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Abstract— Autonomous mobile robots increasingly rely on
LiDAR–IMU odometry for navigation and mapping, yet hor-
izontally mounted LiDARs often provide poor near-ground
coverage, while alternative configurations risk geometric de-
generacy. To address this, we present PERAL, a perception-
aware spherical robot that enhances LiDAR viewpoint diversity
through passive self-excitation, without dedicated scanning ac-
tuators. By exploiting the coupling between internal differential-
drive motion and shell attitude, PERAL naturally induces mild
sensor rocking during locomotion, enriching vertical observa-
tions. In controlled trials over comparable traveled distances,
PERAL achieves (75.7%) coverage, substantially outperforming
a fixed-horizontal differential-drive baseline (15.5%) and ap-
proaching a quadruped platform with a bottom-mounted rotat-
ing LiDAR (84.7%). Additional experiments demonstrate con-
sistent path-following behavior across two shell sizes, reliable
operation in both manual and autonomous modes, and success-
ful traversal of a 15

◦ slope. These results suggest that passive
self-excitation offers an effective and lightweight alternative to
active LiDAR actuation for improving near-ground perceptual
coverage on compact mobile robots. Design and code are
available at https://github.com/snakehaihai/PERAL_
robot_design.

I. INTRODUCTION

LiDAR-based perception [1] supports mapping [2], local-

ization [3], and navigation [4] in mobile robotics [5]. Many

critical cues lie near the ground [6], for both safe motion and

ground-level target detection, yet common horizontal LiDAR

mounting yields sparse near-ground coverage and blind zones

in flat or feature-sparse scenes [7]. As lightweight sensors

such as the MID360 become standard on compact robots,

improving near-ground coverage increasingly becomes a

design trade-off between sensor motion and sensing density,

especially in open or weakly structured spaces.

Existing approaches improve ground coverage in several

ways. Actuated excitation, used in systems such as PULSAR

[8], UA-MPC [9], αLiDAR [10] and FLARE [11], rotates the

LiDAR to expand the effective vertical field-of-view, but adds

actuation hardware, control complexity, and power draw.

Static tilted mounting [12] is simple and low cost, but trades

off horizontal scanning uniformity and can reduce robustness
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Fig. 1. Hardware and perception architecture of the spherical robot (top)
and its rolling motion over time (bottom). The internal wheel drive induces
passive pitch excitation during rolling, which excites the top-mounted
MID360 LiDAR and increases near-ground coverage without scanning
actuation, especially during acceleration and braking on uneven ground.

in long, repetitive structures [13]. Alternatively, high-density

LiDARs (e.g., Ouster-class sensors) provide denser near-

ground coverage [13], but their cost and power footprint

remain prohibitive for compact platforms.

The core challenge is to increase near-ground coverage

without sacrificing compactness, introducing dedicated scan-

ning actuators, or incurring large cost, weight, and power

overhead.

To address this challenge, we present PERAL, a pas-

sive LiDAR excitation approach enabled by the intrinsic

rolling motion of a spherical mobile robot. The robot drives

through an internal differential-drive mechanism enclosed

by a spherical shell. The resulting drive–shell coupled with

ground contact naturally induces small, non-periodic LiDAR

attitude variations during locomotion. These passive oscilla-

tions broaden the vertical scan distribution and improve near-

ground coverage without additional actuators or dedicated

scanning hardware. We validate the approach on a compact

real robot through local coverage comparison, path-following

tests, and field demonstrations. The contributions of this

work are:

• We show that passive LiDAR excitation can arise

naturally in spherical locomotion: drive–shell coupling

and contact effects induce small, non-periodic attitude

variations that improve scan diversity without dedicated

scanning actuation.

• We provide a compact motion–perception rationale that

relates internal wheel actuation, shell attitude variation,
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and LiDAR viewing direction, explaining how rolling

motion reshapes vertical sensing coverage.

• We validate the approach on real spherical robots with

quantitative local coverage experiments, and further

demonstrate operation across different shell sizes, under

both manual and autonomous modes, and on a 15◦

slope.

Remark: Throughout this paper, we use scan diversity to

describe motion-induced variation in LiDAR orientation that

enables more reliable observation of structures such as near-

ground regions and vertical surfaces. This notion is distinct

from classical EKF observability: we do not claim changes

in Jacobian rank or formal persistent excitation. Instead, our

focus is on improved point coverage and spatial distribution,

which leads to better local coverage in the experiments.

II. RELATED WORK

A. LiDAR-Based SLAM and Perception Limitations

LiDAR-based simultaneous localization [14] and mapping

(SLAM) [15]–[21] has advanced rapidly with the emer-

gence of tightly coupled LiDAR–inertial odometry (LIO)

frameworks [22], [23]. Representative works include FAST-

LIO and its successors [24], [25], which exploit iterated

Kalman filtering and direct raw point registration for ef-

ficient and robust state estimation. Swarm-LIO [26] ex-

tends this paradigm to multi-UAV scenarios, enabling de-

centralized odometry under bandwidth and scalability con-

straints. More recently, IG-LIO [27] extends this line of

work to large-scale and long-duration scenarios, leveraging

an incremental GICP formulation for tightly coupled Li-

DAR–IMU odometry. Beyond pure LiDAR–IMU systems,

multi-modal approaches such as R3LIVE [28] introduce

visual and color cues for improved perceptual richness, while

BEV-LIO(LC) [29] leverages bird’s-eye-view image priors to

facilitate loop closure. Similarly, Kenji et al. [30] employs

GPU-accelerated generalized ICP factors for scalable scan

matching, and LiTAMIN2 [31] achieves lightweight mapping

through KL-divergence based geometric approximations. Fi-

nally, Adaptive-LIO [32] demonstrates that environment-

aware adaptation can further stabilize odometry across di-

verse scenes.

Despite these advances, a fundamental limitation persists:

horizontally mounted LiDARs often provide insufficient ver-

tical coverage on compact platforms. In feature-sparse set-

tings, such as corridors, open fields, or smoke-filled spaces,

this results in degraded observability, incomplete maps, and

fragile loop closures. While recent algorithms improve ef-

ficiency and robustness, they cannot fully compensate for

sensing blind spots. This motivates motion-induced strategies

that enrich LiDAR coverage.

B. Active Excitation Mechanisms for Observability

To overcome the sensing blind spots of horizontally

mounted LiDARs, a number of works have pursued ac-

tive excitation, where additional motions or actuators are

introduced to enrich scan diversity and improve state ob-

servability. Representative examples include PULSAR [8], a

self-rotating, single-actuated UAV that continuously spins to

extend the sensor field of view for navigation and obstacle

detection. To support robust state estimation under such

aggressive self-rotation, PULSAR employs Point-LIO [33],

a high-bandwidth LiDAR–IMU odometry method designed

for rapid motion and low-latency sensor fusion. Another

line of work incorporates active control strategies. For in-

stance, UA-MPC [9] formulates LiDAR odometry within

an uncertainty-aware model predictive control framework,

where actuator-driven oscillations explicitly increase verti-

cal coverage. In parallel, calibration-oriented efforts such

as LiMo-Calib [34] explore motorized LiDAR setups on

quadruped robots, enabling panoramic 3D sensing through

deliberate rotational excitation. While effective, these active

excitation methods inevitably introduce drawbacks: they re-

quire additional actuators [35] or control complexity, increase

power consumption, and often demand precise calibration or

synchronization. Such trade-offs limit their practicality for

lightweight and energy-constrained robotic platforms.

C. Persistent Excitation and Observability

The concept of persistent excitation (PE) is fundamen-

tal for ensuring observability and stability in estimation

and control. Recent theoretical studies formalize explicit

PE requirements for observer stability [36] and analyze

global observability conditions in nonholonomic robotic

systems [37]–[43]. In multi-robot and swarm scenarios, it

has been shown that persistently exciting relative motions

enable accurate adaptive localization and stable formation

control [44]. Related works on target encirclement further

exploit motion diversity to improve robustness against noise

and environmental complexity [45]–[47]. These results high-

light that perception and control are tightly coupled, and

that observability can be actively enhanced by introducing

excitation.

However, enforcing PE often requires deliberate path

design or additional actuation, which may be costly for small,

resource-constrained robots. This motivates the exploration

of passive motion coupling, where natural dynamics—such

as rolling, braking, and turning—provide sufficient excitation

to diversify LiDAR scans and enhance near-ground observ-

ability without dedicated mechanisms.

Motivation. Koide et al. [48] developed a globally consis-

tent LiDAR-inertial mapping system with GPU-accelerated

registration. In their demonstration of a transparent passive

spherical robot carrying a LiDAR sensor, external perturba-

tions such as kicking induce additional rocking and attitude

variation, which appears to improve scene coverage. This

observation motivates our work: rather than introducing ded-

icated sensor actuation, we study whether naturally induced

rocking can be systematically leveraged to enhance near-

ground perception. To the best of our knowledge, this specific

idea has not been explicitly explored in prior work. Our goal

is to examine its practical feasibility and to characterize both

its potential benefits and its limitations.
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Fig. 2. System architecture of the spherical robot with multi-mode control inputs. The framework supports goal-driven planning, direct path input, and
manual velocity overrides, all unified through a path tracking controller with oscillation shaping. The resulting motion naturally excites the LiDAR for
enhanced perception without additional actuation.

III. PROPOSED METHOD

A. System Overview

As shown in Fig. 2, the spherical robot navigates either

toward assigned goals via global–local planning or along pre-

defined trajectories using its internal differential-drive unit.

Acceleration, braking, and turning induce small pitch–roll

oscillations to the spherical robot, tilting the horizontally

mounted LiDAR and passively diversifying scan directions

without extra actuation. LiDAR–IMU fusion is performed us-

ing the discrete-time FAST-LIO pipeline, with LiDAR frames

processed at their acquisition rate and IMU preintegration

in between. Hardware, calibration, and baseline settings are

detailed in Sec. IV.

B. Problem Formulation

Frames and Extrinsics. Let {W} be the world frame, {O}
the outer-shell frame at the sphere center, {I} the internal

drive frame, and {L} the LiDAR frame. The shell pose is

TWO(t) =

[

RWO(t) pWO(t)
0⊤ 1

]

. (1)

The extrinsic calibration is

TOL =

[

ROL pOL

0⊤ 1

]

,TOI(t) =

[

ROI(t) pOI(t)
0⊤ 1

]

.

(2)

State and Input. We define the platform state x(t) =
[pWO(t), v(t), RWO(t), ba(t), bω(t)], where pWO is the

position of {O} in {W}, v is the linear velocity, RWO ∈
SO(3) is the orientation, and ba,bω are IMU biases. The

internal differential-drive input is u(t) = [uL(t), uR(t)]
⊤.

With wheel radius r and track width d, the drive-frame twist

is

vI(t) =





r
2

(

uL(t) + uR(t)
)

0
0



 ,

ωI(t) =





0
0

r
d

(

uR(t)− uL(t)
)



 .

(3)

An equivalent planar wheel-rate form commonly used in

spherical-robot modeling is provided in the appendix for

reference.

Drive–Shell Coupling. We use a kinematic approximation

to relate the internal drive motion to the shell motion.

Assuming quasi-static contact and no slip at the drive–shell

interface, the shell translation is opposite to the internal-drive

translation expressed in {O}:

vO
O(t) ≈ −ROI(t)v

I
I(t). (4)

For an ideal rolling shell of radius Rs, the no-slip constraint

at the ground contact implies

vO
O(t) ≈ ωO(t)× rc, ∥rc∥ = Rs, (5)

which induces an angular velocity ωO(t) consistent with the

instantaneous contact vector rc. The shell pose evolves as

ṗWO(t) = RWO(t)v
O
O(t), ṘWO(t) = RWO(t) ⌊ωO(t)⌋.

(6)

In practice, slip and terrain irregularities may violate (4)–

(5), so we use them as a physical rationale rather than hard

constraints.

Remark. By default, our implementation for the current

hardware design does not inject an explicit periodic exci-

tation for the two built prototypes. However, if the ball shell

is much bigger than the internal robot, additional excitations

may be needed.

C. Passive LiDAR Excitation via Spherical Dynamics

Let u(t) = [uL(t), uR(t)]
⊤ denote wheel angular veloc-

ities. The internal motion shifts the instantaneous center of

mass in {O}, producing an offset cO(t) and the correspond-

ing gravity/contact torque

τ g(t) = cO(t)×mgO. (7)

The shell attitude follows the rigid-body dynamics

IO ω̇O(t) = τ g(t) + τ d(t)− ωO(t)×
(

IOωO(t)
)

, (8)

ṘWO(t) = RWO(t) ⌊ωO(t)⌋, (9)

where τ d(t) aggregates the drive-induced contact and fric-

tion effects and is not required in closed form in our analysis.

With fixed extrinsics TOL, the LiDAR pose is

TWL(t) = TWO(t)TOL. (10)

22620



A world point pW
i yields the measurement

zi(t) = π
(

TWL(t)
−1pW

i

)

+ ni(t), (11)

so attitude variations in RWO(t) diversify scan directions

and intermittently expose near-ground regions without dedi-

cated scanning actuation.

D. Discrete-Time State Estimation

Our FAST-LIO backend runs in discrete time at LiDAR

timestamps tk. At frame k, the state

xk = [pk, vk, Rk, ba,k, bω,k ]

contains position, velocity, orientation, and IMU biases. IMU

measurements are preintegrated [25] between tk and tk+1 to

form the residual rI,k,k+1. Each LiDAR scan Zk is aligned to

the local map using FAST-LIO’s scan-to-map residual rL,k,

which is formed from local geometric constraints on selected

map features [25]. The backend minimizes

min
{xk}

∑

k

∥rL,k∥
2
ΣL

+ ∥rI,k,k+1∥
2
ΣI

.

Implementation details follow the referenced FAST-LIO

pipeline and our released codebase.

E. Path Following and Low-level Control

Let xE
k denote the LIO estimate at LiDAR frame k and x∗

n

the reference at control cycle n. Between LiDAR updates,

xE
k is held constant or interpolated to obtain xC

n . The tracking

error is

en = x∗
n − xC

n .

A PID controller generates the nominal velocity command

(v̄n, ω̄n) = Π(en), where Π(·) denotes the tracking law.

To maintain scan diversity only when passive rocking

becomes insufficient, we optionally augment the nominal

linear command by

vn = v̄n +Ae sin(2πfenTc), ωn = ω̄n, (12)

where Ae ≥ 0 is a heuristic excitation amplitude, fe is

the excitation frequency, and Tc is the control period. This

term is not derived from a formal stability or convergence

analysis, and we do not claim that (12) alone provides closed-

loop guarantees. Let Ocg and Ogeo denote the internal mass

center and the geometric center of the spherical shell, and

define δ := ∥Ocg − Ogeo∥. Empirically, when δ is small,

the coupled sphere-drive system is more prone to natural

attitude oscillation (See Fig. 4, the smaller ball has more

oscillations), so passive scan excitation is typically sufficient

and one may set Ae = 0. When δ is larger, which typically

corresponds to a larger shell with a relatively compact

internal drive, the local tangent space becomes effectively

flatter and the motion approaches planar rolling. In this

regime, passive rocking weakens and a small Ae > 0 may

be introduced to recover comparable viewpoint variation for

local perception. But so far, this is only set for extreme

cases in simulation. Thus, (12) should be interpreted as a

scale-dependent heuristic compensation term rather than an

optimal control law. Unless otherwise specified, all real-

world experiments reported in this paper use Ae = 0. The

wheel angular velocities follow the standard differential-drive

map and we form un = [uL(n), uR(n)]
⊤ for execution on

the internal drive,

uL(n) =
1

r

(

vn −
d

2
ωn

)

, uR(n) =
1

r

(

vn +
d

2
ωn

)

.

(13)

IV. EXPERIMENTS

A. Experimental Setup

Our experimental platform consists of two custom-built

spherical mobile robots with internal differential-drive mech-

anisms, each equipped with a DJI Livox Mid-360 LiDAR

and an onboard IMU. A LubanCat RK3588 single-board

computer running ROS 2 performs onboard data acquisition

and processing. The two robot variants have outer diameters

of 25 cm and 16 cm, respectively. The tests were conducted

in three representative environments:

• Indoor laboratory: cluttered space with desks, chairs,

and equipment.

• Corridor: long, narrow passages with sparse geometric

features.

• Tactical training center: environment with obstacles

and a sloped floor to evaluate operation on inclined

terrain.

Conducting hardware-level comparisons across heteroge-

neous robot platforms is inherently challenging because

fairness, feasibility, and platform-specific design constraints

must all be balanced. Since our primary goal is to com-

pare system-level sensing and mapping behavior rather than

controller-specific optimality, we benchmark three represen-

tative configurations: (i) a differential-Wheel drive robot

(Diff-W) with a fixed horizontal LiDAR (FHL), represen-

tative of common compact mobile mapping setups [49]–

[51]; (ii) a quadruped robot (Quad) with a bottom-mounted

spinning LiDAR and onboard odometry (SPIN); and (iii) the

proposed PERAL spherical robot with self-excited LiDAR

sensing (SEL). Although we initially considered a mecanum-

wheel platform, we ultimately adopt a differential-drive base-

line for the controlled comparison, since plastic mecanum

platforms within a comparable cost range exhibited less

stable motion and less reliable path following, which would

otherwise confound the sensing and mapping evaluation.

B. Evaluation Metrics

Our evaluation includes quantitative and qualitative mea-

sures:

• Path-Following Performance: mean deviation from a

predefined reference path when the robot is manually

driven to follow a target trajectory shape. We report both

the absolute error and the signed error, where the sign is

defined by the local tangent and normal of the reference

path, to explicitly visualize zero-crossings when the

executed trajectory intersects the reference path.
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Fig. 3. System-level map reconstruction comparison across three robot platforms in the same corridor environment. For fairness, all platforms are manually
driven along the same short figure-eight trajectory with comparable travel distance. From left to right: a differential-drive robot with a fixed horizontal
LiDAR, a quadruped robot, and the proposed PERAL spherical robot.

TABLE I

ILLUSTRATIVE SYSTEM-LEVEL COMPARISON ACROSS REPRESENTATIVE

ROBOT PLATFORMS.

Platform C Power Cost Weight Size (cm)
Diff-W
FHL

15.5% 140 W 3.8k$ 26 kg 61 ∗ 58 ∗ 72

Quad
SPIN

84.7% 160 W 13k$ 16 kg 70 ∗ 31 ∗ 60

PERAL
SEL

75.7% 22 W 2.1k$ 1.8 kg
Small � 16
Large � 25

Note: This table is intended as an illustrative system-level comparison
rather than a standardized benchmark. Most values are taken from publicly
available specifications, with a small portion based on our direct measure-
ments or engineering estimates when official data are unavailable. The
coverage value C is obtained from short-range local trials in which each
robot traverses a comparable path segment within a small area with voxel
size 0.1 and 2m radius. To reduce controller-dependent effects, the reported
coverage comparison is based on manually driven trials and should be
interpreted as a practical comparison of integrated sensing configurations
rather than an isolated evaluation of a single sensing mechanism.

• Map Coverage: Map coverage C is computed as

C =
|Vref ∩ Vest|

|Vref|
,

where Vref and Vest denote the occupied voxels in

the Leica reference map and the reconstructed map,

respectively.

• System efficiency: comparison of power, cost, weight,

and volume across platforms (see Tab. I).

C. Experimental Procedure

All three platforms are manually driven to traverse an iden-

tical Figure-8 route to avoid confounds from controller tun-

ing and to enable a behavior-matched comparison. Robots are

operated at comparable speeds (0.2–0.6 m/s) while LiDAR

and IMU data are recorded. For the two DIY platforms, we

use the same LiDAR–IMU unit and process measurements

with an identical FAST-LIO2 pipeline for odometry and

mapping. For the Unitree Go2, we use its bottom-mounted

rotating LiDAR and Point-LIO for odometry and mapping. In

addition, we conduct autonomous circular and oval tracking

tests on PERAL using our MPC+PID controller to stress-

test tracking under higher curvature and to characterize its

performance envelope.

Path-Following Performance is evaluated using two refer-

ence trajectories:

• Circle: a circle (R = 0.5 m), evaluating steady turns.

• Oval: an ellipse (1× 2 m), evaluating sharp turns.

We compute the mean absolute tracking error as the shortest

Euclidean distance from each estimated position to the

reference path, with samples aligned by normalized time to

account for different traversal speeds at different size (See

Fig. 4).

V. RESULTS AND DISCUSSION

A. System-Level Comparison

Tab. I summarizes the trade-offs between local coverage

and system efficiency. The fixed-horizontal differential-drive

platform offers low cost and low power, but its scene

coverage remains very limited in short-range figure-8 motion.

The quadruped robot achieves the highest local coverage,

but at substantially higher cost, weight, and power. PERAL

provides a favorable middle ground: within a limited travel

distance, it attains good coverage while maintaining a com-

pact form factor (1.8 kg for both �16/25 cm shell), modest

power consumption (22 W), and relatively low system cost.

These results suggest that passive self-excitation is an effec-

tive way to improve local perceptual coverage without the

added complexity of dedicated active scanning hardware.

B. Short-Range Coverage Comparison

As shown in Fig. 3, we evaluate short-range coverage

under figure-8 motion, where each robot traverses a com-

parable local path segment. Rather than emphasizing global

mapping over long distances, this experiment focuses on

how much nearby scene structure can be observed within

a limited travel distance. Coverage differs markedly across

platforms. In the ±2 m radius range, which corresponds to

the typical spatial extent used for local planning of the ball

robot, the fixed-horizontal differential-drive baseline achieves
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Fig. 4. Autonomous path following of PERAL on circular and oval
reference paths using an MPC+PID controller. The commanded speed
setpoint is 0.2 m/s. We compare two spherical robot configurations with
different shell diameters � (25 cm and 16 cm). For both reference paths,
the path-following behavior and error magnitude remain broadly similar
across the two robot sizes, indicating that the control framework maintains
comparable tracking performance under different spherical dimensions. The
error is computed from raw FAST-LIO2 odometry as the signed shortest
distance to the reference path, with the sign determined by the local path
tangent.

only ∼15.5% coverage, whereas PERAL reaches ∼75.7%.

The quadruped platform with a bottom-mounted rotating

LiDAR achieves the highest coverage of ∼84.7%. In the

more restrictive ±0.5 m range, which reflects the immedi-

ately traversable region, the wheeled robot, quadruped, and

PERAL achieve coverage rates of ∼9%, 100%, and ∼96%,

respectively. These results indicate that PERAL substantially

improves both planning-relevant local map completeness

and immediate near-ground observability over the fixed-

horizontal wheeled baseline.

C. Path-Following and Passive Oscillation Analysis

We compare path-following performance across control

modes and platform scales as shown in Fig 4 and Fig 5.

Overall, the tracking errors remain similar across the tested

conditions: manual and autonomous operation achieve com-

parable path-following accuracy, and the �16cm and �25cm

spherical robots also show similar errors under autonomous

control. The more noticeable difference lies in the motion

profile during traversal. The smaller sphere exhibits stronger

oscillatory rocking, whereas the larger sphere moves more

smoothly with weaker passive oscillation. This indicates that,

for a fixed internal drive configuration, increasing the outer

shell size reduces the magnitude of passive self-excitation.

As a result, if the sphere size continues to increase while the

internal robot remains unchanged, the platform will gradually

approach near-horizontal motion with little natural oscilla-

tion, and additional external excitation may be required to

maintain comparable viewpoint variation for perception.

Fig. 5. Autonomous versus manual circular path following on a com-
mon reference circle for the 16 cm spherical robot. The top row shows
trajectory overlap and signed distance-to-reference error, while the bottom
rows compare commanded and actual linear/angular velocities. Autonomous
control achieves a smaller mean absolute tracking error (0.019 m) than
manual control (0.030 m) and exhibits more consistent motion execution.
Both control methods shows similar vibrations effects.

D. Slope Crossing Capability

To further validate mobility, we tested the PERAL robot on

an inclined ramp inside the tactical training center (Fig. 6).

The robot successfully ascended a slope of approximately

15◦ without loss of stability or slippage. This demonstrates

that the passive self-excitation mechanism does not hinder

basic locomotion performance, and the spherical design pre-

serves sufficient ground traction to handle moderate inclines.

Such capability is important for mixed indoor–outdoor or

semi-structured environments, where uneven terrain or ramps

are common.

E. Ground-Level Target Detection and Applications

We further demonstrate ground-level target detection by

placing a human-sized dummy in the tactical training center

and commanding the robot to navigate along a loop path

around it (see Fig. 6). Due to its low chassis and passive

self-excitation, PERAL can capture floor-level structures and

low-height returns from the dummy during motion, and

these observations are directly incorporated into the SLAM

map without any dedicated detection module. As a result,

the dummy becomes visible in the reconstructed map as

local occupied structure near the ground. This capability is

particularly relevant in smoky or visibility-degraded environ-

ments, where perception at higher elevations may be limited

while the ground region remains partially observable. In
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Fig. 6. Tactical training center experiments with �25cm robot controlled manually. Left: PERAL climbing a ∼15
◦ ramp, demonstrating stable locomotion

on inclined terrain. Right: Near-ground human-dummy detection scenario (simulating a fallen victim in fire-rescue); the yellow trajectory indicates the
robot path, and the inset shows the corresponding SLAM map/reconstruction, highlighting improved observability of low-height structures enabled by
passive LiDAR excitation.

such scenarios, improved near-ground perception can support

victim localization and enhance situational awareness for

search-and-rescue tasks.

Limitations. The proposed passive excitation should not be

interpreted as satisfying persistent excitation in the strict

control-theoretic sense, and we do not claim formal stability

or convergence guarantees for the underlying state estimation

process based on standard PE analysis. Instead, the observed

improvements in scan diversity and coverage are supported

by empirical results from the presented experiments.

A key reason is that the drive–shell interaction is difficult

to model accurately in practice. Our analysis adopts an

idealized rolling approximation, while the actual platform

behavior can be affected by internal friction, wheel–shell

slip, ground slip, and uneven or compliant terrain. These

effects make the induced attitude variation difficult to predict

precisely and limit the extent to which the excitation can

be characterized analytically. The refraction and scattering

through the transparent shell may introduce extra sensing

artifacts, which can make the resulting maps slightly noisier

than those obtained without the shell, as illustrated in Fig. 3.

In addition, the passive excitation depends on the loco-

motion and tends to diminish during prolonged constant-

velocity motion or stationary operation. Therefore, the cur-

rent mechanism should be viewed as a heuristic source of

useful viewpoint variation rather than a guaranteed observ-

ability condition. Future work will investigate more formal

observability analysis and hybrid passive–active designs that

remain effective across a wider range of operating conditions.

VI. CONCLUSION

This paper presents a passive LiDAR excitation strategy

for spherical mobile robots, leveraging the platform’s inher-

ent rocking motion to improve near-ground perception with-

out additional scanning actuators. By exploiting locomotion-

induced attitude oscillations, the approach causes intermittent

reorientation of the LiDAR scanning plane and enables

observation of ground regions that are difficult to capture

with a fixed horizontal configuration.

Experiments in laboratory, corridor, and tactical train-

ing center environments show that the proposed approach

alleviates near-ground sensing blind spots, enriches low-

height map structure, and consistently improves local near-

ground coverage relative to a fixed-horizontal baseline, while

preserving mechanical simplicity. These results suggest that

passive excitation offers a practical low-complexity sensing

alternative for compact mobile platforms.

Future work will focus on developing a more rigor-

ous characterization of the perception and mapping effects

induced by passive excitation, bridging the gap between

empirical findings and formal analysis. In parallel, we plan

to explore reinforcement learning [52] and other data-driven

optimization strategies to tune motion parameters or plan

excitation-aware trajectories while preserving the actuator-

light nature of the platform.
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