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Abstract—Underground mining inspection remains hazardous,
with rockfalls and structural collapses accounting for over 60 %
of fatal accidents in Latin America. This paper presents an
autonomous quadruped architecture integrating LiDAR-inertial
SLAM, risk-aware A* planning, a 12-DoF computed-torque
controller, and on-device TinyML acoustic classification within
a ROS 2 framework. Validation is conducted via high-fidelity
simulation and hardware-in-the-loop experiments in a laboratory
gallery mockup that reproduces the geometric and sensory
constraints of underground tunnels. The central novelty lies in a
cost function that dynamically incorporates terrain traversability
and acoustic hazard probabilities—obtained from a 1D-CNN
deployed on an Arduino Nano 33 BLE Sense—directly into
real-time navigation, enabling sub-40 ms replanning. Locomotion
control maintains center-of-mass deviation below 3 cm and joint
tracking error of 3.2° RMSE over irregular terrain, while
MQTT telemetry achieves sub-50ms latency under emulated
communication loss. Experimental results show 91.8% acoustic
classification accuracy with <25ms edge inference, an 87%
reduction in hazard exposure compared to distance-only A*,
and 96% obstacle traversal success. These findings demonstrate
that a low-cost, edge-Al-enhanced quadruped can autonomously
navigate mining-representative galleries, detect geomechanical
and gas hazards in real time, and alert supervisors—establishing
a foundation for reducing human entry into dangerous under-
ground environments.

Keywords—quadruped robotics; multimodal perception;
real-time SLAM; risk-aware path planning; computed-torque
control; TinyML; acoustic hazard classification; edge-cloud
telemetry; underground mining inspection.

I. INTRODUCTION

In 2023, 36 workers lost their lives at ICMM member
company operations, with 10 fatalities caused by mobile equip-
ment and transportation and 5 by structural failures [6]. In
Latin America—particularly in Peru and Chile—underground
mining remains one of the most hazardous occupations:
rockfalls and confined-space instabilities continue to force
human inspectors into newly excavated galleries for mandatory
visual assessment [15], [17]. These statistics underscore an

urgent need for autonomous inspection systems capable of per-
forming continuous preventive mapping and hazard detection
without exposing personnel to high-risk environments.

Recent Industry 4.0 initiatives have introduced distributed
IoT sensors and fixed camera networks for underground
monitoring. While these systems provide valuable localized
measurements, their static deployment inherently limits spatial
coverage and adaptability to dynamically evolving excavation
fronts. Consequently, mobile robotic platforms have emerged
as promising alternatives for autonomous inspection, volumet-
ric mapping, and structural risk assessment in subterranean
environments.

Wheeled and tracked unmanned ground vehicles (UGVs)
have demonstrated reliable performance in structured indus-
trial facilities; however, their mobility degrades significantly in
terrains characterized by debris accumulation, uneven rock for-
mations, mud, rails, and abrupt elevation changes—conditions
ubiquitous in active mining galleries [9]. In field tests at
LKAB’s Kiruna mine, wheeled robots “all experienced crit-
ical failures” within the first 50 meters of operation due to
complex terrain [2]. In contrast, legged robotic systems—
particularly quadruped platforms—offer superior terrain adapt-
ability through articulated multi-contact locomotion, enabling
discrete foothold placement, dynamic balance maintenance,
and partial decoupling of the chassis from ground irregu-
larities. The DARPA Subterranean Challenge demonstrated
that quadruped robots can autonomously explore and map
hundreds of meters of underground tunnels, validating their
potential for real-world subterranean deployment [14].

Despite these advances, achieving reliable autonomous op-
eration in underground, GPS-denied, and perceptually de-
graded environments remains an open research challenge. A
recent comprehensive review of mobile inspection robots in
deep underground mining concludes that “localization does
not yet work error-free” and that “short radio range and lack
of autonomy during exploration still pose major hurdles for
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practical applicability” [10]. State-of-the-art systems still treat
perception, LiDAR-inertial SLAM [23], planning, and control
as loosely connected pipelines, making it impossible to incor-
porate real-time hazard probabilities—especially those inferred
from acoustic anomalies such as rock microfractures or gas
leaks—directly into the trajectory cost within the same control
cycle. This decoupling forces either overly conservative or
dangerously optimistic navigation decisions in dynamic mine
environments where new risks can appear without warning.
To the best of the authors’ knowledge, current quadruped
platforms for underground mining has demonstrated a tightly
integrated architecture that fuses multimodal SLAM, risk-
aware predictive planning, embedded edge-Al acoustic clas-
sification, and cloud-aware telemetry in a unified framework
with hardware-in-the-loop validation.

To bridge this gap, this paper presents a novel autonomous
robotic architecture based on a 12-DoF quadruped platform
specifically designed for underground mining risk inspection.
The proposed system tightly integrates multimodal 3D per-
ception, real-time SLAM, risk-aware A* path planning with
dynamically weighted hazard costs, a computed-torque loco-
motion controller, and an on-board TinyML acoustic hazard
classifier—all orchestrated within a ROS 2 middleware and
connected to a cloud dashboard via MQTT telemetry.

The main contributions of this work are:

o Risk-aware SLAM and real-time predictive planning:
A LiDAR-inertial SLAM pipeline coupled with an A*
planner that, for the first time in a mining quadruped,
incorporates acoustic hazard likelihood from an on-board
TinyML classifier into the navigation cost function, en-
abling dynamic avoidance of high-risk zones with sub-
40ms replanning latency.

o Disturbance-resilient dynamic locomotion control: A
12-DoF computed-torque controller validated on irregular
terrain mockups, achieving bounded center-of-mass de-
viation and stable joint tracking during hazard-triggered
path adjustments, ensuring traversal stability even under
abrupt replanning events.

o Embedded edge Al for acoustic hazard recognition: A
lightweight convolutional neural network deployed on an
Arduino Nano 33 BLE Sense that classifies four mine-
critical sound classes—ambient silence, geomechanical
fractures, gas leakage, and heavy machinery—with 92%
accuracy and <25 ms inference latency, thereby eliminat-
ing cloud dependency for early warning [4].

o End-to-end integrated validation: Full ROS 2 inte-
gration and hardware-in-the-loop demonstration of the
complete architecture, including MQTT telemetry to a
cloud dashboard with <50 ms end-to-end latency and
97% packet delivery, confirming operational feasibility
under simulated underground communication constraints.

By delivering the first end-to-end integration of multi-
modal perception, predictive risk-aware planning with em-
bedded edge Al, and cloud telemetry on a legged platform
for underground mines, this work lays the foundation for

continuous autonomous inspection in the most inaccessible
and hazardous galleries, contributing directly to the reduction
of fatal accidents and safer mining operations.

II. RELATED WORK

A. Evolution of Monitoring Technologies in Underground
Mining

Risk mitigation in underground mining has traditionally
relied on periodic manual inspections complemented by fixed
monitoring infrastructure. Although Industry 4.0 paradigms
have modernized these practices, significant limitations per-
sist in spatial coverage, scalability, and—-most critically—the
continued exposure of personnel to hazardous zones. Table |
contrasts the capabilities of static IoT networks with a mobile
quadruped platform, highlighting the transformative potential
of autonomous legged systems for expanding inspection reach
while reducing human risk.

TABLE I
QUALITATIVE COMPARISON BETWEEN FIXED MONITORING
INFRASTRUCTURE AND THE PROPOSED AUTONOMOUS QUADRUPED

PLATFORM.
Feature Fixed Sensor Networks This Work
Spatial Localized, at predefined Wide-area, autonomous
Coverage  points navigation across evolving
galleries
Adaptability Limited; requires  Adaptive locomotion + real-

rewiring/redeployment time replanning

Deployment Mounting structures,  Self-contained sensing and
wiring, communication  edge computation; minimal
relays infrastructure

Human Personnel enter Remote/autonomous opera-

Exposure  hazardous zones for  tion; no human presence re-
installation/maintenance quired

Data Typically unimodal Multimodal (LiDAR,

Modality vision, acoustic) supporting

active 3D risk mapping

To overcome the immobility of fixed networks, the min-
ing sector has experimented with unmanned aerial vehi-
cles (UAVs) and wheeled/tracked unmanned ground vehicles
(UGVs). UAVs offer rapid inspection but suffer from aero-
dynamic instability in narrow tunnels, limited payload, and
the generation of suspended particulate that degrades optical
sensors [18]. Wheeled UGVs provide higher endurance, yet
their mobility collapses in terrains with debris, mud, railway
tracks, or abrupt elevation changes—conditions that are the
norm in active underground headings. Field tests at LKAB’s
Kiruna mine revealed that wheeled robots “all experienced
critical failures” within the first 50 meters of operation [2].
In contrast, legged robots use discrete foothold placement
to decouple the chassis from ground irregularities, enabling
stable traversal over the same terrain that immobilizes wheeled
platforms. Moreover, the DARPA Subterranean Challenge con-
clusively demonstrated that quadruped robots can explore and
map hundreds of meters of underground tunnels autonomously,
establishing legged locomotion as the most viable mobility
solution for subterranean inspection [14].
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B. SLAM and Perception in Perceptually Degraded Subter-
ranean Environments

Reliable localization in underground mines remains a fun-
damental barrier to autonomy due to the absence of GNSS,
repetitive tunnel geometries, dust, and low illumination. The
DARPA SubT Challenge proved that single-modality sensing
is insufficient; only teams fusing LiDAR, inertial, and visual
data achieved robust long-term autonomy [21]. State-of-the-
art LiDAR-inertial odometry frameworks such as FAST-LIO2
now achieve high-accuracy, low-drift state estimation through
tightly coupled iterative Kalman filtering [23]. Yet, as a recent
comprehensive review published in Sensors (2025) concludes,
“localization does not yet work error-free” in deep under-
ground mines and “short radio range and lack of autonomy
during exploration still pose major hurdles for practical appli-
cability” [10].

Critically, existing SLAM pipelines are almost never cou-
pled with real-time hazard classification outputs. Vision-based
structural inspection has been explored for detecting wall
cracks and moisture [8], and some works have proposed
multispectral fusion (thermal + depth) to mitigate LiDAR
degradation in dust [3]. However, none of these systems
incorporate acoustic hazard inference—rock microfractures,
pressurized gas leaks, machinery proximity—directly into the
navigation layer. Acoustic sensing is immune to visual and
LiDAR degradation, making it a uniquely robust modality in
dusty, dark galleries, yet it remains absent from all autonomous
mining robot architectures published to date.

C. Risk-Aware Planning and the Lacking Acoustic-Perception
Loop

Traditional path planning algorithms (A*, Dijkstra) priori-
tize geometric optimality but ignore probabilistic hazard expo-
sure. Recent approaches have begun formulating planning as a
constrained optimization that incorporates terrain traversability
and risk maps [24]. For instance, [20] introduced a risk-
aware A* variant where traversal cost is weighted by hazard
probability, but their work relied on pre-mapped static risk
layers, not real-time perception.

A fundamental disconnect persists: in every existing system,
the planner’s risk map is built from geometry and pre-surveyed
data, while dynamic hazards—especially audible ones—are
either ignored or processed offline. This decoupling prevents
the robot from reacting to sudden auditory events (e.g., a
new roof fissure) within the same control cycle, forcing ei-
ther overly conservative or dangerously optimistic trajectories.
Furthermore, most risk-aware planners are validated only in
simulation or on wheeled robots, never on a dynamically
walking quadruped where the executed path must respect
physical foothold constraints.

This paper directly addresses these gaps by embedding real-
time acoustic hazard probabilities—obtained from an on-board
TinyML classifier running at the edge—as a dynamic additive
term in the A* cost function (Eq. 12). The integration ensures
that the planner continuously replans (<40 ms) to avoid zones

of elevated acoustic risk while respecting the robot’s kinematic
and dynamic limits.

D. Integrated Quadruped Architectures for Mining: The Miss-
ing Unification

Several notable quadruped platforms have been developed
for industrial inspection, but none achieve the full perception—
planning—control-edge-Al—telemetry stack required for au-
tonomous mining. The ANYmal robot has demonstrated
model-predictive control and reinforcement learning for rough
terrain [5], yet its mining deployments to date remain teleop-
erated or semi-autonomous, lacking integrated hazard-driven
navigation. Spot (Boston Dynamics) has been tested at LKAB
for underground mapping, but the published results are lim-
ited to teleoperated waypoint missions with offline data pro-
cessing [2]. The CERBERUS system from DARPA SubT
integrated SLAM, exploration, and legged locomotion, but
its autonomy focused on frontier exploration, not risk-aware
inspection, and it did not include edge-Al acoustic classifica-
tion [21].

In summary, prior research has advanced legged locomotion,
SLAM, and risk-aware planning as independent threads, but
no existing work tightly couples real-time acoustic hazard
perception with predictive risk-aware planning and dynam-
ically stable locomotion on a resource-constrained physical
quadruped. The present work fills this gap with a ROS 2-
based architecture that unifies multimodal SLAM, TinyML
acoustic classification, probabilistic risk-weighted A* plan-
ning, and a disturbance-resilient computed-torque controller—
all validated through hardware-in-the-loop experiments under
mining-representative conditions.

III. SYSTEM ARCHITECTURE AND METHODOLOGY
A. Overall Architecture and Design Rationale

The proposed autonomous system utilizes a layered cyber-
physical architecture designed to decouple high-latency cog-
nitive tasks from deterministic, time-critical locomotion con-
trol. The framework is organized into four functional layers
(Fig. 1):

1) Perception: Fuses LiDAR, inertial, and acoustic data
to generate probabilistic occupancy grids and real-time
hazard likelihoods.

2) Cognition & Mapping: Executes LiDAR-inertial
SLAM (FAST-LIO2) and hosts the risk-aware A* plan-
ner for continuous trajectory optimization.

3) Control: A 100 Hz hard real-time loop on an ESP32 mi-
crocontroller manages inverse kinematics and computed-
torque control, ensuring gait stability independent of
high-level processing loads.

4) Edge Intelligence & Telemetry: Performs on-device
TinyML acoustic classification and bridges spatial-
acoustic data to a cloud dashboard via MQTT.

This modular design ensures that ROS 2 computational
spikes do not induce jitter in joint actuation. High-level data
flows via ROS 2 topics, while a dedicated UART link provides
deterministic delivery for time-critical control commands.
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Fig. 1. System-level architecture: data flow from sensors through SLAM, risk-aware planning with acoustic feedback, deterministic locomotion control, and
edge-cloud telemetry.

B. Hardware Implementation 2) Embedded Electronics: The electronic architecture
1) Mechanical Plaiform: The quadruped is a 12-DoF ElFolf 3) separates high-level processing from real-time actua-

custom-built platform (Fig. 2). Each leg comprises three

rotational joints actuated by 35 kg-cm digital servomotors,

providing sufficient torque to traverse rubble and to perform o

footstep adaptation on irregular terrain. The chassis combines

laser-cut acrylic sheets with aluminum-reinforced limbs for etuing

low mass (=~ 2.8kg total) and high structural stiffness. Link
lengths, masses, and inertias, obtained from the CAD model,
are given in Table II, enabling accurate dynamic modeling.

RPLIDAR A1

MPUG050

Opto-Isolated Driver

5V Logic

7.4V 5200mAh
LiPo Battery

l

5V step-Down Reg.|

Fig. 3. Realistic pictorial diagram of the embedded electronics architecture. It
details the high-level perception routing, the isolated real-time actuation, the
edge acoustic inference, and the separated power domains preventing voltage
sag.

o High-level computer: Raspberry Pi 4 (4GB) runs
Ubuntu 22.04 + ROS 2 Humble, executing LiDAR-
inertial SLAM (FAST-LIO2), occupancy grid manage-

Fig. 2. CAD model of the 12-DoF quadruped. ment, and the risk-aware A* planner.

TABLE Il o Real-Time Actuation Controller (RTAC): ESP32 De-
KINEMATIC AND DYNAMIC PARAMETERS OF ONE LEG vKitC, generating 12 synchronized PWM signals at
100 Hz with deterministic latency. Joint angle setpoints

Link  Length (em) Mass (2)  Inertia (kg:m?) are received via UART from the Pi.
Coxa 5.0 85 1.8 x 1074 o Acoustic TinyML processor: Arduino
Femur 8.5 120 3.6 x 1074 Nano 33 BLE Sense equipped with an onboard

Tibia 12.0 90 2.2 x 1074

microphone and a pre-trained CNN (Sec. I1I-C2).
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e Sensors: RPLIDAR A1l (360°, 5.5Hz scan rate),
MPU6050 IMU, and a 5MP camera used for auxiliary
visual documentation (not in the autonomous loop).

Power is supplied by a 7.4V, 5200 mAh LiPo battery with a
regulated 5V rail for logic and a direct battery rail for servos,
employing opto-isolated power domains to prevent voltage sag
interference.

C. Perception: Multimodal SLAM and Acoustic Hazard Infer-
ence

1) LiDAR-Inertial SLAM: Localization and mapping are
performed by FAST-LIO2 [23], a tightly coupled LiDAR-
inertial odometry framework based on an iterated extended
Kalman filter. The algorithm fuses 2D LiDAR scans from the
RPLIDAR Al (range 12 m, angular resolution 1°) with IMU
data at 200 Hz, producing odometry at 10 Hz and updating a
2D occupancy grid map with 5cm resolution. In laboratory
galleries up to 15 m in length, the system maintains a position
drift of less than 5cm over the entire trajectory without loop
closure; for longer missions, a graph-based pose graph opti-
mization is reserved for future implementation (see Sec. VII).

2) Onboard Acoustic Hazard Classification: Ambient
sound is continuously captured by the Arduino
Nano 33 BLE Sense microphone at 16kHz. A lightweight
1D-CNN, trained with Edge Impulse [4] and subsequently
quantized to 8-bit for on-device deployment, classifies each
I-second audio window into four operationally relevant
categories:

C = {ambient , rock microfracture, fluid leak, machinery}

The model outputs a probability vector Py(x) =
[P(c1]x), ..., P(cq|x)], from which the maximum-likelihood
class and the associated hazard likelihood Phg.ara(X) =
MAX ey P (€[X) are extracted (danger classes: microfrac-
ture, gas leak). Inference latency is < 25ms, enabling real-
time hazard signaling without cloud connectivity.

a) Dataset composition and provenance.: To construct
a representative training corpus while working entirely with
verifiable, publicly available data, we aggregated audio sam-
ples from three peer-reviewed datasets that collectively span
the four target classes:

leftmargin="*, label=i.

1) Mine roof acoustic impacts [19]: 3,309 record-
ings collected in five underground potash mines
(Saskatchewan, Canada), containing impact sounds la-
belled by expert miners as tight (safe) or drummy
(unsafe). The drummy class—indicative of delamination
and incipient fracture—was remapped to our rock
microfracture category.

2) GPLA-12 gas pipeline leakage dataset [11]: 684
acoustic signals spanning 12 leak types (pinhole, crack,
gasket failure, etc.) recorded on a pressurized gas
test rig. All leak sub-classes were merged into our
gas/fluid leak category.

3) Audio Datasets of belt conveyor rollers in mines [13]:
19 WAV files captured in situ with 19 microphones
in an active mining site, covering normal roller op-
eration, shell cracking, and complete breakage. Op-
erational sounds (normal + faulty) were mapped to
machinery, while silent intervals extracted from
the same recordings—verified to be free of transient
events via RMS thresholding—supplied the ambient
silence class.

b) Data augmentation and training protocol.: All sam-
ples were resampled to 16 kHz mono and segmented into non-
overlapping 1-second windows, yielding a balanced dataset
of N = 2400 windows (600 per class) after minority-class
oversampling via SpecAugment [16] (time masking up to
100 ms, frequency masking up to 3 Mel bands) and additive
background noise injection with signal-to-noise ratio randomly
sampled from SNR ~ (5, 20) dB. A stratified 5-fold cross-
validation was employed; the final accuracy of 91.8% corre-
sponds to the macro-averaged test-set accuracy across all folds.
The confusion matrix (Fig. 4) confirms that the safety-critical
rock microfracture and gas/fluid leak classes
achieve F'1 > 0.87, while the main confusions occur between
acoustically similar ambient silence and machinery
profiles.

A) Normalized Confusion Matrix

B) Edge Inference Latency (Arduino Nano)
T

== Mean: 21.3 ms
Max: 24.8 ms

True Label
Machinery Gas Leak Fracture ~Silence
@ & 9 9@ 9
5 8 8 3

Frequency (Frames)
g

Fracture Gas Leak
Predicted Label

Silence Machinery 2 21 22 23

Latency (ms)

Fig. 4. Left: normalized confusion matrix for the 4-class TinyML classifier
(test set, 5-fold average). Right: inference latency distribution over 1000
consecutive windows (mean 21.3 ms, max 24.8 ms).

D. Risk-Aware Predictive Planning

The central novelty of this work is the integration of real-
time acoustic hazard probability directly into the path planning
cost function. The navigation problem is cast as finding
the minimum-cost path @ = (ni,ng,...,nk) over the 2D
occupancy grid, where each node n; has an associated cost:

-3 [os + on
i=1

distance terrain risk

+ 7Phazard(i)i| (1)
———

acoustic hazard

with:

o d;: Euclidean distance between consecutive nodes.

e R; € [0,1]: Terrain traversability risk, computed from
local surface roughness and slope extracted from the
elevation map (slope > 30° or height variance > 3cm
yields R; = 1).
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e Phazard(i) € [0,1]: Acoustic hazard probability at node
1, obtained by projecting the latest acoustic classification
onto the spatial grid (the hazard value persists and decays
with time if no new detections occur).

e «,3,~: Tunable weights calibrated to balance path length
versus safety (current settings: « = 0.5, 8 = 0.3, v =
0.2).

A* search efficiently finds the optimal path over the
weighted graph. Whenever a new acoustic hazard classification
updates Ppq.qrd, the planner re-computes the path; the replan-
ning latency is below 40 ms on the Raspberry Pi 4, ensuring
that the robot can immediately deviate from newly detected
danger zones.
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Fig. 5. Risk-aware A* path avoiding high-risk areas while minimizing the
combined cost of distance, terrain roughness, and acoustic hazard.

E. Dynamic Locomotion Control

1) Kinematics: For each leg modeled as a 3-DoF planar
chain, forward kinematics gives the foot position p = [z, 2]

x=1ycos8qr +lacos(q1 + q2) +l3cos(qr + g2 + q3) (2)
z=lysing; +losin(qr + q2) +lssin(qg1 + g2 +q3)  (3)

Inverse kinematics is solved analytically: go is obtained via
the law of cosines, and ¢, g3 by geometric decomposition.
All joint trajectories are interpolated with cubic splines to
guarantee smooth velocity profiles.

2) Computed-Torque Control: The rigid-body dynamics of
each leg are expressed in the standard form

M(q)d + C(q,q)q + G(q) =T, 4)

where M, C, G are computed recursively using the parameters
from Table II.
The nonlinear computed-torque law

linearizes and decouples the system, yielding exponential
convergence of the joint error e = q4 — q:

é+ Kqé+Kpe = 0. 7)

The gain matrices are set to K, = 150133, Kgq = 15I3x3.
These values were chosen through a two-step process: (i) an
initial pole-placement design for a critically damped response
(¢ = 1) with target settling time ¢5 ~ 150 ms, which yields
w, &~ 26.7rad/ls, K, = w2 ~ 713, K4 = 2w, = 53;
(ii) subsequent down-tuning by a factor of ~ 4.7 to respect
the limited bandwidth of the digital servomotors (maximum
update rate 50 Hz, mechanical time constant ~ 30 ms). This
conservative design avoids saturation and guarantees robust
tracking during terrain disturbances while keeping the closed-
loop bandwidth at approximately 5-6 Hz, fully compatible
with the 100 Hz control loop on the ESP32.

F. Edge-Cloud Telemetry and Emergency Response

The ESP32 acts as the communication gateway. It receives:

o Current robot pose and occupancy map state from the Pi

via UART,

o Acoustic hazard probability Pjq.q-q and class label from

the Arduino Nano via 12C.

These data are formatted into JSON payloads and published
over Wi-Fi to a ThingsBoard MQTT broker at 2Hz under
normal operation, achieving end-to-end latency < 50 ms and
packet delivery > 97% in laboratory tests. When Pra.qra
exceeds a threshold of 0.8, the ESP32 immediately triggers:

1) An emergency MQTT alert to the cloud dashboard with
position stamp and hazard type,

2) A high-priority UART command to the Pi that interrupts
the current plan and forces a retreat trajectory by tem-
porarily setting v = 1.0 in the cost function (1), which
drives the robot away from the acoustic source.

This dual-reaction mechanism guarantees rapid self-

preservation while maintaining the supervisory link for human
operators.

IV. TESTING AND VALIDATION

To rigorously assess the proposed architecture, a compre-
hensive experimental campaign was conducted under con-
trolled laboratory conditions that replicate the geometric con-
straints (narrow corridors, low clearance), limited visibility,
and sensory challenges of underground mining galleries. The
evaluation followed a modular protocol: each functional block
(locomotion, SLAM, acoustic classifier, planning, telemetry)
was first validated in isolation, and subsequently the complete
system was tested in hardware-in-the-loop (HIL) configuration
to verify concurrency and real-time performance.

A. Locomotion Stability and Dynamic Performance

The locomotion controller was evaluated on a mock-up
terrain composed of wooden obstacles (heights 2—-6 cm), gravel
patches, and inclined planes up to 15°, all placed along a

T=M(q)v+Cq+ G 5 . . .
R (a) . a ] ) 5Sm indoor track. Key gait parameters were calibrated for a
v =4+ Kai(qa - q) + Ky(qa —q) (6)  quasi-static trot: step height 3cm, stride length 12cm, cycle
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time 1.2 s, duty factor 0.7. Table III summarizes the measured
performance metrics over 10 consecutive traversals.

TABLE III
LOCOMOTION PERFORMANCE METRICS OVER THE IRREGULAR TERRAIN
TRACK (N = 10 TRIALS).

Metric Mean 4+ SD  Unit

2.84+0.6 cm
1.54+0.3 cm
3.2°+0.7° deg
1.1£0.3 cm
96% (48/50) -

CoM lateral deviation (peak-to-peak)

CoM vertical oscillation (peak-to-peak)

Joint tracking error (RMSE, all 12 joints)

Foot placement accuracy (absolute)

Success rate (obstacle clearance without tip-over)

Fig. 6 shows a representative time trace of the front-right leg
joint angles tracking the reference trajectory during a traverse
including a 5 cm step obstacle. The computed-torque controller
maintains bounded error and recovers within 0.3 s after ground
contact perturbations, confirming the effectiveness of the low-
level control loop.

Hardware-in-the-Loop: Joint Tracking under Obstacle Perturbation
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Fig. 6. Joint tracking performance for the front-right leg over a 5 cm obstacle.
The dashed lines represent reference angles qq; solid lines are measured
encoder values.

B. SLAM Accuracy and Mapping Consistency

The FAST-LIO2 pipeline was run on the Raspberry Pi 4
using RPLIDAR Al scans and MPU6050 IMU data while the
robot was teleoperated along the 15m track. The occupancy
grid was generated with 5 cm resolution and updated at 10 Hz.
Fig. 7 shows the reconstructed map, which was compared
against a ground-truth CAD floor plan of the laboratory. Abso-
lute pose error at the end of the trajectory, measured with a to-
tal station, was 4.7 cm (translational) over the 15 m path (drift
0.31% of distance traveled). Roll and pitch angles remained
within £1.5°, validating the IMU-based gravity alignment.
These results confirm that short-range autonomous navigation
is feasible with negligible drift; for longer inspection missions,
the integration of visual loop closures is discussed in Sec. VII.
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Fig. 7. Occupancy grid map reconstructed by FAST-LIO2 over a 15m
laboratory gallery. The final pose drift is < 5cm.

C. Onboard Acoustic Hazard Classification

The TinyML 1D-CNN deployed on the Arduino
Nano 33 BLE Sense was evaluated on the test partition
of the aggregated dataset described in Sec. III-C2 (stratified
5-fold cross-validation, N = 600 samples per class). Table IV
reports precision, recall, and Fl-score per class, while Fig. 4
(presented in Sec. III-C2) visualizes the normalized confusion
matrix.

TABLE IV
PER-CLASS CLASSIFICATION PERFORMANCE OF THE TINYML ACOUSTIC
HAZARD DETECTOR

Class Precision Recall F1l-score
Ambient silence 091 0.94 0.92
Rock microfracture 0.90 0.88 0.89
Gas/fluid leak 0.93 0.91 0.92
Heavy machinery 0.88 0.90 0.89
Overall accuracy 91.8%

Inference latency, measured over 1000 consecutive win-
dows, averaged 21.3ms (¢ = 2.1 ms, maximum 24.8 ms),
meeting the < 25 ms real-time constraint. The model occupies
18.7 KB of flash and 5.2 KB of RAM on the Arduino, demon-
strating feasibility for resource-constrained edge deployment.

D. Risk-Aware Planning: Ablation Study

To isolate the contribution of the acoustic hazard term in
the cost function (Eq. 1), an ablation study was performed
in a simulated 20 x 10m? occupancy grid populated with
static obstacles and a localized high-risk zone (Prqzqr¢ = 0.9)
triggered when the robot approaches within 2 m. Three planner
configurations were compared:

1) Baseline A*: pure distance minimization (3 = - = 0).

2) Terrain-aware A*: terrain risk only (y =0, 8 = 0.3).
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3) Full risk-aware A* (proposed): distance + terrain +
acoustic hazard (o = 0.5, 5 =0.3, v = 0.2).
Table V summarizes path characteristics and safety metrics
for each configuration.

TABLE V
ABLATION STUDY OF THE A* PLANNER CONFIGURATIONS OVER 20
TRIALS WITH RANDOMLY PLACED OBSTACLES AND HAZARD ZONES.

Metric Baseline A*  Terrain-Aware Risk-Aware
Path length (m) 82+1.1 89+1.3 95+1.4
Avg. terrain risk 0.48 0.21 0.19
per node (R;)

Avg.  acoustic 0.65 0.58 0.08
hazard exposure

Replanning — — 32+1.1
events triggered

Avg. replanning — — 37.8+4.6

latency (ms)

The proposed planner reduces average acoustic hazard ex-
posure by 87% compared to the baseline A*, at the cost of
a 15.9% increase in path length. This trade-off is acceptable
in safety-critical inspection missions, where avoiding geome-
chanical or gas-leak hazards justifies a slightly longer route.
The replanning latency remains below 40ms in all trials,
meeting the real-time constraint.

Ablation Study: HIL Path Execution under Acoustic Hazard 0.9000

0.8111
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Fig. 8. Risk-aware A* path (blue) compared to baseline shortest path (dashed
gray) around a simulated acoustic hazard zone (red).

E. Edge-Cloud Telemetry Reliability

The MQTT communication link was tested over a Wi-
Fi network with controlled packet loss (2%, 5%, 10%) to
emulate underground connectivity degradation. The ESP32
transmitted 500 JSON payloads (each containing robot pose,
hazard probability, and timestamp) at 2 Hz. Table VI reports
the end-to-end latency and delivery success rate under each
condition.

TABLE VI
TELEMETRY PERFORMANCE UNDER EMULATED PACKET LOSS
CONDITIONS.

Packet Loss (%) Avg. Latency (ms) Delivery Success (%)

Even under 10% packet loss, the system maintains > 95%
delivery with sub-50ms latency, confirming the robustness
required for intermittent underground links. Zero payload
corruption events were observed across all trials, validating
the JSON-MQTT binary integrity.

F. System-Level Integration and Concurrency

Finally, the complete architecture was operated in HIL
mode: FAST-LIO2 SLAM, risk-aware planning, and loco-
motion control ran concurrently while the TinyML classifier
processed ambient audio and the ESP32 published telemetry.
CPU usage on the Raspberry Pi 4 remained below 65% (4
cores averaged), and the control loop on the ESP32 maintained
a constant 100 Hz update rate without jitter, as confirmed by
an oscilloscope on the PWM lines. Acoustic inference and
MQTT transmission ran asynchronously without affecting the
locomotion control cycle, demonstrating the effectiveness of
the layered architecture.

& lloT ROBOTICS TELEMETRY

Fig. 9. Cloud-registered critical alert triggered by onboard hazard inference
and adaptive replanning during a fully integrated test.

G. Summary of Validation Results

The experimental campaign demonstrated that the proposed
quadruped architecture meets all design objectives:

o Stable locomotion: < 3cm CoM deviation, 3.2° joint
tracking error, 96% obstacle traversal success.

e Accurate short-range SLAM: 0.31% drift with 5cm
grid resolution.

o Real-time hazard detection: 91.8% accuracy, < 25 ms
inference, 18.7 KB footprint.

« Risk-avoidant planning: 87% reduction in hazard expo-
sure, < 40 ms replanning.

« Resilient telemetry: < 50 ms latency at 95.8% delivery
under 10% loss.

o Seamless concurrency: No processing bottlenecks; de-
terministic control loop preserved.

These results, obtained under mining-representative lab-
oratory conditions, validate the feasibility of deploying an
integrated, edge-Al-enhanced quadruped for autonomous un-

2 42.1+3.2 99.6 ) : - e
5 44.8 +4.1 98.2 derground inspection, and motivate the future field validation
10 48.6£5.5 95.8 discussed in the next section.
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V. RESULTS AND DISCUSSION

The experimental campaign validated the functional inte-
gration of perception, planning, control, and embedded intel-
ligence within the proposed quadruped inspection architecture.
This section interprets the quantitative results from Section IV,
discusses their implications for autonomous underground in-
spection, and critically examines limitations to be addressed
before operational deployment.

A. Locomotion Stability Enables Reliable Sensor Carriage

The locomotion controller achieved bounded CoM devia-
tion (< 3cm) and joint tracking error (3.2° RMSE) across
irregular terrain, with a 96% obstacle traversal success rate
(Table III). These values are comparable to those reported
for small-scale quadrupeds on similarly rough terrain [7],
yet were obtained with low-cost hobbyist servomotors rather
than high-bandwidth custom actuators. The computed-torque
architecture with gains K, = 150, K4y = 15 successfully
maintained joint tracking during simultaneous SLAM execu-
tion and hazard replanning, confirming that the 100 Hz real-
time loop on the ESP32 is immune to load spikes on the
ROS 2 side. This deterministic decoupling is essential for
mining applications, where a momentary control glitch could
cause tip-over and mission failure in an inaccessible gallery.

B. SLAM Accuracy is Sufficient for Short-Range Inspection
Missions

The FAST-LIO2 implementation achieved 0.31% transla-
tional drift over 15m, equivalent to 4.7cm absolute error,
without loop closure. This performance is consistent with the
original FAST-LIO2 benchmark (~ 0.5% drift on handheld
datasets [23]) and is adequate for patrol missions within a
single mining gallery section. However, the absence of loop-
closure mechanisms limits scalability to longer distances; in
field deployments exceeding 50-100m, drift would accu-
mulate to meters, rendering the map unreliable for precise
localization. Integrating visual loop closures via the onboard
camera, or deploying loop-closure-aware frameworks such as
LIO-SAM [12], is a necessary next step before operational
trials.

C. Edge-Al Acoustic Classification Achieves Production-
Grade Metrics

The TinyML classifier attained 91.8% macro-averaged
accuracy with sub-25ms inference on an Arduino
Nano 33 BLE Sense, consuming only 18.7KB of flash
memory. The safety-critical classes—rock microfracture and
gas leakage—achieved F1-scores of 0.89 and 0.92 respectively
(Table 1V), indicating reliable detection of life-threatening
hazards. These results are on par with state-of-the-art edge
acoustic classifiers for industrial fault detection [22], yet
the proposed system uniquely feeds classification outputs
into the robot’s real-time navigation pipeline, closing the
perception—action loop at the edge. The primary limitation
is dataset composition: while the aggregated public datasets
provide a representative training corpus, they do not capture

the full acoustic variability of all underground mines (e.g.,
different rock types, tunnel reverberation, competing sound
sources). Field fine-tuning with site-specific recordings is
recommended to maintain accuracy when deploying to a new
mine.

D. Risk-Aware Planning Significantly Reduces Hazard Expo-
sure

The ablation study (Table V) demonstrated that incorpo-
rating acoustic hazard probability into the A* cost function
reduces average hazard exposure by 87% compared to a purely
distance-based planner, with a 15.9% path length increase.
This trade-off—slightly longer routes for dramatically safer
trajectories—is exactly the behavior required for safety-critical
inspection. The replanning latency (37.8 £ 4.6 ms) is well
within the 40 ms target and does not perturb the locomotion
controller, thanks to the asynchronous planner—control archi-
tecture. Previous risk-aware navigation studies in subterranean
environments [24] have been validated only in simulation
or on wheeled platforms; the present work provides, to our
knowledge, the first experimental demonstration of acoustic-
driven dynamic replanning on a walking quadruped.

E. Telemetry and System Integration Under Realistic Con-
straints

MQTT telemetry maintained >95% delivery and <50 ms
latency even under 10% packet loss (Table VI), confirming
that the ThingsBoard cloud dashboard can serve as a reli-
able supervisory interface in communication-degraded envi-
ronments. Crucially, acoustic inference and hazard alerts are
processed entirely at the edge; telemetry interruption does not
affect the robot’s self-preservation logic, which is triggered
autonomously by the ESP32 when P44 €xceeds 0.8. This
hybrid edge-cloud design ensures the system fails safely in the
event of total communication loss.

F. Comparison with Existing Subterranean Platforms

To contextualize these results, the proposed architecture
was qualitatively benchmarked against the most relevant au-
tonomous subterranean robotic platforms reported in the lit-
erature. Unlike ANYmal [5], which has demonstrated legged
locomotion and LiDAR-inertial SLAM but lacks risk-aware
planning and edge acoustic classification, or Spot (LKAB)
[2], which was limited to teleoperated waypoint missions, the
present system is the only platform that simultaneously inte-
grates legged locomotion, risk-aware planning, edge acoustic
hazard detection, and cloud telemetry in a single framework
validated under mining-representative conditions. The CER-
BERUS system from DARPA SubT [21] integrated SLAM,
legged locomotion, and cloud telemetry for exploration, but
did not incorporate acoustic hazard feedback into navigation.
Wheeled UGVs evaluated in active mines [9] offer mining-
specific deployment but suffer critical terrain-induced fail-
ures within 50m. This unique combination of capabilities
positions the proposed architecture as a scalable foundation
for autonomous underground inspection that reduces human
exposure to hazardous environments.
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G. Limitations and Path to Field Deployment

Several limitations must be acknowledged. First, all exper-
iments were conducted under controlled indoor conditions;
dust, humidity, temperature extremes, and electromagnetic
interference characteristic of real mines were not reproduced.
Second, the SLAM pipeline lacks loop-closure capabilities,
limiting scalability to galleries longer than approximately
50m. Third, the acoustic classifier was trained on public
datasets not collected in the target Peruvian mining con-
text; cross-site generalization may require on-site fine-tuning.
Fourth, the current communication tests assumed Wi-Fi infras-
tructure; in deep mines, low-bandwidth mesh networks would
require more robust MQTT quality-of-service configuration.
These limitations are explicitly addressed in the future work
roadmap (Section VI).

Fig. 10. Fully assembled quadruped inspection platform used in the hardware-
in-the-loop validation campaign.

VI. CONCLUSIONS AND FUTURE WORK

This paper presented, implemented, and experimentally val-
idated a distributed quadruped robotic architecture for sub-
terranean risk inspection. The principal contribution is the
demonstration of the first tightly integrated cyber-physical
system that fuses real-time LiDAR-inertial SLAM, risk-aware
A* path planning, a 12-DoF computed-torque locomotion con-
troller, and on-device TinyML acoustic hazard classification—
all orchestrated via ROS 2 and connected to a supervisory
cloud dashboard through resilient MQTT telemetry.

Laboratory validation under mining-representative condi-
tions yielded the following quantitative evidence:

« Stable locomotion: CoM deviation <3 cm, joint tracking
error 3.2° RMSE, and 96% obstacle traversal success rate
on irregular terrain.

o Accurate short-range SLAM: 0.31% translational drift
over 15m (4.7cm absolute error), sufficient for patrols
within a single gallery section.

o Real-time acoustic hazard detection: 91.8% classifica-
tion accuracy across four mine-critical sound classes, with
<25 ms inference latency and 18.7 KB model footprint on
an Arduino Nano 33 BLE Sense.

« Risk-avoidant navigation: 87% reduction in acoustic
hazard exposure compared to distance-only A*, with
<40ms replanning latency that does not perturb loco-
motion.

o Resilient edge-cloud telemetry: >95% delivery and
<50ms latency under 10% packet loss, with autonomous
emergency response independent of cloud connectivity.

These results demonstrate that a low-cost, edge-Al-
enhanced quadruped robot can autonomously inspect mining
galleries, detect geomechanical and gas hazards in real time,
and alert supervisory personnel—all while keeping human
inspectors safely outside.

A. Future Work

Building upon this foundation, our research roadmap priori-
tizes the following developments to transition from laboratory
prototype to operational mine deployment:

1) Field validation in active mines: Conduct extended
trials (duration >2h, distance >100m) in a Peruvian
underground mine to evaluate SLAM drift accumulation,
environmental robustness (dust, humidity, > 90% RH),
and battery endurance under realistic conditions.

2) Loop-closure-aware SLAM: Integrate visual loop clo-
sures using the onboard 5SMP camera and migrate
the SLAM stack to LIO-SAM [12] or a factor-graph-
based framework to enable kilometer-scale mapping
with bounded global drift.

3) Multi-spectral perception: Incorporate a thermal in-
frared camera to detect temperature anomalies (e.g.,
overheating machinery, smoldering fires) and fuse ther-
mal data with LiDAR and acoustic modalities for en-
hanced environmental awareness.

4) Computational upgrade: Port the high-level ROS 2
stack to an NVIDIA Jetson Orin Nano to support
GPU-accelerated visual SLAM, deep-learning-based
traversability estimation, and more complex risk models.

5) Multi-robot cooperation: Explore decentralized multi-
agent strategies for cooperative hazard mapping, where
a team of quadrupeds partitions a gallery network and
shares risk maps via a delay-tolerant mesh network.

6) Cross-site acoustic adaptation: Collect site-specific
acoustic data in the target mine, fine-tune the TinyML
classifier via transfer learning, and evaluate the gener-
alization performance across different rock formations
and gallery geometries.

These advancements aim to increase system resilience,
expand perceptual capabilities, and further minimize human
exposure to hazardous underground conditions—ultimately
contributing to the vision of fully autonomous, continuous,
and proactive mine safety inspection.
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