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Abstract: This paper reports an experimental evaluation of a Nav2 Regulated Pure Pursuit (RPP)-PID architecture for trajectory
tracking of a four-wheel Mecanum mobile robot. The high-level RPP controller runs on an NVIDIA Jetson Nano at 50 Hz, while
four proportional-integral-derivative (PID) loops on an STM32 microcontroller regulate individual wheel speeds at 100 Hz. PP
and RPP were evaluated using the same robot hardware, map, PID gains, start pose, goal pose, and reference path. Each
quantitative tracking condition was repeated five times. RPP reduced the mean RMSE from 0.12 ± 0.03 m to 0.08 ± 0.01 m for
curved-path tracking and from 0.10 ± 0.02 m to 0.05 ± 0.02 m for goal reaching. Obstacle-avoidance experiments were also
conducted with both controllers under matched conditions and are discussed as system-level navigation tests because planning,
localization, perception, and control remained active. The controller uses nominal Mecanum kinematics without explicit slip or
delay compensation. The results demonstrate improved geometric tracking accuracy for RPP under the tested indoor conditions
and confirm stable online operation of the distributed RPP-PID architecture.

Keywords: kinematic model; Mecanum mobile robot; path tracking; PID control; Pure Pursuit; Regulated Pure Pursuit; ROS 2
Navigation2

I. INTRODUCTION
Mobile robots play a vital role in modern automation and have been
widely deployed in applications such as industrial logistics, service
robotics, automated inspection, and intelligent transportation sys-
tems [1,2]. Among the various mobile robot architectures, omnidi-
rectional platforms equipped with Mecanum wheels have received
significant attention because of their holonomic motion capability.
Unlike conventional wheeled robots, Mecanum-wheeled platforms
can simultaneously perform planar translation and rotation, enabling
high maneuverability in confined and cluttered environments [3].

Despite their kinematic advantages, achieving accurate path
tracking and robust motion control for Mecanum-wheeled mobile
robots remains a significant challenge. The unique wheel–roller
configuration introduces complex wheel–ground interactions, re-
sulting in lateral slip and deviations from the ideal kinematic model
[4,5]. These nonlinear effects become increasingly pronounced at
higher operating speeds and along high-curvature trajectories,
leading to degraded path-tracking performance and reduced control
stability.

Numerous control methods have been proposed to address the
path-tracking problem in mobile robots. Among them, model pre-
dictive control (MPC) has gained considerable attention because it

optimizes control inputs over a finite prediction horizon while
explicitly incorporating system dynamics and operational constraints
[6]. Nevertheless, the high computational complexity associated
with solving an optimization problem at each sampling instant poses
challenges for real-time implementation, particularly on resource-
constrained embedded platforms.

Intelligent control methods, including fuzzy logic control
(FLC), have also been widely used to address the nonlinearities
and uncertainties inherent in robotic systems [7,8]. Owing to its
model-free nature, FLC offers enhanced adaptability under uncer-
tain operating conditions. However, its control performance is
highly dependent on the design and tuning of expert-defined fuzzy
rules and membership functions, which can limit its robustness and
generalization across diverse operating environments.

Geometric path-trackingmethods, particularly Pure Pursuit (PP),
have been widely used because of their simple implementation and
low computational cost [9]. The PP method determines a lookahead
point along the reference trajectory and generates a steering command
that guides the robot toward the selected target point. Despite its
computational efficiency, the tracking performance of PP is highly
sensitive to the choice of lookahead distance. Consequently, its
accuracy may degrade when navigating high-curvature trajectories
or operating under dynamically changing conditions.

To alleviate this sensitivity, Adaptive Pure Pursuit (APP)
methods dynamically adjust the lookahead distance based on the
robot’s velocity or operating conditions [8]. Although this adaptiveCorresponding author: Zhiqin Zhu (e-mail: zhuzq@cqupt.edu.cn).
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strategy improves tracking performance under varying conditions,
APP does not explicitly consider safety constraints or the dynamic
limitations of the robotic platform, which may compromise perfor-
mance during aggressive maneuvers or in complex environments.

Sliding mode control (SMC) is a robust nonlinear control
method that is typically designed based on Lyapunov stability
theory to drive system states toward a predefined sliding surface
aiming to overcome external disturbances and modeling uncer-
tainties [10,11]. For Mecanum-wheeled mobile robots, SMC
effectively compensates for lateral slip and kinematic uncertainties,
thereby improving path-tracking accuracy and robustness [12].
However, its practical implementation is often hindered by the
chattering phenomenon and the need for careful parameter tuning,
which can increase implementation complexity and limit real-time
performance on resource-constrained embedded platforms.

More recently, Regulated Pure Pursuit (RPP) has been pro-
posed as an enhanced variant of the conventional PP method by
incorporating velocity-scaled lookahead selection, curvature- and
obstacle-aware linear velocity regulation, and collision checking
[9]. By adaptively adjusting the robot’s linear velocity according to
path geometry and environmental constraints, RPP achieves an
effective balance among path-tracking accuracy, motion stability,
and computational efficiency. Furthermore, RPP is implemented as
a controller plugin within the ROS 2 Navigation2 (Nav2) frame-
work, enabling straightforward integration and deployment on
real-world robotic platforms.

However, existing studies on RPP have predominantly
focused on nonholonomic mobile robots or simulation-based
environments. Comprehensive experimental investigations involv-
ing Mecanum-wheeled mobile robots remain scarce, particularly
under real-world operating conditions where lateral slip andwheel–
ground interactions significantly influence motion behavior and
path-tracking performance.

At the low-level control layer, proportional–integral–deriva-
tive (PID) controllers are widely used for individual wheel-speed
regulation because of their simple structure, ease of implementa-
tion, and reliable control performance [14,15].

Recent advances in embedded computing platforms, including
the NVIDIA Jetson Nano and STM32 microcontrollers, have
enabled online implementation of increasingly sophisticated con-
trol algorithms [10]. In the proposed multi-rate architecture, the
high-level Nav2 RPP [22] controller executes at 50 Hz on the
Jetson Nano, while the low-level wheel-speed PID loops execute at
100 Hz on the STM32. This separation allows the navigation layer
to generate body-velocity commands and the faster embedded layer
to regulate individual wheel speeds.

Motivated by these challenges, this paper presents an end-to-
end experimental evaluation of an RPP-PID architecture on a
physical four-wheel Mecanum robot. The high-level Nav2 RPP
controller regulates body-frame velocity commands according to
path curvature, obstacle proximity, and remaining goal distance,
while the STM32-based low-level layer maps these commands to
wheel-speed references and applies independent PID control. The
nominal Mecanum kinematic model provides the body-to-wheel
velocity mapping, and the physical experiments assess the
complete closed-loop response under practical wheel–ground inter-
action, localization uncertainty, actuator dynamics, and communi-
cation effects.

Themain contributions of this paper are summarized as follows:
A distributed embedded implementation that combines a

Nav2-based RPP configuration on an NVIDIA Jetson Nano
with four STM32-based wheel-speed PID loops is presented.

A physical-platform evaluation compares PP and RPP in
curved-path tracking, goal-reaching, and obstacle-avoidance
scenarios using the same robot hardware, map, PID gains, start
pose, goal pose, and reference path.

Five repeated trials were conducted for each quantitative
PP-RPP tracking condition, and the RMSE results are reported
as mean ± standard deviation together with maximum tracking and
lateral-error values.

The experimental analysis treats wheel–ground interaction,
localization uncertainty, actuator dynamics, and communication
effects as coupled properties of the physical closed-loop system.
The reported results therefore characterize end-to-end geometric
tracking performance without attributing the measured error reduc-
tion to a single disturbance mechanism.

Accordingly, this study evaluates whether the implemented
RPP-PID architecture improves geometric tracking accuracy over
conventional PP under matched indoor conditions and whether the
50 Hz high-level and 100 Hz low-level control structure supports
stable online operation on the selected Mecanum platform.

II. COORDINATE SYSTEM AND
MATHEMATICAL MODEL OF THE
FOUR-WHEEL MECANUM ROBOT

A. COORDINATE SYSTEM DEFINITION FOR THE
MECANUM MOBILE ROBOT

To describe the robot’s motion, we establish the coordinate axes as
shown in Figs. 1–3.

The global coordinate frame fXAOAYAg is attached to the fixed
working environment.

The local coordinate frame fXBOBYBg is fixed at the center of
the robot.

x and y denote the current position of the robot, while θ
represents the robot heading angle, defined as the angle between the
XA and XB axes.

αj denotes the angle between the vector OBQj and the XB –axis,
which defines the position of the iii-th wheel with respect to the
robot center.

HjQjZj denotes the coordinate frame of the j-th wheel
(j= 1,2,3,4), whose origin is located at the wheel center Qj.

Fig. 1. Coordinate system for the mobile robot.

2 Quang Vi Ngo et al.

(Ahead of Print)



2kx and 2ky represents thewheelbase and trackwidth of the robot,
that is, the distance between the centers of the left and right wheels and
the distance between the centers of the front and rear wheels.

kj denotes the distance from the center of the j-th wheel to the
robot center OB.

rj denotes the radius of the j-th wheel.
ωj denotes the angular velocity of the j-th wheel (rad/s).
vjω denotes the linear velocity of the wheel (m/s).
vx and vy denote the translational velocities of the mobile robot
(m/s).
ωB denotes the angular velocity of the mobile robot.
rr denotes the radius of the roller of the j-th wheel, that is, the

distance between the wheel center and the roller center.
βj denotes the angle between the XB-axis and the Zj-axis,

representing the wheel orientation angle.
γj denotes the angle between the roller velocity vector vjr and

the Hj axis, commonly referred to as the roller inclination angle.
Figure 1 shows the configuration of a four-wheel omnidirec-

tional mobile robot with Mecanumwheels mounted in an X-shaped
arrangement.

B. KINEMATIC MODELING OF THE FOUR-WHEEL
MECANUM MOBILE ROBOT

As shown in Fig. 3, the angular velocity of the j-th wheel and the
tangential velocity of the passive roller in contact with the ground
can be calculated as follows:

vjr =
1

cos 450
rrωj (1)

And:

wHj
= rjωj (2)

With j= 1,2,3,4
Based on Fig. 3 and Eqs. (1) and (2), the velocity of the j-th

wheel in the wheel coordinate frame is given by:� vZj
= vjr sin γj

vHj
= ωjrj þ vjr cos γj� vZj

vHj

�
=
�
0 sin γj

rj cos γj

��
ωj

vjr

�
= wjTQj

�
ωj

vjr

�
(3)

Transformation matrix relating the velocity of the j-th wheel to
the velocity at its center:

Where : TF = wjTQj
=
�
0 sin γj
rj cos γj

�
(4)

Based on Figs. 2 and 3, the velocity of the wheel center in the
XBOBYB coordinate frame can be expressed as Eq. (5):�

vjXB

vjYB

�
=
�
cos βj − sin βj

sin βj cos βj

�� vZj

vHj

�

=
�
cos βj − sin βj

sin βj cos βj

��
0 sin γj

rj cos γj

��
ωj

vjr

�

=wjTQj

QjTR

�
ωj

vjr

�
= TETF

�
ωj

vjr

�
(5)

The transformation matrix relating the j-th wheel center to the
robot coordinate frame can be derived from Eq. (6).

Where

TE = QjTR =
�
cos βj − sin βj
sin βj cos βj

�
(6)

Since the robot operates in a two-dimensional plane, the
following relationship holds�

vjXB

vjYB

�
=
�
1 0 kjx
0 1 kjy

�" vx
vy
ω

#
= TM

2
4 vXB

vYB

ωB

3
5 (7)

Where

TN =
�
1 0 kjx
0 1 kjy

�
(8)

Based on Eqs. (4) and (6), the inverse kinematics of the robot
can be expressed as:

TE:TF

�
wj

vjr

�
= TM

2
4 vXB

vYB

ωB

3
5 (9)

From rj ≠ 0,0 < jγjj < π
2 , detðTEÞ ≠ 0, detðTFÞ ≠ 0

By combining Eqs. (5) and (7), the relationship between the
robot body velocity at OB and the angular velocity of the j-th wheel
can be obtained, as expressed in Eq. (10):�

ωj

vjr

�
= T−1

E :T−1
F :TM

2
4 vXB

vYB

ωB

3
5, j = 1,2,3,4 (10)

Fig. 3. Kinematic principle of the j-th Mecanum wheel.

Fig. 2. Coordinate frame of the j-th wheel.
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According to Eqs. (4) and (6), the relationship between the wheel
velocities and the robot body velocity can be established. In the
inverse kinematic model, the robot body velocity is determined from
the wheel motions, where vj and ωj represent the linear and angular
velocities of the j-th wheel, respectively, as given in Eq. (11). Con-
versely, the wheel velocities can be calculated from the robot body
velocity using the forward kinematic model expressed in Eq. (12):2

4 vXB

vYB

ωB

3
5 = Tþ

�
ωj

vjr

�
(11)

�
ωj

vjr

�
= T

2
4 vXB

vYB

ωB

3
5 (12)

where T = T−1
E :T−1

F :TM , T+ = ðTTTÞ−1TT

The corresponding equation is given as follows:

T =
�
cos βj − sin βj
sin βj cos βj

�
−1

�
0 sin γj
rj cos γj

�
−1

�
1 0 kjx
0 1 kjy

�
(13)

By considering kjx = kj cos αj and kjy = kj sin α, and assum-
ing identical wheel dimensions, the transformation matrix can be
derived by multiplying the three matrices, yielding:

T ≔ −
1
r

2
4 cos ðβj−γjÞ

sin ðγjÞ
sin ðβj−γjÞ
sin ðγjÞ

kj sin ð−αjþβj−γjÞ
sinðγjÞ

− r cos ðβjÞ
sin ðγjÞ − r sin ðβjÞ

sin ðγjÞ − kj sinð−αjþβjÞr
sin ðγjÞ

3
5 (14)

Tþ =
1

k2j þ 1

2
4 T11 T12
T21

T31

T22

T32

3
5 (15)

where

T11 =−
1
2
ðk2j sinðβjÞ− k2j sinð−βjþ 2αjÞþ 2 sinðβjÞÞr

T12 =
1
2
k2j sinðyj − βjþ 2αjÞ−

1
2
sinð−yjþ βjÞk2j − sin ð−yjþ βjÞ

T21 =
1
2
rðk2j cosðβjÞ− k2j cosð−βjþ 2αjÞþ 2 cosðβjÞÞ

T22 =−
1
2
k2j cosðyj− βjþ 2αjÞþ

1
2
cosð−yjþ βjÞk2j þ cos ð−yjþ βjÞ

T31 = cosðαj− βjÞk
T32 = cosðαj− βjþ γjÞkj

Since a relationship exists between the independent variables
vjr and ωj at each wheel assembly and the linear and angular
velocities of the robot body, and under the assumption of pure
rolling without wheel–ground slip, the inverse kinematic model of
the system can be derived as given in Eq. (16).

Nominal kinematic assumption. The pure-rolling model pro-
vides the body-to-wheel velocity mapping used by the controller in
Eqs. (16–26). On the physical platform, wheel–ground interaction,
localization uncertainty, actuator dynamics, and communication
effects jointly influence the resulting closed-loop trajectory:

2
64
ω1

ω2

ω3

ω4

3
75 = −

1
r

2
666664

cosðβ1−γ1Þ
sinðγ1Þ

sinðβ1−γ1Þ
sinðγ1Þ

k1 sinð−α1þβ1−γ1Þ
sinðγ1Þ

cosðβ2−γ2Þ
sinðγ2Þ

sinðβ2−γ2Þ
sinðγ2Þ

k2 sinð−α2þβ2−γ2Þ
sinðγ2Þ

cosðβ3−γ3Þ
sinðγ3Þ

sinðβ3−γ3Þ
sinðγ3Þ

k3 sinð−α3þβ3−γ3Þ
sinðγ3Þ

cosðβ4−γ4Þ
sinðγ4Þ

sinðβ4−γ4Þ
sinðγ4Þ

k4 sinð−α4þβ4−γ4Þ
sinðγ4Þ

3
777775
2
4 vXB

vYB

ωB

3
5

(16)

The Jacobian matrix associated with the inverse kinematics of
the system is given by Eq. (17) [5]:

T = −
1
r

2
666664

cosðβ1−γ1Þ
sinðγ1Þ

sinðβ1−γ1Þ
sinðγ1Þ

k1 sinð−α1þβ1−γ1Þ
sinðγ1Þ

cosðβ2−γ2Þ
sinðγ2Þ

sinðβ2−γ2Þ
sinðγ2Þ

k2 sinð−α2þβ2−γ2Þ
sinðγ2Þ

cosðβ3−γ3Þ
sinðγ3Þ

sinðβ3−γ3Þ
sinðγ3Þ

k3 sinð−α3þβ3−γ3Þ
sinðγ3Þ

cosðβ4−γ4Þ
sinðγ4Þ

sinðβ4−γ4Þ
sinðγ4Þ

k4 sinð−α4þβ4−γ4Þ
sinðγ4Þ

3
777775 (17)

According to Eq. (11), the forward kinematic model of the
system can be expressed as:

" vXB

vYB

ωB

#
= Tþ

2
64
ω1

ω2

ω3

ω4

3
75 (18)

C. RELATIONSHIP BETWEEN MOTION AND THE
TRANSFORMATION MATRIX

According to the inverse kinematic model, there is a relationship
between the velocity of each wheel assembly and the velocity of the
robot’s body center. Therefore, the robot’s body motion can be
determined from the individual wheel velocities.

According to robot kinematics theory, the inverse kinematic
problem can be solved when the Jacobian matrix satisfies the
required rank condition, ensuring a unique mapping between the
wheel velocities and the robot body motion. Consequently, the
effective degrees of freedom of the wheel motions are mapped to
the robot’s translational and rotational motions.

A typical four-wheel Mecanum mobile robot configuration is
illustrated in Fig. 1. The geometric parameters of this configuration
are summarized in Table I, following refs. [10,16–18].

By substituting the geometric parameters listed in Table I into
the Jacobian matrix given in Eq. (17), the following expression can
be obtained:

T =
1
r

2
664
1 −1 −ðkx þ kyÞ
1 1 ðkx þ kyÞ
1 1 −ðkx þ kyÞ
1 −1 ðkx þ kyÞ

3
775 (19)

Tþ =
r

4

2
4 1 1 1 1

−1 1 1 −1
− 1

kxþky
1

kxþky
− 1

kxþky
1

kxþky

3
5 (20)

Based on Eqs. (11) and (12), the forward and inverse kinematic
models of the four-wheel Mecanum robot can be expressed as
follows:

Table I. Geometric configuration parameters of the four-wheel
Mecanum mobile robot

j Wheels αj βj γj k j k jx k jy

1 1sw π
4

π
2 − π

4 k kx ky
2 2sw − π

4 − π
2

π
4 k kx ky

3 3sw 3π
4

π
2

π
4 k kx ky

4 4sw − 3π
4 − π

2 − π
4 k kx ky
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2
664
ω1

ω2

ω3

ω4

3
775 =

1
r

2
664
1 −1 −ðkx þ kyÞ
1 1 ðkx þ kyÞ
1 1 −ðkx þ kyÞ
1 −1 ðkx þ kyÞ

3
775
2
4 vx

vy
ωB

3
5 (21)

8>><
>>:

ω1 = 1
r ðvx þ vy þ ðkx þ kyÞωÞ

ω2 = 1
r ðvx þ vy þ ðkx þ kyÞωÞ

ω3 = 1
r ðvx þ vy − ðkx þ kyÞωÞ

ω4 = 1
r ðvx − vy þ ðkx þ kyÞωÞ

(22)

Therefore,2
4 vx

vy
ωB

3
5 =

r

4

2
4 1 1 1 1

−1 1 1 −1
− 1

kxþky
1

kxþky
− 1

kxþky
1

kxþky

3
5
2
64
ω1

ω2

ω3

ω4

3
75 (23)

Longitudinal velocity of the four-wheel Mecanum robot:

vxðtÞ =
r

4
ðω1 þ ω2 þ ω3 þ ω4Þ (24)

Lateral velocity of the four-wheel Mecanum robot:

vyðtÞ =
r

4
ð−ω1 þ ω2 þ ω3 − ω4Þ (25)

Angular velocity of the four-wheel Mecanum robot:

ωBðtÞ =
r

4ðkx þ kyÞ
ð−ω1 þ ω2 − ω3 þ ω4Þ (26)

III. RPP CONTROLLER
A. CONVENTIONAL PURE PURSUIT ALGORITHM

PP [9] is a geometric path-tracking algorithm that has been
extensively applied in mobile robot navigation due to its simplicity,
computational efficiency, and ease of implementation. The funda-
mental principle of the algorithm is to continuously guide the robot
toward a lookahead point located on the reference trajectory.

Let the reference trajectory (P) be represented as an ordered
sequence of waypoints according to refs. [19,20]:

P = fp0,p1, : : : ,png (27)

where each waypoint pj = ðxj,yjÞ ∈ R2 is defined in the map
coordinate frame.

The local planner is defined as a function f that computes the
linear and angular velocity commands required for tracking the
reference point Pt at time t, as expressed in Eq. (28):

ðvt ,ωtÞ = f ðPtÞ (28)

The algorithm first determines the closest point pr on the
reference trajectory relative to the current robot position. A looka-
head point pL is then selected based on a predefined lookahead
distance La. Specifically, pL is chosen as the first point along the
trajectory for which the accumulated path distance from pr reaches
or exceeds La, as expressed in Eq. (29):

distðpjÞ =
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
ðxr − xjÞ2 þ ðyr − yjÞ2

q
(29)

pj =
�
distðpj−1Þ < La
distðpjÞ ≥ La

(30)

To ensure that the center of the robot follows the circular arc
toward the target point PPP (where P coincides with the lookahead
point pL), the following conditions must be satisfied:

∠OBHP = π − 2∠POBN = π − 2

�
π

2
− α

�
(31)

Applying the law of sines to ΔPHOB, the following relation-
ship can be obtained:

POB

sin 2α
=

HOB

sin

�
π
2 − α

� (32)

Eq. (32) can be rewritten as follows:

l

sin 2α
=

R

sin

�
π
2 − α

� (33)

Eq. (33) can be simplified as follows:

R =
l

2 sin α
(34)

where l represents the distance between the current robot position and
the lookahead point pL or P. After determining the lookahead point,
the curvature of the reference trajectory can be computed based on
geometric relationships. Assuming that the robot follows a circular
arc of radius (R), the trajectory curvature is defined as (k = 1

R).
Therefore, the curvature can be expressed as given in Eq. (34):

k =
1
R
=
2 sin α

l
(35)

where k represents the trajectory curvature and serves as the steering
command for the four-wheel Mecanum mobile robot. To provide a
clearer interpretation of the control law, the lateral error el is defined
as the perpendicular distance between the robot heading direction and
the target point. Based on this definition, the following equation can
be derived:

sin α =
el
l

(36)

By substituting Eq. (36) into Eq. (35), the trajectory curvature
k can be expressed as:

k =
2

l2
el (37)

The above formulation reveals that the PP algorithm is essen-
tially equivalent to a proportional steering controller. The steering
command is generated from the lateral tracking error measured at
the lookahead point, where the effective control gain is given by 2

l2
.

In practice, this control gain is often adjusted independently to
maintain stable trajectory-tracking performance under different
operating velocities. Consequently, the lookahead distance l is
typically defined as a function of the robot velocity.

In conventional PP implementations, the commanded linear
velocity vc is generally assumed to be constant and represents the
nominal operating velocity of the robot. Accordingly, the maxi-
mum linear velocity of the robot, denoted by vmax, can be expressed
as follows according to ref. [21]:

vc = vmax (38)

If the robot moves along a trajectory with curvature k at a
linear velocity vc, the following relationship holds:

Experimental Evaluation of a Nav2 Regulated Pure Pursuit-PID Architecture 5

(Ahead of Print)



ωc = k � vc (39)

Despite its simplicity and widespread adoption, the conven-
tional PP algorithm exhibits several inherent limitations:

The lookahead distance La is difficult to tune and significantly
affects the tracking performance;

The commanded linear velocity vc is typically maintained as a
constant value;

Velocity and acceleration constraints are not explicitly con-
sidered in the control law.

Consequently, the tracking performance and stability of con-
ventional PP may degrade under dynamic operating conditions and
on sharp-curvature paths. RPP addresses part of this limitation by
retaining the geometric PP steering law while regulating transla-
tional speed according to path and environmental constraints.

B. REGULATED PURE PURSUIT

The RPP controller evaluated in this study follows the established
Nav2 RPP formulation. It retains the geometric steering law of PP
and regulates linear velocity using path curvature, obstacle prox-
imity, and approach-to-goal distance [9,13]. Accordingly, this
study adopts the established term RPP. The high-level controller
regulates the commanded speed, while the nominal Mecanum
kinematic mapping and low-level PID loops execute the resulting
body-frame commands.

Curvature of the reference trajectory;
Distance to nearby obstacles;
Remaining distance to the target goal.

1). CURVATURE-BASED HEURISTIC. The curvature-based heu-
ristic controls the robot’s linear velocity based on the curvature of
the reference trajectory. When the robot follows a path segment
with a small curvature radius, the commanded velocity is reduced
to improve tracking stability and minimize overshoot in high-
curvature regions. The curvature-regulated velocity v 0curv is com-
puted from the radius of curvature R of the circular arc between the
robot position and the lookahead point pL ≡ P, as expressed below:

v 0curv =
�
v R
Rmin

if R ≤ Rmin

v if R > Rmin
(40)

where
Rmin is the minimum curvature radius threshold.
R denotes the radius of curvature.
v 0curv denotes the curvature-regulated linear velocity of the
robot.
When R > Rmin, the trajectory corresponds to a straight path or

a gentle curve, and the robot maintains its nominal linear velocity.
In contrast, when R ≤ Rmin, the robot is required to negotiate a
sharp turn, and the linear velocity is reduced accordingly.

2). OBSTACLE-PROXIMITY HEURISTIC. The obstacle-proxim-
ity heuristic adjusts the robot’s linear velocity according to the
distance to nearby obstacles. As the robot approaches an obstacle,
the commanded velocity is reduced to improve navigation safety
and collision avoidance performance.

Let d0 represent the minimum distance between the robot and
the surrounding obstacles. The proximity-regulated velocity v 0prox
can be expressed as:

v 0prox =
�
v:gd:

d0
dprox

if d0 ≤ dprox
v if d0 > dprox

(41)

where

d0 is the distance to the nearest obstacle
dprox is the safety distance threshold;
gd ∈ ½0,1� là is the velocity regulation gain.

3). GOAL-DISTANCE HEURISTIC. The goal-distance heuristic
decreases the commanded linear velocity when the robot ap-
proaches the goal location. This mechanism improves stopping
accuracy and prevents abrupt deceleration near the target.

The corresponding goal-regulated velocity is defined as:

v 0goal =
�
v:

dg
dgoal

if dG ≤ dgoal
v if dG > dgoal

(42)

where

• dG is the remaining distance to the goal;

• dgoal is the goal-distance threshold for velocity reduction.

4). INTEGRATION OF HEURISTICS IN Nav2. Within the Nav2
framework, the commanded linear velocity vc is first regulated by
the curvature and obstacle-proximity heuristics. As a result, the
intermediate velocity command can be expressed as follows [20]:

v 0curv,prox = minðv 0curv,v 0prox,v 0minÞ (43)

where
+ v 0min denotes the minimum allowable velocity after
regulation.
Subsequently, the goal-distance heuristic is applied to v 0curv,prox,

and the final commanded velocity is determined as follows:

v 0 = minðv 0goal,vmin
goalÞ (44)

where vmin
goal denotes the minimum allowable linear velocity near the

goal position.
When the final regulated velocity v 0 is lower than the nominal

velocity command vc, the controller substitutes vc with v 0, thereby
constraining the robot’s translational speed.

As a result, the proposed regulation strategy:
• Mitigates overshoot during sharp turning maneuvers;

• Improves navigation safety in environments containing nearby
obstacles or human operators.

These heuristics regulate the commanded speed while retain-
ing the nominal Mecanum kinematic mapping. The resulting
command is executed through the low-level PID loops, so the
measured trajectory reflects the integrated response of the complete
RPP-PID architecture.

Table II summarizes the specifications of the DC motors used
in the four-wheel Mecanum mobile robot.

IV. PID CONTROLLER
The PID controller has a simple structure, stable performance, and
ease of implementation, making it one of the most widely used
control strategies in industrial and robotic applications. According
to refs. [23–25], the PID controller consists of three main
components:

• Proportional term;

• Integral term;

• Derivative term.

The overall PID control structure is illustrated in Fig. 4.
The PID control law is expressed as follows according to

ref. [25]:
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uðtÞ = KpeðtÞ þ Ki

ð
t

0
eðtÞdt þ Kd

deðtÞ
dt

(45)

V. EXPERIMENTAL RESULTS AND
DISCUSSION

The experiments report conventional PP, Nav2 RPP, and the
nominal response of the low-level wheel-speed PID loops. Three
navigation scenarios were considered: curved-path tracking, goal
reaching, and obstacle avoidance. Both PP and RPP were evaluated
in all three navigation scenarios. A separate wheel-speed experiment
summarizes the nominal transient response of the PID layer (Fig. 5).

• Curvature-based trajectory-tracking experiments;

• Autonomous obstacle-avoidance and navigation experiment in
the operating environment;

• Goal-tracking and target convergence experiments;

• Velocity response evaluation of the PID controller for the
wheel-drive system.

During the experiments, the robot operated in one bounded
indoor workspace, X= 0-5.5 m and Y= -1.5-1.5 m, at moderate
operating speeds.

A. EXPERIMENTAL PROTOCOL AND
EVALUATION METRICS

All PP-RPP comparisons were conducted on the same four-wheel
Mecanum platform using the same map, PID gains, start pose, goal
pose, and reference path. Each quantitative tracking condition was
repeated five times. This matched design holds the physical
platform and path geometry constant and identifies the high-level
controller configuration as the principal comparison variable.

The reported metrics are RMSE, maximum tracking error, and
maximum lateral error. For each quantitative scenario, RMSE was
calculated for every trial and summarized as mean ± standard
deviation over n= 5 repeated trials; the maximum-error columns
report the corresponding extrema observed across the repeated
tests. The quantitative comparison focuses on geometric tracking
accuracy, while the obstacle-avoidance experiments are discussed
separately as system-level navigation tests.

B. Experimental evaluation of the PP algorithm

+Curvature-Tracking Experiment:
Figure 6 illustrates the comparison between the reference

trajectory (dashed line) and the actual trajectory of the robot (solid
line).

Figure 6 shows that the robot closely follows the reference
trajectory along the curved path. Tracking errors mainly occur in
regions of high curvature; however, they remain relatively small,
indicating stable control performance.

Figure 7 shows the lateral tracking error during the curved-
path test. Larger deviations occur near the high-curvature portion of
the path, where path geometry, localization uncertainty, actuator
dynamics, and wheel–ground interaction jointly influence the robot
motion. The tracking error remained bounded across the repeated
tests, demonstrating stable trajectory tracking under this experi-
mental condition.

Table II. Technical specifications of the motors used in the
four-wheel Mecanum mobile robot

JGB37-520 Motor

Parameter Value

Rated voltage 12VDC

No-load speed 333RPM

Loaded speed ∼250RPM
No-load current ∼120mA

Rated load current ∼1A
Gear ratio 30:1

Rated torque 3.5 kg·cm

Maximum stall torque 5 kg·cm

Motor body diameter 37 mm

Motor length ∼47 mm

Shaft diameter 6 mm

Gearbox length 22 mm

Encoder Hall sensor, dual-channel

Encoder pulses per main shaft revolution 11 × 30= 330 pulses/
channel

Encoder supply voltage 3.3–5VDC

Fig. 4. Geometric relationship between the robot position, the reference
trajectory, and the lookahead point.

Fig. 5. PID controller for the four DC motors of the mobile robot.
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Figure 8 presents the real-world experimental results using the
Nav2 framework integrated with SLAM. The robot is capable of
accurate localization, navigation, and obstacle avoidance in the
experimental environment while still maintaining stable trajectory-
tracking performance.

+Obstacle-Avoidance Experiment:
The conventional PP controller was also evaluated in the

obstacle-avoidance scenario using the same robot hardware,

map, PID gains, start-goal pair, and reference path as the RPP
controller. Obstacle avoidance was evaluated as an end-to-end
system task using the complete Nav2-SLAM-planning-controller
pipeline. Its results are therefore presented separately from the
geometric tracking metrics in Table III.

+Goal-Tracking Experiment of the Mobile Robot:
Figure 9 presents the planned and actual trajectories of the

mobile robot during the goal-tracking experiment. As observed, the
actual trajectory closely follows the reference path throughout
the motion. Minor deviations are only noticeable during the initial
stage and near the target position. These results indicate that the PP
algorithm performs effectively in goal-tracking tasks involving
relatively simple trajectories and can successfully guide the robot
toward the desired destination.

Figure 10 illustrates the lateral tracking error over time. The
error oscillates around the ideal value (e= 0) with a relatively small
magnitude throughout most of the experiment. Several local
fluctuations and peak errors can be observed during the motion,
reflecting the combined effects of localization uncertainty, sensor
noise, actuator dynamics, and wheel–ground interaction. The error
remains bounded throughout the experiment, indicating stable
goal-tracking behavior under the tested condition.

Figure 11 shows the real-world experimental results obtained
using the Nav2 framework integrated with SLAM. The robot is
capable of accurately localizing itself, planning a feasible path, and
navigating toward the target position in a stable manner. The
experimental results demonstrate that the PP algorithm can effec-
tively accomplish goal-tracking tasks in practical environments
while maintaining reliable localization and trajectory-following
performance.

C. EXPERIMENTAL EVALUATION OF THE RPP
Configuration

+Curvature-Tracking Experiment:

Fig. 6. Experimental curved-path tracking using the PP algorithm.

Fig. 7. Lateral error of the mobile robot during curved-path tracking
using the PP algorithm.

Fig. 8. Real-world experimental results of the mobile robot during
curved-path tracking using the PP algorithm.

Table III. Quantitative performance comparison between PP and RPP under matched conditions (mean ± standard deviation over
n= 5 trials)

Alg. Test scenario RMSE (m) Max error (m) Max lateral error (m)

PP Curvature tracking 0.12 ± 0.03 0.28 0.08

PP Goal tracking 0.10 ± 0.02 0.22 0.06

RPP Curvature tracking 0.08 ± 0.01 0.18 0.05

RPP Goal tracking 0.05 ± 0.02 0.11 0.02
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Figure 12 shows that the robot demonstrates accurate trajec-
tory-tracking capability along the reference trajectory on the curved
arc-shaped path. The actual trajectory generally remains close to
the planned trajectory, though small tracking errors persist in
regions of high curvature during turning maneuvers.

Figure 13 shows the robot’s lateral error over time. The error
oscillates around the ideal value and rapidly converges to a stable
state after trajectory adjustments, indicating that the control algo-
rithm maintains good tracking stability.

Figure 14 presents the real-world experimental results using
the Nav2 framework integrated with SLAM. The robot demon-
strates stable localization, navigation, and obstacle-avoidance
capabilities in the experimental environment while maintaining
effective trajectory-tracking performance.

Across five matched curved-path trials, RPP reduced the
RMSE from 0.12 ± 0.03 m to 0.08 ± 0.01 m. The consistent
reduction demonstrates the practical benefit of curvature-aware
velocity regulation on the tested high-curvature trajectory: when

Fig. 9. Experimental trajectory of the mobile robot during goal-tracking
using the PP algorithm.

Fig. 10. Lateral error of the mobile robot during goal-tracking using the
PP algorithm.

Fig. 12. Experimental curved-path tracking of the mobile robot using the
RPP controller.

Fig. 11. Real-world experimental results of the mobile robot during goal-
tracking using the PP algorithm.

Fig. 13. Lateral error of the mobile robot during curved-path tracking
using the RPP controller.
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the estimated turning radius decreases, RPP lowers the commanded
linear speed and thereby improves end-to-end geometric tracking
under the matched operating condition.

+Obstacle-Avoidance Experiment:
Figures 15–17 present the RPP obstacle-avoidance experi-

ment. A corresponding PP experiment was conducted under the

matched hardware, map, PID, start-goal, and reference-path con-
ditions described in Section 5.1. In both cases, the complete Nav2-
SLAM-controller pipeline localized the robot, updated the plan,
and generated velocity commands during obstacle traversal. This
system-level task characterizes the end-to-end navigation behavior
of the two controller configurations.

Within this pipeline, RPP applies obstacle-proximity velocity
regulation to reduce the commanded speed near inflated obstacle
costs. The obstacle experiments establish executable navigation for
both controllers under the matched setup, while the quantitative
controller comparison in Table III remains focused on curved-path
and goal-reaching tracking errors.

+Goal-Tracking Experiment of the Mobile Robot:
Figure 18 shows that the robot closely follows the reference

trajectory along the straight path, with the actual trajectory nearly
overlapping the planned trajectory. Figure 19 shows a very small,
stable lateral error around the ideal value, demonstrating the control
system’s accurate trajectory-tracking capability. Figure 20 presents
the real-world experimental results, showing that the robot operates
stably in the experimental environment while maintaining reliable
localization and navigation performance with the Nav2 framework
integrated with SLAM.

Fig. 14. Real-world experimental results of the mobile robot during
curved-path tracking using the RPP controller.

Fig. 15. Experimental obstacle-avoidance scenario of the mobile robot
using the RPP controller.

Fig. 16. Lateral error of the mobile robot during obstacle avoidance using
the RPP controller.

Fig. 17. Real-world experimental results of the mobile robot during
obstacle avoidance using the RPP controller.

Fig. 18. Experimental goal-tracking scenario of the mobile robot using
the RPP controller.
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The goal-distance heuristic enables smooth deceleration near
the target position, thereby reducing oscillation and improving
stopping accuracy during final convergence.

Table III summarizes five matched trials for each quantitative
scenario. RPP reduced the mean RMSE from 0.12 ± 0.03 m to 0.08
± 0.01 m in curved-path tracking and from 0.10 ± 0.02 m to 0.05 ±
0.02 m in goal tracking. The corresponding maximum tracking and
lateral errors were also lower for RPP. Obstacle avoidance was
evaluated with both controllers under matched conditions and is
discussed separately because the complete planning, localization,
perception, and control pipeline remained active.

D. NOMINAL WHEEL-SPEED PID Response

The blue curve represents the reference signal, while the orange,
purple, pink, and red curves correspond to Motors 1, 2, 3, and 4,
respectively, associatedwith theMecanumwheels of themobile robot.

Figures 21 and 22 and Table IV characterize the nominal
dynamic response of the four wheel-speed control loops using fixed
gains Kp= 1.55, Ki= 6.55, and Kd= 0.045. The STM32 PID loops
operated with a 10 ms sampling period, corresponding to 100 Hz.
The measured wheel-speed traces converge toward the reference
command with the reported rise time, settling time, overshoot, and
steady-state error, supporting the coordinated low-level wheel-speed
regulation required by the high-level navigation layer.

Table IV summarizes the nominal transient characteristics
and the multi-rate controller settings. The low-level STM32
wheel-speed PID loop uses a 10 ms sampling period and therefore
operates at 100 Hz, whereas the high-level Nav2 RPP controller

operates at 50 Hz. These values refer to different layers of the
distributed control architecture.

During the physical experiments, the distributed control stack
executed online with the Nav2 RPP controller running at 50 Hz on
the Jetson Nano and the wheel-speed PID loops running at 100 Hz
on the STM32. These coordinated execution rates enabled continu-
ous high-level path tracking and low-level wheel-speed regulation.

VI. CONCLUSION
This paper presents an experimental evaluation of an RPP-PID
architecture on a four-wheel Mecanum mobile robot. The high-
level RPP controller was implemented as an RPP configuration in
Nav2 on an NVIDIA Jetson Nano, while an STM32 microcontrol-
ler executed four wheel-speed PID loops.

Across five matched curved-path and goal-reaching trials, RPP
produced lower geometric tracking-error values than PP. The PP
and RPP experiments used the same hardware, map, PID gains,
start and goal poses, and reference paths. Obstacle avoidance was
also performed with both controllers under matched conditions and
demonstrates end-to-end operation of the complete Nav2-SLAM-
controller pipeline.

Fig. 19. Lateral error of the mobile robot during goal tracking using the
RPP controller.

Fig. 20. Real-world experimental results of the mobile robot during goal
tracking using the RPP controller.

Fig. 21. PID controller of the four-wheel Mecanum mobile robot.

Table IV. Nominal dynamic-response characteristics of the
PID wheel-speed controller

Control parameter Value

Proportional gain (Kp) 1.55

Integral gain (Ki) 6.55

Derivative gain (Kd) 0.045

Rise time 0.18 s

Settling time 0.42 s

Maximum overshoot 3.8 %

Steady-state error <2%
Encoder resolution 330 pulses/rev

Low-level PID sampling period 10 ms

Low-level PID control frequency 100 Hz

High-level Nav2 RPP control frequency 50 Hz

Fig. 22. Magnified view of the PID controller response during the time
interval from 1942 ms to 2042 ms.
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The lower tracking errors represent the integrated response of
curvature-aware velocity regulation, nominal Mecanum kinemat-
ics, and low-level wheel-speed control under practical wheel–
ground interaction, localization uncertainty, actuator dynamics,
and communication effects.

The results demonstrate the feasibility of onboard closed-loop
operation and show that the tested Nav2 RPP configuration
achieves lower geometric tracking errors than conventional PP
under the matched indoor conditions.

The present evaluation focuses on matched PP-RPP tracking
trials, system-level obstacle avoidance, and nominal PID wheel-
speed response in one indoor workspace at moderate operating
speeds. Broader validation will examine multiple surfaces and
payloads, controlled speed-curvature combinations, disturbance-
oriented PID conditions, additional tracking controllers, and
detailed timing and communication profiles.
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