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Abstract—Underground mines present inherently hazardous
and complex environments, characterized by poor visibility, con-
fined geometries, and uneven terrain. Autonomous machines offer
a promising means to reduce human exposure in such conditions;
however, their deployment is hindered by numerous challenges,
including the absence of Global Navigation Satellite Systems
(GNSS), sensor degradation, and the difficulty of maintaining
reliable localization and situational awareness in such environ-
ments. This work presents the retrofitting of scaling machine
for autonomous operation within an active mining site, detailing
the sensor integration, system architecture and automation. We
incorporate state-of-the-art mapping and localization algorithms,
and leverage existing Wi-Fi access points to provide coarse global
positioning within the mine. Experimental validation conducted
on a live mining environment demonstrates the system’s ability
to maintain accurate localization and consistent mapping under
real-world conditions.

I. INTRODUCTION

PERATION in underground mines is characterized by

extreme conditions, exposing workers to hazards such
as toxic gases, reduced visibility, and the risk of landslides.
Autonomous operation presents a promising solution to reduce
human exposure in these hazardous areas, thereby improving
safety and reducing the probability of accidents. Nevertheless,
as with humans, underground mining environments pose sig-
nificant challenges for autonomous machines. Poor lighting
conditions, combined with dust and debris, severely impair
their ability to operate effectively. The terrain is typically
uneven, featuring narrow tunnels, sharp turns, and steep
inclines. Furthermore, Global Navigation Satellite Systems
(GNSS) are generally unavailable underground, necessitating
alternative global localization methods, and dense rock and
metal structures often hinder reliable communications —a key
element to effective autonomous operation.

One of the most challenging aspects to address for au-
tonomous machines to navigate and operate reliably in such
complex environments is to first acquire a detailed under-
standing of the surroundings. Simultaneous Localization and
Mapping (SLAM) offers a means to address this challenge,
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Fig. 1. 3D reconstruction of a portion of the Kemi Mine (Finland). This model
illustrates the layout of the underground deployment site, and showcases the
precision obtained by the localization and mapping modules.

and has evolved to meet the increasing demands of 3D
reconstruction in real time —it remains one of the most
actively studied topics in the robotics community [1]. Modern
SLAM systems typically rely on a graph to represent the
robot states (e.g., poses) over time in a probabilistic manner,
accommodating the uncertainty in the sensor observations.
Range-based approaches —particularly those based on LiDAR
(Light Detection and Range)— are widely adopted, excelling
in scenarios that are challenging for visual-based methods due
to limited visual features and low-light conditions [2]-[4].
Combining the above sensors with Inertial Measurement Units
(IMUs) has become a standard to compensate for aggressive
maneuvers and correct distortions in LiDAR sweeps caused
by ego-motion [3], [5]. While significant progress has been
made, most existing SLAM research has targeted urban [6],
structured and indoor scenes [7]. In contrast, mine-like and
subterranean environments remain relatively underexplored.
Challenges such as dust and debris, low visibility, feature-less
regions and deployment complexity hinder the direct appli-
cation of conventional SLAM systems and call for tailored
solutions. The DARPA Subterranean (SubT) Challenge [3]
has emphasized the importance of addressing these issues
and the existing gap in deploying autonomous machines in
mine-like environments. This competition has encouraged the



development of autonomous systems capable of navigating and
mapping complex, GNSS-denied underground environments.

As a step toward enabling full autonomy in subterranean
operations, we propose the adaptation of a conventional mining
scaling machine by integrating an electric powertrain, battery
systems, and robust localization and mapping capabilities.
Given the large number of existing conventional machines,
retrofitting them with modular automation kits presents a
cost-effective and scalable solution to extend their opera-
tional lifespan and enable autonomy. The motivation for
this transformation is three-fold: to reduce emissions, lower
maintenance costs and minimize human exposure to hazardous
conditions. However, this transformation poses several chal-
lenges, including redesigning the machine to accommodate
electric propulsion, optimizing power consumption in harsh
conditions, and developing robust algorithms in low-visibility,
unstructured terrain. More specifically, our main contributions
are as follows:

The retrofitting of a scaling machine to enable au-
tonomous operation in an active underground mining
environment, including sensor integration and automation
of machine functions.

The development of a robust and fault-tolerant system
architecture that combines LiDAR-inertial SLAM, map-
based localization, and Wi-Fi positioning —each tailored
to the specific conditions of a mine.

The experimental validation of the proposed system at
the operational Kemi Mine in Finland (see Figure 2).

Il. RELATED WORK

Research on the deployment of autonomous robotics in
underground settings has seen significant growth in recent
years, driven by the potential benefits across various industries.
Although fully autonomous agents are not yet widely deployed
in practice, tailored solutions have been developed to address
the specific challenges within these complex environments [8].

Thrun et al. [9] and Nutcher et al. [10] first underline
the importance of underground mapping, and equip a car
with range sensors to obtain volumetric maps in mines. Zlot
and Bosse [11] develop a 3D SLAM system that employs a
spinning LiDAR and an IMU. The system was mounted on a
vehicle to map around 17 km of mine tunnels. In [12], the au-
thors present a robotic dumper to explore underground tunnels
that features navigation and localization. The latter combines
geometric features and the analysis of the propagation of Radio
Frequency (RF) signals [13] along the tunnel.

The DARPA SubT Challenge has led to numerous inves-
tigation focused on the deployment of autonomous robots
for underground exploration. A key pillar of success in this
competition is the development of mapping and localization
capabilities, both of which are critical for exploration and
rescue missions. For instance, [14] use a depth camera to
localize aerial and ground robots within tunnels and to create
a 2.5D reconstruction. Multi-robot connectivity is maintained
via 4G network. LAMP2.0 [15] contributes a robust multi-
robot SLAM solution for underground settings. This system

Fig. 2. A tunnel end in the Kemi Mine, Finland.

integrates per-robot front-end interfaces, centralized multi-
robot Loop Closure Detection (LCD), and joint Pose-Graph
Optimization (PGO) for large-scale mapping in challeng-
ing underground environments. RHINO [16] integrates LIO-
SAM [3] into an autonomous robotic platform designed to
navigate mines, generating 3D reconstructions that assist in
hazard detection.

In spite of the algorithmic details, point cloud registration
and IMU integration remains the core component of most
LiDAR odometry and SLAM systems. However, the density
of point clouds still poses a computational challenge to
modern algorithms. Two streams have emerged to address
this problem: feature-basedapproaches [2], [3] that extract
relevant characteristics of the scene and inherently reduce the
dimensionality of the state, and densemethods [17], [18] that
use all points and focus on efficient neighbor search techniques
to reduce the computational complexity. While the former
achieve precise and fast localization, the latter undoubtedly
produce richer reconstructions. Recently, [4], [19] have used
GPU acceleration to speed up the registration process without
the requiring a significant reduction of the state.

Many robotic applications require to navigate repeatedly
in a previously visited areas, where localization over previ-
ously built models becomes particularly important to minimize
data redundancy and reduce computational overhead. Koide
et al. [20] propose a map-based localization approach that
tightly couples range and IMU data within a PGO framework.
Similarly, G-Loc [21] integrates LiDAR, IMU and GNSS mea-
surements and cloud-to-map registration in a sliding window
fashion. Seco et al. [22] combine structural characteristics
(e.qg, galleries, shelters) and RF signal propagation measure-
ments within the PGO, in an effort to overcome GNSS-denial
and environmental complexity of underground tunnels.



I1l. SYSTEM OVERVIEW AND DEPLOYMENT CONTEXT

The main objective of the proposed system is to enable the
deployment an autonomous machine in an underground mining
environment, capable of acquiring a detailed representation of
is surroundings and navigating between galleries. To provide
context for the system design, this section outlines the deploy-
ment environment, details the retrofitted scaling machine, and
describes the core system components (see Figure 3).

A. Mine Environment

The Kemi Mine, located in Keminmaa, Finland, is the
largest underground mine in Finland (see Figure 2), with
an annual production capacity of 2:7 million tonnes of ore.
It is owned by Outokumpu Chrome Oy, a subsidiary of
Outokumpu Qyj. The mine began operations in 1968 as an
open-pit mine and transitioned to underground mining in 2003.
Recent investments have deepened the mine to 1000 meters.
The current mining method is bench cut and fill, a type of
sub-level stoping with downhole production drilling. Drifts for
the primary stopes are developed laterally from the footwall
through the ore zone. Primary stopes are 25 meters high, 15
meters wide, and between 30 and 40 meters long. Secondary
stopes are identical, but 5 meters wider. The primary stopes
are extracted one or two levels above the secondary stopes.
Mining sub-levels with 5-meter by 5-meter cross sections
are established at 25-meter vertical intervals. Throughout the
galleries, there are 657 Wi-Fi Access Points (APs) installed.

Sustainability is a core focus at the Kemi Mine. The mining
operations are designed to minimize environmental impact
through the use of gravity-based concentration methods that
avoid chemicals and a sealed process water circulation system.
The mine is committed to achieving carbon neutrality by the
end of 2025, utilizing carbon-free electricity, biofuels, and
electrification of the extensive mining machinery. Hence the
motivation for this work.

B. Sensorized Scaling Machine

The deployment vehicle is a Gradal XL4300 wheeled scal-
ing machine (see Figure 4), originally diesel-powered but
retrofitted to an electric powertrain. While most excavators
typically use a hydraulic traction motor, this configuration is
suboptimal when energy-efficient locomotion is critical. In the
case under study, the machine is required to travel several kilo-
meters between work sites within sloped underground tunnels.
Efficiency improvements therefore significantly extend battery
life and increase productivity. To address this, the retrofit
kit has separate electric motors for working hydraulics and
the traction system. Additionally, the electric traction motor
enables regenerative braking that enhances the autonomy.

The second component of the retrofit kit focuses on au-
tonomous functions, which are divided into locomotion and
scaling operations. Two 3D LiDARs, an IMU and a camera are
used for perception during autonomous driving. The operating
environment limits the selection of suitable LiDARs, requiring
a high IP rating, strong protection against falling rocks, and
the ability to withstand intense vibration. The Robosense M1

Fig. 3. Major data flows enabling reliable autonomous and remote operations.

Fig. 4. Sensorized scaling machine. 1: 3D LiDARs, 2: rock face scanning
LIiDAR, 3: RGB-D cameras, 4: inclinometers, 5: draw-wire encoder, 6:
ultrasound sensor, 7: rotation encoder, 8: IMU, 9: steering angle sensor.

solid-state LiDARs (120 field of view) were chosen for their
robust resistance to water and vibration. Mounted underneath
the upper carriage (see (@ in Figure 4), they are further
shielded with additional protective plates. A Murata SCH16T-
K01 IMU is located in the center of the machine, and
two Intel Relasense 1455 cameras (3) cover the front and rear
views. In addition, 10 automotive-grade ultrasound sensors (&)
are mounted on the upper carriage to avoid collisions.

For autonomous scaling operations, all hydraulic functions
must be controllable by software. The original manual control
instruments have been disabled and connected to an Electronic
Control Unit (ECU) via a Controlled Area Network (CAN)
bus, which sends control signals to hydraulic valves. The
machine is equipped with sensors to monitor the angles of all
the joints. Two ESP32s inclinometers connected via POE to an
MPUS5060 module @), and a Kubler C100 draw-wire encoder
(&) are installed in the boom to compute the position of the end
effector. Combined with data from a Noptel LL60 rock face
scanning LIiDAR (2, the tip of the boom can be accurately
located relative to the wall, facilitating the interaction with
the environment. Finally, a rotation encoder (7) is used to
determine the orientation of the upper carriage and all mounted
sensors relative to the wheelbase, allowing wheel odometry (9)
to be fused with other sensor data. The Sick DBS36 encode
is driven by a toothed belt mounted around the swing joint.



C. System and Data Architecture Details

The data architecture of the fault-tolerant edge computing
system provides the base for reliable and continuous operation.
This section outlines the network infrastructure, virtualization
environment, and data management components that, together,
ensure system resilience and operational continuity [23].

Network infrastructure. The system operates exclusively
in underground mining tunnels, which are characterized by
limited external network connectivity (GNSS-denied condi-
tions with poor or intermittent internet access), requiring a
robust local network infrastructure capable of independent op-
eration. A circular Ethernet topology with four industrial-grade
switches forms the system’s on-board network. This circular
configuration, while atypical for mobile machinery, provides
redundancy for operation in harsh and remote environments.
The implementation of network management protocols handles
potential network loops while providing rapid fault recovery
(fault detection and network reconfiguration occur within sec-
onds). This quick response capability is critical for maintaining
continuous data flow in autonomous operation.

Virtual environment. Two virtual layers serve as the core
of the architecture, collectively running several virtual layers,
each dedicated to specific autonomous machine operations.
The virtualization layer enables efficient resource utiliza-
tion while providing critical process isolation. The system
implements graceful degradation mechanisms that prioritize
essential functions during component failures. In case of host
failure, critical services are moved to the remaining host
while less essential tasks are temporarily suspended or operate
at reduced capacity. This approach ensures the autonomous
machine can maintain safe operation even under hardware
failure of one main computer. Health monitoring algorithms
continuously assess system status, initiating virtual layers
migration or restart procedures as needed —essential for
operational continuity without human intervention. The archi-
tecture has been enhanced with a Jetson Orin unit, dedicated to
processing high-bandwidth sensor data streams from LiDAR
and camera systems. The Jetson’s Graphics Processing Unit
(GPU) capabilities enable real-time environmental perception,
a critical function for autonomous operations.

Data management and integration. A PostgreSQL
database system provides centralized data storage. This cen-
tralization is important for maintaining a consistent operational
record across all system components. Access to historical data
enables the system and its sub-components to execute a warm
start every time. This eliminates problems related to cold
starts and potentially long initialization and synchronization
periods. The database stores various data categories including
operational telemetry, sensor readings, machine states, and
configuration parameters. This data collection supports both
real-time operations and long-term performance analysis. The
system implements a Quality of Service (QoS) ranking ap-
proach for data replication to the fleet management server.
When connectivity is available, the system transmits data
according to these QoS priorities, ensuring that the most

Fig. 5. Result of the LIiDAR calibration inside the mine. The map built by
the front sensor is shown in blue, while the rear one appears in red.

essential information is preserved first in case of limited
bandwidth or potential system failure. As the vehicle has
limited storage capacity, it uploads historical data to the fleet
management server when a suitable connection is available. A
dedicated VM acts as an integration bridge between different
communication protocols used throughout the system. This
bridge facilitates data exchange between the database and: (i)
the Message Queuing Telemetry Transport (MQTT) broker,
mostly sensors and maintenance data, (ii) the CAN bus,
interfacing with traditional machine systems, and (iii) the
Robot Operating System 2 (ROS2) and the Cyclone DDS, for
advanced sensors and autonomous functions. This integration
layer enables interaction between legacy machine control
systems and newer autonomous components (see Figure 3),
ensuring that data flows reliably across technological bound-
aries. The protocol bridge maintains communication integrity,
supporting the architecture’s overall fault tolerance objectives.

1V. OPERATION IN UNDERGROUND MINES

This section presents the key modules integrated into the
scaling machine to enable autonomous operation, including
on-board sensor calibration, SLAM and robust localization.

A. Sensor Calibration

Accurate extrinsic calibration is essential for the correct
integration of sensor data, as it provides the transformation
between all the on-board sensors. As an initial estimate, a 3D
model of the vehicle was used to extract these transformations.
For some sensors, model-based calibration provides sufficient
accuracy for practical use. However, the calibration between
the rear and front LiDARs demands greater precision, as
their fusion is critical for coherent mapping, localization, and
navigation tasks. A major challenge in this setup is the lacking
of overlap between the fields of view of the two sensors.
To address this, the proposed calibration procedure involves
generating a individual map with each sensor independently.
These maps are then aligned using [19] to estimate the relative
pose between the front and rear LiDARs, R-Tg, . Figure 5
shows the resulting merged map after the calibration process.



B. 3D Reconstruction

Acquiring a 3D model of the mine site is crucial, as it
enables autonomous machines to accurately localize them-
selves and navigate the environment safely. This is achieved
using LG-SLAM [4], a graph-SLAM framework that integrates
data from multiple sensors (e.g., LIDAR, IMU) to create a
map of the environment containing both metric (point clouds)
and topological (pose-graph) information. The system features
a submap handlemodule that builds upon LiDAR-Inertial
Odometry (LIO) to provide robust local tracking and supports
heterogeneous multi-sensor configurations. A robust loop clos-
ing module ensures global consistency by validating each loop
closure candidate in a sliding window fashion. See [4] for a
detailed description. In addition, the system has been extended
to incorporate fiducial marker measurements into the opti-
mization process, enabling direct alignment and comparison
between the built model and the Building Information Model
(BIM), provided that the marker positions are known.

C. Robust Localization

We propose a two-level localization system for underground
mines that ensures a robust and precise localization for reliable
navigation. The first level leverages Wi-Fi signal strength
to provide a fast, coarse estimate of the robot’s pose. The
second level uses a LiDAR-inertial localization framework that
exploits previously generated 3D models of the environment.

Coarse Wi-Fi localization. Wi-Fi localization presents a
complementary approach to traditional positioning methods
in GNSS-denied environments. It relies on Received Signal
Strength Indicator (RSSI) measurements from APs to estimate
the vehicle’s position. This method offers several advantages
in underground mining conditions when the mine has sufficient
Wi-Fi coverage already installed, including reduced infras-
tructure costs compared to dedicated positioning systems and
utilization of existing network infrastructure.

As observed in [13], within the first hundreds of meters
in tunnel-like environments, the RSSI exhibits a logarithmic
decay w.r.t the distance. This behavior can be effectively mod-
eled using the Path Loss (PL) formulation, which models radio
signal attenuation using a path loss exponent to reflect real-
world propagation environments. PL is remarkably straight-
forward to implement. In mining environments, it can be
combined with triangulation techniques, as the radio waves do
not penetrate rock properly. By utilizing the RSSI of multiple
APs and constraining the possible locations of the robot to the
nodes of the topological map (i.e. the graph), position accuracy
can be improved despite the model’s theoretical limitations.
Nodes v 2 R® in the graph define discretized positions
that the robot is likely to occupy, generally placed along the
gallery centerlines. This approach strikes a balance between
implementation complexity and positioning performance.

While it is not feasible to use calibrated measuring tools to
determine signal strength, Wi-Fi clients provide signal strength
in dB. The well-known log-normal path loss model in dB [24]
can be written as:

L(d)= L(do)+10 logy (%) + n )

where d is the distance to the AP, L(dp) is the average path
loss at do, is the denoted path loss factor which varies
with the environment, and n is a zero-mean normal random
variable reflecting the shadowing attenuation in dB.

Once the distance is obtained, we use it to infer a discrete
probabilistic distribution map through a series of steps. No-
tably, distance estimation from a single AP defines a circular
probability region of uncertainty —the receiver could be
located anywhere on the circumference of a circle with radius
d centered at the AP. However, due to measurement errors and
environmental factors, this estimation is inherently imprecise.
Therefore, the distribution is better modeled as a ring-shaped
Gaussian around the estimated distance. Furthermore, to en-
sure physical constraints, the posible locations of the robot are
limited to a certain nodes (i) within the vertical bounds of the
gallery where the AP is located, and (ii) those which lie in
front of the AP w.r.t. the wall normal within gallery width.

Based on the above and the received RSSI from nearby
APs, the likelihood of the robot being near each node of the
existing topological model (pose-graph) can be computed. The
expected L value Ipi from the i-th AP to a certain vertex v
can be computed by substituting d in 1 with the Euclidean
norm between that node and the access point located at p;j.
Then, the total log-likelihood of node v will be given by the
sum of the Gaussian probabilities comparing observed path
loss measurements L; with LB,

1 X

2 2
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where is the standard deviation representing measurement
uncertainty. This probabilistic approach yields a likelihood
map over the graph, identifying the most probable robot
positions based on observed signals.

Figure 6 illustrates an example of the probability of being
in each node of the graph based on PL calculations. This
can be extremely useful for initializing the LiDAR-based
localization process —explained in the next section— by
providing a topological seed for initial positioning or recovery
when the robot is lost. This seed restricts the search for
possible locations to a specific gallery within the mine.

Precise LiDAR-based localization. Given the availability
of a previously-built 3D model of the environment (Sec-
tion 1V-B), online localization can be decoupled from the map-
ping process. Map-based localization reduces the complexity
of the SLAM problem by avoiding unbounded map growth and
repetitive observations, and leverages previously built maps
to provide prior information. This prior knowledge enhances
the accuracy of the pose estimation, thereby improving the
subsequent navigation tasks. Map-based localization can be
formulated as the problem of estimating the robot poses that
best match the sensor observations with each other and with
the map, i.e. finding the maximum a posterioriestimates.



Fig. 6. Visualization of the log-likelihood probability for each graph node. The
color gradient reflects the normalized probability based on RSSI calculations
from known APs. Probable nodes are colored from blue to yellow. Nodes
excluded from the search due to physical constraints are shown in grey.

In this work, we use G-Loc [21], a state-of-the-art graph-
based 3D map localizer framework. It goes beyond the use of
geometric information by also reusing topological information
(i.e., the reference graphfrom a previous mapping session).
G-Loc is based on a LIO module, and integrates its motion
estimates and scan-to-map alignments into a sliding window
of recent robot poses. The localization estimates are derived
by optimizing the active graph which consists of regions
of interest from the reference graph combined with online
measurements. In addition, we extend this framework to in-
clude Wi-Fi localization constraints. The formulation proposed
in [21] can be rewritten as:

T? = argrin F(T) (3)

st.F(T)= kef{Ok? +

i 2K ¢ 12K ¢
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where T7? is the optimal set of relative transformations be-
tween the previous map and the N latest robot frames,
ie., T ,
(e" “'e) 2 R is the quadratic error for a measurement with
covariance . e and e are the residual errors associated
with the odometry estimates and the correspondences between
LiDAR observations and the prior map, respectively, and e/'F
are the translation errors associated with the Wi-Fi localiza-
tion. As the AP positions are known within the SLAM model,
the Wi-Fi localization estimates can be included as global prior
measurements in map coordinates, like GNSS [21].

Initial pose estimation. In order to efficiently initialize the
LiDAR-based localization, a rough estimate of the robot’s pose
is required —this allows to bound the search of neighbors in
the graph to a certain region of the mine. To robustly obtain
this estimate in GNSS-denied environments, three complemen-
tary methods have been implemented, each tailored to operate
under different constraints and levels of information available.
First, a manual pose estimation service allows an operator to
input a coarse 3D pose via a visual interface. This approach
serves as a flexible fallback when external localization data
is unavailable. Second, visual fiducial markers have been

strategically placed throughout the mine. When detected by the
robot’s on-board vision system these markers can be used to
compute the robot’s pose relative to a known reference frame.
This method provides high precision, although it requires line-
of-sight to at least one marker. Finally, coarse localization
using Wi-Fi APs is the preferred initialization method, as it
provides an automated solution. Its only limitation is the extent
of Wi-Fi coverage.

D. Autonomous Navigation: Design Considerations

In underground mining operations, the distance between
work sites can exceed 10 km with travel times of up to an hour
for heavy machinery. Enabling autonomous travel between
work sites allows the operator to reach the destination by
car, significantly reducing transit time. This shift improves
productivity by reallocating time toward more valuable tasks.

Machine geometry constraints. A key consideration when
navigating narrow tunnels is that the machine’s boom ex-
tends several meters ahead of the vehicle. As the machine
approaches an intersection, the boom may obstruct the view,
preventing the on-board sensors from detecting elements
around corners. This creates a risk of collisions with other
vehicles operating in the tunnels. While a human operator can
anticipate nearby vehicles using sound and light cues long
before they are visible, reliably replicating this using computer
vision is not a trivial task. To mitigate the risk of accidents, the
machine is operated in reverse during autonomous navigation.
The speed is kept low to ensure that driving backwards does
not compromise the vehicle’s stability. Since the tunnels are
too narrow to allow turning at the end, the machine is oriented
at the nearest intersection prior to reaching the worksite,
ensuring that it is properly positioned for scaling operations.

Navigation stack. The machine is controlled with ROS2
and the Nav2 stack is used to handle navigation and path
planning. Despite Nav2 can be configured to control many
different wheeled robots, it is mainly designed for navigation
over 2D maps, which limits its use in complex environments
with several levels. This limitation does not pose an issue on
short-range tasks where the 3D map can be flattened to 2D, but
challenges arise on longer routes that encompass significant
variations on height. Underground mines typically consist
of roads networks distributed across multiple vertical layers,
requiring path planning to account for connectivity between
these levels to enable navigation. To address this, the system
employs a stack of 2D maps (slices of the 3D environment).
These maps are dynamically updated based on 3D localization
estimates provided by G-Loc, ensuring consistency between
layers and accurate positioning across the entire mine.

V. EXPERIMENTS

To validate the proposed system, we provide results from
experiments conducted in the Kemi Mine using a prototype of
the scaling machine. These experiments focus on evaluating
the mapping and localization algorithms —crucial components
that must be verified prior to full-scale autonomous operation.



Fig. 7. (a): 3D model of a section of the Kemi Mine, with height indicated
by the colormap. The green line represents the ground-truth trajectory along
the center of the gallery, extracted from the BIM model. (b) RMSE error of
the robot’s localization along the trajectory (in m).

A. Mapping

In order to create a 3D model of the mine that could later
be exploited for online localization, LG-SLAM was deployed
on the prototype scaling machine during field experiments at
the Kemi mine. To evaluate the performance of the algorithm,
several sequences were recorded in different areas of the mine,
which were lated fed to the SLAM algorithm. Figure 1 shows
the built model for one of the experiments: a tunnel with
several galleries covering over 1 km and a height variation of
100 m (see bottom left view). This figure highlights the level
of detailed achieved in the 3D reconstruction. To evaluate the
geometric accuracy of the models, we compared them against
ground-truth data extracted from the BIM, which included
trajectories along the center of the gallery. Figure 7(a) presents
an overview of the constructed model alongside the ground-
truth data, shown in green for visual comparison. Figure 7(b)
contains the Root Mean Square Error (RMSE) along the route.
The average RMSE was 0:263 m. In addition, an extended
trajectory covering 6 km with a height difference of 570 m,
was evaluated to assess the performance of the method in
large-scale runs. The resulting 3D model is presented in Figure
8, which provides an overview of the scale of the mapped
region. The RMSE values were comparable to those obtained
in the previous experiment (i.e., cm-level accuracy).

B. Wi-Fi Localization

The Wi-Fi scanning functionality was implemented directly
in the Wi-Fi router, which conducted scans twice a minute
to collect RSSI data from all detectable APs. The Wi-Fi
localization module was integrated into the fault-tolerant edge
computing architecture as a non-critical service. The exper-
iment was conducted at the Kemi Mine, simulating typical
vehicle movement through the operating tunnels. It lasted
nearly one hour, covering a total route length of 7 km through
frequently used tunnels. Figure 6 shows the probability, at a
given instant, that the robot is near one of the pose-graph
nodes, calculated from the data recorded along the route. This
probability reduces the localization search space by focusing
only on the most likely candidate nodes, enabling the robot’s

Fig. 8. 3D reconstruction of a large section of the mine that covers 6 km of
tunnels and galleries. The colormap indicates height.

perception to be aligned with the most probable positions.
Figure 9 illustrates the distribution of AP detection throughout
the test route, offering a temporal analysis of localization
availability during the test, which accounted for 82% of the
total route length. The localization failures were concentrated
in specific regions of the mine, suggesting the need for
further investigation into the causes and the limitations of the
proposed model. An unexpected finding was the significant
number of unknown APs detected throughout the mine tunnels.
Identifying, localizing and managing these APs could further
improve the effectiveness of this method in the Kemi Mine.

C. Map-based Localization

Finally, G-Loc was evaluated during online operation to
assess the quality of the real-time localization estimates. In
this experiment, we employed data from a previous sequence
to build a prior model of the region of interest (see bottom right
view in Figure 10). This region partially overlaps at the end
of the sequence with the one shown in Figure 1, and the total
length of the trajectory is 1:5 km with 200 m height variation.
After obtaining the 3D model, it was provided to G-Loc for
online operation while the prototype followed a different route.
This allowed the system to accurately localize the machine
within the prior model, thereby facilitating reliable navigation.
The method demonstrated strong performance in maintaining
localization throughout the entire trajectory, seamlessly inte-
grating LIO measurements and cloud-to-map scan registration.
In this experiment, the initial pose was manually specified.
Figure 10 illustrates an example of the operation. The online
merged point cloud from the two LiDARs is shown in green,
while the prior 3D reconstruction appears in red. The estimated
localization and the active graph are represented in blue.

V1. CONCLUSIONS

In this work, we have presented preliminary results from
the retrofitting of a scaling machine for autonomous operation
in an active mining environment. Our approach integrates
state-of-the-art SLAM and map-based localization algorithms,
demonstrating robust performance under the challenging con-
ditions typical of underground mines. The system achieves
accurate and reliable localization within a previously-built



(4]

[5]

[6]

[71

(8]

Fig. 9. Wi-Fi AP detection over time during the experiment. Black dots

represent known APs (for localization), while green dots represent unknown
APs.

[9]

Red bars indicate localization failure due to the absence of known APs.

[10]

[11]

[12]

[13]

[14]
Fig. 10. Online operation of G-Loc in the Kemi Mine, where the prior model
contains a point cloud (red) and a reference pose-graph (orange). Nodes are
represented by squares and the edges by the lines connecting them. The active 15
graph (blue) contains vertices from both the reference graph and the online (15]
session. The most recent point cloud (online) is shown in green.

[16]
map, forming the basis for safe autonomous navigation. Exper-
imental evaluation, incorporating both quantitative and quali- 7]
tative results, demonstrates the effectiveness of the proposed
method in a real-world deployment. Although full autonomous
navigation has yet to be demonstrated, the current results [18]
provide a solid foundation for its future integration. Future
work will involve further assessing the performance of the [19]
localization system and its integration with the navigation
framework to support full autonomy. This work also paves [5q
the way for long-term localization capabilities, enabling new
unexplored areas to be integrated into the existing model. [21]
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