiding randomly placed
lines, cubes, and cylinders within plane-bounded workspaces.
To further evaluate robustness to primitive shaping, we revised
the same experiment, but using only bounding boxes (from off-
the-shelf algorithm, e.g., YOLOv7). As seen in Fig. 12(b), even
such coarse approximations suffice for GeoPF to generate safe,
efficient and real-time motions in clutter, while state-of-the-art
methods Fig. 12(c)-(d) failed despite access to full geometry.

Second, in a 3D task, the robot navigated around a shelf
decomposed into multiple planar elements, along with addi-
tional obstacles. GeoPF successfully avoided all obstacles by
generating environment-aware trajectories.

In the dynamic scene shown in Fig. 1, the robot performed
tasks like pouring tea into a moving cup or navigating around
moving obstacles, with GeoPF consistently maintaining safe
distances in real time without parameter adjustment. Across
all cases, GeoPF produced real-time smooth, collision-free
trajectories suitable for control-based execution.

Lastly, we demonstrated that GeoPF can be extended to
whole-body collision avoidance (see Fig. 13). This constitutes
an initial result based on the structure presented in our work. In
future studies, we aim to further elaborate on the modulation
of forces for whole-body collision avoidance using geometric
primitives.

V. CONCLUSION

This work introduces GeoPF, a novel reactive planner that
unifies spatial structured geometric primitives under a temporal
potential-field framework for real-time planning. By explicitly
leveraging closed-form distance functions and structural and
spatial properties of primitives, GeoPF delivers substantial
improvements in computational efficiency, tuning simplicity,
and collision avoidance performance. Experiments demonstrate
its robustness across static and dynamic scenarios with minimal
parameter adjustment. Quantitative analysis and experiments
demonstrate its reliability, robustness, and easy-deployment
over existing field-based planners, being the only suitable
for real-time (1 kHz) performance in cluttered, unstructured
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(c) 3D Task in Real Robot (d) Trajectory for 3D Task

Fig. 11: Real world experiments. The robot goes from left to right
(high-opacity) and then returns, see trajectories (b),(d). The upper
figures show a 2D tabletop task with multiple obstacles, as lines,
cubes, and cylinders. The workspace is shown by planes, w.r.t. the
robot’s boundaries. The bottom figures illustrate a 3D task with four
lids representing walls that the robot must avoid during navigation.

Fig. 12: Robustness to primitive fitting—based on 2D Task (Fig. 11(a)).
(a) GeoPF with structured primitives-fitting produces high-quality,
shape-aware trajectories, while CFs (c¢) and APFs (d) fail to generate a
collision-free trajectory, despite being given full geometric-information.
(b) GeoPF with only access to bounding boxes still finds a feasible
path—even with less privileged information. The red lines indicate
that robot goes into the obsctale.

dynamic settings. GeoPF has also been tested for limited
primitive-fitting access, all with no tuning.

Future work will focus on integrating prediction modules
for dynamic obstacle tracking and multi-agent vector fields
to address a core limitation of GeoPF—and all reactive
planners—its lack of completeness. We also aim to fuse
GeoPF’s primitive structure with neural SDFs (e.g., [27]),
extending ANN inference to produce rich geometric descriptors.
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