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ABSTRACT

Underground mining operations are transitioning to battery-
electric fleets to reduce diesel emissions and ventilation re-
quirements. However, current battery technology cannot sus-
tain a full production shift in battery-electric load—haul-dump
(LHD) vehicles, forcing mid-shift charging stops or bat-
tery swaps that disrupt production. Trolley-assisted systems
(TAS) address this limitation by supplying external power
along selected route segments through two complementary
mechanisms: dynamic charging, in which an overhead cate-
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nary delivers energy while the vehicle travels, and static con-
nection, in which the LHD connects to the trolley rail dur-
ing brief scheduled stops, such as dumping. Together, these
mechanisms reduce net battery discharge and extend battery
autonomy without dedicated charging downtime. This paper
presents a simulation-based framework to quantify the oper-
ating capability of TAS-equipped LHDs and evaluate trolley-
length allocation at the production level. A physics-informed
power and energy model, built on the Sandvik LH518iB ar-
chitecture, is integrated into a route-level simulator that re-
produces a full draw-control schedule on a real Chilean cop-
per mine layout. The trolley length is treated as a configurable
design parameter and systematically varied to assess its effect
on battery autonomy, idle time, and throughput. Results show
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that TAS can eliminate mid-shift battery swaps, improve pro-
ductivity relative to battery-electric operation without TAS,
and reduce energy cost per ton by up to 75% compared with
diesel operation. Furthermore, route-to-route energy variabil-
ity motivates a two-stage stochastic optimization framework
to determine routing and charging strategies for a given trol-
ley configuration.

1. INTRODUCTION

Underground mining operations still rely heavily on diesel-
powered trackless mobile machinery, particularly for Load-
Haul-Dump (LHD) cycles (Paraszczak, Svedlund, Fytas, &
Laflamme, 2024). In confined underground environments,
diesel-based fleets impose significant operational constraints
because contaminants and heat must be continuously diluted
and removed, making ventilation and cooling critical infras-
tructure (Halim, 2017). Ventilation is among the largest en-
ergy consumers in underground mines and directly links fleet
composition to site-level energy demand and operating cost
(Souza, 2015). These factors have intensified interest in
electrification pathways that reduce ventilation requirements
while maintaining productivity (Hooli & Halim, 2025).

In this context, Battery-Electric Vehicles (BEVs) are in-
creasingly adopted because they eliminate tailpipe emissions,
including diesel particulate matter, reduce heat and noise,
and lower ventilation and air-conditioning burdens (Hooli
& Halim, 2025). Despite these advantages, the main bar-
rier to replacing diesel LHDs with battery-electric LHDs
remains a technology-maturity limitation: current battery
energy-storage and power-delivery capabilities are insuffi-
cient to support a full production shift. The energy-intensive
duty cycles of underground LHD operations, characterized
by steep grades, heavy payloads, and continuous stop-and-go
behavior, deplete the onboard battery well before shift end,
necessitating mid-shift charging or battery replacement. This
constraint is consistently identified as the primary obstacle to
large-scale adoption of battery-electric LHDs in underground
mining (Global Mining Guidelines Group (GMG), 2022).

Because the onboard energy budget is depleted before shift
completion, operations must rely on complementary charging
strategies, such as in-shift fast charging, opportunity charging
during unavoidable idle periods, or battery swapping, to close
the energy gap. Each option entails nontrivial infrastructure
and operational requirements, including power distribution,
charging-station layout, scheduling and queueing constraints,
safety considerations, and system interoperability.

Current underground electrification solutions can be grouped
into three approaches: battery swapping, fast charging, and
trolley-assisted systems (TAS). Battery swapping can re-
duce charging downtime by replacing depleted packs with
charged ones at a dedicated battery swapping station (BSS),
decoupling charging duration from vehicle operation and en-

abling replenishment within minutes (Alhazmi, 2025; Sarker,
PandZi¢, & Ortega-Vazquez, 2014). Prior work reports that
swapping reduces waiting times relative to plug-in charg-
ing and improves service availability (Ahmad, Saad Alam,
Saad Alsaidan, & Shariff, 2020), while centralized BSS op-
eration supports structured charging schedules, battery health
monitoring, and potential degradation mitigation compared
with repeated fast charging at the production level (Alhazmi,
2025; Vani, Kishan, Ahmad, & Reddy, 2024). However, bat-
tery swapping entails significant capital cost, as the battery
pack is the most expensive vehicle component. A swapping-
based strategy requires at least two full packs per vehicle (one
in operation and one charging at the station), effectively dou-
bling battery investment (Wu, 2021; Alhazmi, 2025). Be-
yond cost, large-scale deployment is hindered by the need
for dedicated infrastructure, including automated handling
systems, safety equipment, and significant space require-
ments (Wu, 2021; Alhazmi, 2025). In underground mining
environments, these spatial requirements may make battery-
swapping bays infeasible or prohibitively expensive, as avail-
able space is inherently limited and additional excavation
may compromise the long-term geomechanical stability of
the mine. Battery logistics and inventory management further
increase operational complexity (Hooli, Skawina, Halim, &
Sundqvist, 2024), while limited standardization across man-
ufacturers constrains cross-brand usability (Alhazmi, 2025).
Each swap event also removes the vehicle from production,
reducing equipment availability; when multiple swaps per
shift are required, cumulative downtime can significantly re-
duce throughput (Ahmad et al., 2020).

Fast charging refers to off-board, high-power EV charging,
typically DC fast charging (DCFC) and ultra-fast charging
(UFC), in which energy is delivered directly to the battery
at power levels of 50-100 kW, enabling substantial State-of-
Charge (SoC) recovery within tens of minutes (Zentani, Al-
maktoof, & Kahn, 2024; Mojlish, Sutanto, & Muttaqi, 2025).
Mature, standardized interfaces (e.g., CCS, CHAdeMO) sup-
port scalable infrastructure deployment (Sawant & Zam-
bare, 2024). However, in underground mining, fast charging
presents important drawbacks: repeated high-C-rate charg-
ing accelerates battery degradation through increased thermal
stress (Zentani et al., 2024), and each charging event removes
the vehicle from production. Moreover, high-power charg-
ing stations impose significant demands on the mine elec-
trical network and may introduce power-quality issues that
require grid reinforcement or local energy storage (Muttaqi,
Isac, Mandal, Sutanto, & Akter, 2024; Mojlish et al., 2025).

Finally, TAS are an electrification approach in which ve-
hicles draw electrical power from overhead catenary lines
through a pantograph while operating on specific road seg-
ments (Valenzuela Cruzat & Valenzuela, 2018). TAS can
supply energy through two complementary mechanisms. The
first is dynamic charging, in which the LHD draws power
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from the overhead catenary while traveling along an electri-
fied segment, enabling direct grid-powered traction and si-
multaneous battery charging during operation (Wei, Liu, Liu,
& Feng, 2025). The second is static connection, in which the
vehicle connects to the trolley rail during a brief scheduled
stop, for example, while dumping material, enabling concen-
trated energy transfer without a dedicated charging station or
additional downtime. Together, these mechanisms reduce net
battery discharge per cycle and extend operational autonomy
without removing the vehicle from production.

The literature identifies TAS as an effective means of allevi-
ating the energy-density limitations of onboard batteries by
reducing stationary charging requirements, enabling smaller
battery sizes, and improving duty-cycle performance and pro-
ductivity, particularly in energy-intensive applications such
as surface mining haulage (Bao, Knights, Kizil, & Nehring,
2024, 2025). Quantitative studies report benefits, including
higher uphill speeds, shorter cycle times, lower fuel or on-
board energy consumption, and lower lifecycle greenhouse
gas emissions than those of diesel-electric or battery-only al-
ternatives (Valenzuela Cruzat & Valenzuela, 2018; Wei et al.,
2025). In addition, supplying traction power directly from
the grid can reduce sustained high battery C-rate operation
and may mitigate battery degradation relative to aggressive
fast-charging strategies (Wei et al., 2025). Compared with
battery swapping, TAS avoids duplicate battery packs and the
associated capital cost while improving equipment availabil-
ity by eliminating swap-related downtime. However, TAS
requires fixed infrastructure investment, including overhead
lines, substations, and power electronics (Valenzuela Cruzat
& Valenzuela, 2018), and its benefits are limited to equipped
road segments (Bao et al., 2025). System performance also
depends on coordination among trolley availability, fleet size,
and mine or route planning, as limited access to trolley lines
can create bottlenecks and underutilization (Bao et al., 2025).
Overall, trolley assistance is effective but context-specific,
motivating hybrid BEV LHD designs that combine onboard
batteries with optimally allocated trolley segments.

In such hybrid configurations, dynamic charging delivers en-
ergy along strategically selected segments while the vehicle
is in motion, and static connections provide additional energy
during brief scheduled stops, together extending effective au-
tonomy and reducing reliance on dedicated stationary charg-
ing during production. The onboard battery preserves full-
network coverage and operational flexibility. Under this hy-
brid paradigm, the key design question is no longer whether
TAS should be used, but how limited trolley infrastructure
should be allocated and integrated to enable uninterrupted
full-shift LHD operation.

A critical gap remains in the development of formal crite-
ria and decision-support tools to quantify the energy auton-
omy of hybrid TAS-assisted BEV LHD fleets under high-

fidelity production schedules. While the benefits of TAS
are well recognized, existing research lacks methods to ver-
ify whether a given infrastructure configuration, character-
ized by total trolley length and charging power, can satisfy
shift-length requirements without mid-shift recharging or bat-
tery replacement. This limitation is compounded by the lack
of integrated frameworks for the spatial and operational de-
sign of trolley infrastructure. In particular, there is no estab-
lished approach for optimizing the allocation of a given trol-
ley length at the production level or determining the appro-
priate balance between dynamic charging segments and static
connection intervals. As a result, current assessments often
remain qualitative, and identifying the infrastructure configu-
ration required to ensure uninterrupted operation remains an
open challenge for the large-scale underground deployment
of electrified fleets. While related work by the authors in-
troduced stochastic characterization of LHD operational pro-
files (Gleisner et al., 2025), no prior publication addresses this
system-level design problem. The physics-informed power-
and-energy model employed in this paper was developed and
validated in separate ongoing work and is used here as the
computational core of the proposed framework.

This paper presents a simulation-based framework to assess
and design TAS for battery-electric LHDs in large-scale un-
derground mining, aiming to ensure full-shift energy auton-
omy without production interruptions. Total trolley length
is treated as a configurable design parameter and systemati-
cally varied to assess its effects on autonomy, idle time, and
throughput, while optimization determines routing and charg-
ing decisions for each configuration.

The proposed framework operates as an operational health-
management layer for battery-electric fleets: the State of En-
ergy (SoE) trajectory serves as a proxy health indicator that
couples battery condition awareness with routing and charg-
ing decisions. Maintaining the SoE within safe bounds and
balancing utilization across packs are health-preserving ob-
jectives, so the throughput and downtime metrics reported
here are fleet-level health-management outcomes rather than
purely productivity indicators.

The main contributions of this work are:

¢ A route-level simulation environment for realistic evalua-
tion of production rate and cycle time on a real underground
mine layout under a draw-control schedule, constituting the
first framework of this kind applied to TAS-assisted BEV
LHD fleets.

* A systematic evaluation of parametric TAS configuration
scenarios in which total trolley length is treated as a config-
urable design parameter and varied across multiple configu-
rations, including both dynamic trolley segments and static
connection intervals, to formally quantify effects on energy
autonomy, operational feasibility, and production continu-
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ity. This addresses a gap in the literature where such assess-
ments have remained qualitative.

* A comparative assessment against battery-only and diesel
baselines, quantifying autonomy and productivity metrics,
and identifying optimized routing and charging strategies
for predefined TAS configurations through the proposed op-
timization framework, providing decision-support criteria
for infrastructure sizing currently absent from the state of
the art.

Section II introduces the autonomy and modeling founda-
tions of this study; Section III describes the experimental
setup, including the physics-informed model, route-level sim-
ulation framework, and stochastic optimization formulation;
Section IV presents the optimization results and comparative
assessment; and Section V concludes the paper and outlines
future research directions.

2. THEORETICAL BACKGROUND

This section introduces the theoretical foundations of the
simulation-based autonomy assessment developed in Sec-
tion 3. In particular, it defines an energy-domain battery
state variable suitable for shift-level evaluation and summa-
rizes the main principles of electromechanical modeling for
battery-electric LHDs. These foundations link operational
cycles (haul, dump, return) and route constraints to battery
power demand, which is later used to estimate autonomy un-
der trolley-assisted operation.

2.1. State of Energy (SOE)

Battery autonomy in underground mining is governed by the
energy balance accumulated over repetitive operational LHD
duty cycles. During a production shift, the battery is sub-
jected to highly variable power demand driven by haulage
ramps, payload changes, stop-and-go behavior, and auxiliary
loads. Under these conditions, an energy-based state variable
provides a direct measure of the remaining energetic margin
available to sustain traction and auxiliary requirements.

The State of Energy (SOE) is commonly defined as the ratio
between the remaining usable energy and a reference maxi-
mum usable energy:

Erem (t)

1
B’ ey

SoE(t) =
where Fyom (t) denotes the remaining usable energy at time ¢,
and Fp .« is the maximum usable energy under the adopted
operating assumptions (e.g., voltage bounds and admissible
power limits) (He, Zhang, Xiong, & Wang, 2015; Liu, Wu,
Zhang, & Chen, 2014).

A practical model for SoE is obtained from the battery elec-
trical power balance. Using the sign convention Py,¢(¢) > 0
during discharge and P;,¢(t) < O during charging, the re-

maining energy evolves as:

t

Erem (t) = Erem (t()) - Pbat (’7') dr. (2)

to
This formulation directly supports route-based evaluation by
naturally incorporating both energy expenditure and energy
recovery/supply events (e.g., regenerative braking or trol-
ley charging) (Rozas, Troncoso-Kurtovic, Ley, & Orchard,
2021).

2.2. Markov-Chain Velocity Model

Vehicle velocity profiles in stochastic environments can be
modeled using Markov chains, which provide a probabilistic
framework for sequential processes. A discrete-time Markov
chain is defined by a finite set of states and a transition proba-
bility matrix P, where each element P;; represents the prob-
ability of transitioning from state ¢ to state j. In its classical
form, the evolution of the system is given by:

P(Xyy1 =j | Xy = 1) = Py, 3)

which satisfies the Markov property, whereby the future state
depends only on the current state (Zhao, Li, Zhao, Ke, &
Wang, 2022).

In this work, the transition dynamics are extended to include
state-dependent variables. Specifically, the Markov chain is
conditioned on the vehicle’s velocity vy, acceleration ag, and
cumulative distance dy, yielding:

P(Xpt1 =7 | X =1, vk, ak, di), €]

where X}, represents the discrete acceleration state at time
step k (acceleration, deceleration, or constant speed). This
formulation defines a non-homogeneous, context-dependent
Markov process in which transition probabilities vary with
the current operating conditions.

While the Markov chain governs the evolution of discrete ac-
celeration states, the acceleration magnitude within each state
is modeled as a continuous stochastic variable. Specifically,
the acceleration is sampled from a conditional distribution:

ar ~ f(a | vg), 4)

where f(-) is an empirical distribution derived from opera-
tional data.

The continuous vehicle dynamics are obtained by embedding
this stochastic process in a state-space model based on New-
tonian mechanics:

Vg1 = Uk + apAt, (6)

1
Tht1 = T + VAL + iakAtQ, @)

where vy, and x; denote the velocity and position at time step
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k, respectively, and At is the sampling interval of the sample
acceleration distribution.

This hybrid formulation, combining a context-dependent
Markov process with a continuous state-space model, enables
the generation of stochastic velocity trajectories that capture
both the probabilistic nature of driving behavior and the un-
derlying vehicle dynamics. By repeatedly sampling from
transition probabilities and conditional acceleration distribu-
tions, a large number of possible trajectories can be generated
via Monte Carlo simulation, enabling exploration of feasible
operating conditions and statistical characterization of system
behavior under uncertainty (Gleisner et al., 2025).

2.3. Electromechanical Modelling

Electromechanical modeling refers to the development of a
physics-consistent, control-oriented representation of a vehi-
cle that couples its mechanical motion to the electrical power-
conversion processes that supply traction. For a battery-
electric LHD operating underground, the purpose of this
modeling framework is to reproduce, with sufficient fidelity,
the vehicle response over repetitive operational cycles (haul-
dump-return) and to estimate the instantaneous battery elec-
trical power demand throughout an entire shift. The result-
ing battery power trajectory provides the required input to
energy-domain autonomy calculations (cf. Section 2.1).

In an electromechanical model, the longitudinal dynamics are
driven by a force balance of the form (Guzzella & Sciarretta,
2007; Larminie & Lowry, 2012):

mv(t) = FtraC(t) - FreS(t)v ¢))

where m is the LHD mass, defined as m.., (unloaded) or
Myeh +Mpayload (l0aded), v is the longitudinal speed, Fi ac is
the traction force delivered at the wheels, and F.s represents
the aggregated resistive forces. In underground hauling, Fies
is commonly dominated by grade-related components during
ramp ascent/descent, rolling resistance, and speed-dependent
drag, and can be expressed as:

1
Fres(t) = mgsin 0(t)+C,..-mg cos 0(t)+ §pAC’dv2 t), (9

where 0(t) is the route grade, C,., is the rolling resistance
coefficient, p is air density, and A and C, represent the refer-
ence area and drag coefficient, respectively. Vehicle dimen-
sions and configuration influence both A and the equivalent
resistive terms, and are therefore relevant parameters in real-
istic LHD modeling (Larminie & Lowry, 2012; Guzzella &
Sciarretta, 2007).

Traction force is generated from wheel torque:

Fusae(t) = Loeatl®), (10)

T'wheel

where ryheel 1S the effective wheel radius. Wheel torque is
linked to motor torque through the driveline, which typically
includes gearbox reduction and mechanical losses:

Twhccl (t) ~ MNdrv G Tmotor (t) ) (1 1)

with G the gear ratio and 74, the drivetrain efficiency. In
practice, driveline modeling may also incorporate inertias and
compliance, which influence torque transients and therefore
impact power peaks and energy consumption over short in-
tervals (Guzzella & Sciarretta, 2007).

A defining characteristic of electromechanical modeling is
the explicit inclusion of the control layer and its dynamic re-
sponse. Rather than assuming instantaneous torque delivery,
the commanded traction is mediated by nested control loops
(e.g., speed tracking and torque/current regulation) that can
be approximated by transfer functions or state-space repre-
sentations. A standard conceptual structure is:

Cy(s) Cr(s)

Uref(t) Tref (t) Tmotor(t)a (12)
where C,(s) and Cr(s) denote the outer speed controller and
inner torque/current controller, respectively. This represen-
tation enables modelling realistic tracking performance and
actuator limitations, including saturation constraints such as:

|Tmotor(t)‘ S Tmax (Wmotor(t))a ‘Pmech(t)| S Pma.)u (13)

which are critical for heavy-duty mining cycles where torque
demand can remain high for sustained ramp segments.

Furthermore, realistic traction modeling must account for
tire—ground interaction phenomena, particularly tire slip. Un-
der low-adhesion conditions (dust, wet ground, uneven sur-
faces) or high torque requests, the longitudinal traction force
may be limited by friction and slip dynamics. A common
approach is to compute traction as a function of slip ratio
using empirical tire models (Pacejka, 2005):

Firac(t) = f(r(1), F1(t)), (14)

where F’, is the normal load. In an electromechanical sim-
ulation, incorporating slip is important because it constrains
achievable acceleration and can increase losses and energy
expenditure, especially in aggressive transients or ramp haul-
ing.

where 7cec represents the aggregated efficiency of the
inverter—motor system and P,y captures non-traction loads
relevant to the LHD (e.g., thermal management, onboard
electronics, and auxiliary subsystems) (Larminie & Lowry,
2012; Guzzella & Sciarretta, 2007). Because Pt (t) is com-
puted at each time step of the cycle, the electromechanical
model provides a high-resolution representation of how route
geometry, payload-dependent resistance, drivetrain limits,
and control actions translate into battery energy depletion
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over the shift. Consequently, autonomy can be evaluated in
a physically consistent manner by integrating Pt (¢) within
the SoE dynamics.

3. METHODOLOGY

The overall methodological framework adopted in this work
is illustrated in Figure 1, which integrates data-driven model-
ing, physical system representation, and stochastic optimiza-
tion for decision-making under uncertainty.

3.1. Stochastic Optimization

Based on the preliminary analysis presented in the following
section, an optimization framework is required to properly
determine the routes to be taken, particularly along segments
where energy regeneration occurs. To accurately reflect the
operational capabilities of the electric LHD, the operating
strategy must be rigorously optimized while accounting for
range limitations and charging logistics. Accordingly, a two-
stage stochastic optimization model was developed to govern
routing and battery-replacement decisions, ensuring robust-
ness to uncertainty in energy consumption in underground en-
vironments. In this preliminary study, the trolley system con-
figuration, namely rail length and substation power, is treated
as configurable design parameters and systematically varied
to assess their impact on system performance. The primary
objective is to test the hypothesis that optimization is nec-
essary to fully exploit the system’s operational capabilities.
This allows operational decisions to be optimized without
prematurely addressing infrastructure design. Joint optimiza-
tion of infrastructure sizing and operation is therefore left for

future work, once the need for an optimization-based operat-
ing strategy has been validated.

The mathematical formulation begins by defining the opera-
tional domain and the associated parameters, which are sum-
marized in Table 1. The numerical values of the cost coef-
ficients are not explicitly specified, as they depend on the
internal economic conditions of each mining operation. In-
stead, the model relies on the relative magnitude of these co-
efficients to guide the optimization. In particular, the cost
structure is defined such that energy injection via opportunity
charging is always preferred when feasible, whereas battery
swapping occurs only when no viable charging alternative is
available.

Although the cost values are not explicitly quantified, battery
swapping is intentionally assigned a high relative cost. This
reflects the substantial capital and operational effort required
to implement swapping infrastructure in underground envi-
ronments, where space constraints and existing mine layouts
are not typically designed to accommodate dedicated swap-
ping bays. In practice, these spatial limitations may make
such installations infeasible or excessively costly. Further-
more, battery packs constitute one of the most significant cap-
ital expenditures in electric mining operations. Accordingly,
strategies that reduce the number of batteries required (ideally
to fewer than two per vehicle) are inherently favored within
the proposed framework, as they directly reduce both capital
requirements and operational complexity. This also justifies
the additional capital investment associated with TAS infras-
tructure, as in-route energy injection reduces reliance on bat-
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Figure 1. Overall methodological framework of the proposed approach. The pipeline integrates data-driven characterization of
vehicle dynamics, electro-mechanical modeling, and a two-stage stochastic optimization model for route and energy manage-

ment under uncertainty.
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Table 1. Sets, parameters, and decision variables of the opti-
mization model.

Symbol Description Index / Unit
Sets and indices

B Batteries b

R Feasible routes T
RyCR Feasible routes associated with extraction point f T
C={1,...,N} Operating working cycles c

F Extraction points f
Parameters

Phiroliey Trolley power kW

LRail Trolley rail length m

Emax Maximum battery energy kWh
Erm Minimum battery energy kWh

Eg Initial energy of battery b kWh

I3 Energy consume on route r by battery b in scenario w kWh
Nswap Maximum number of swaps allowed -

gmax Maximum waiting time per cycle h

dump Dumping time per cycle h

n Battery efficiency -

Cg Cost per swap event USD/swap
Crwh Cost of energy inyection USD/kWh
MW Upper bound on total waiting energy -
Decision variables

Ty.c Selection of route 7 in cycle ¢ binary
af.c Visit to extraction point f in cycle ¢ binary

Se Swap occurrence in cycle ¢ binary

Ey . Energy of battery b at the beginning of cycle ¢ kWh

Eg/‘; Energy obtained through waiting in cycle ¢ kWh

Ebf’C Energy obtained through out the dumping in cycle c ~ kWh

Up.c Linearization of sc Ep kWh

tery swapping and, consequently, the total battery capacity at
the fleet level.

The objective function, defined in Eq. (15), minimizes the ex-
pected total operational cost. This cost comprises two main
components: the cost associated with battery replacement
events (swaps), Cg, and the cost of energy injection Cyyp,.
The latter is further divided into two terms. Energy obtained
during idle waiting is assigned a higher penalty to prioritize
energy injection during load dumping, since this does not re-
duce productive time. Investment costs associated with in-
stalling the trolley infrastructure are not included, as this for-
mulation focuses solely on the operational stage.

min CSZ Sc+Ck‘WhZaw QZZE&UJ

ceC weN beB ceC

DD B

beB ceC

s)

The optimization is subject to a set of operational and physi-
cal constraints. Regarding the first-stage decisions, Egs. (16)
through (20) enforce the logistical logic of the mining pro-
cess. Specifically, exactly one route must be selected per cy-
cle (Eq. (16)), and the vehicle must be assigned to exactly
one extraction point per cycle (Eq. (17)). Let Ry C 'R de-
note the subset of feasible routes associated with extraction
point f. The selected route must be consistent with the as-
signed extraction point, as enforced by Eq. (18). Furthermore,
the total visits to each extraction point must match the sched-
uled demand Ny (Eq. (19)), and due to geomechanical con-

straints, the vehicle is restricted from visiting the same extrac-
tion point for more than three consecutive cycles (Eq. (20)).

Y =1, Veec (16)
TeER
> ape=1, VeecC (17)
feF
> re=as., VfEF ceC (18)
reRy
> aje=Ny, VfeF (19)
ceC

3
> aeri<3, VfeFe=1,..,N-3 (20)
=0

Additionally, the total number of battery replacements per-
mitted over the entire horizon is bounded by Ngyqp, as en-
forced by Eq. (21):

> 5e < Nawap @1

ceC

The second-stage constraints govern the system’s energy dy-
namics for each scenario. The evolution of the SoE is de-
scribed by the balance equation in Eq. (22), which updates
the battery energy for the subsequent cycle based on the cur-
rent energy, the energy gained during dumping and waiting
periods, the energy replenished through battery swapping,
and the energy consumed while traversing the selected route.
The consumption term &, is obtained from the scenario-
dependent energy models described previously. The route
scenarios are defined using the 10th, 30th, 50th, 70th, and
90th percentiles in order to capture both extreme and repre-
sentative operating conditions, while also enabling a direct
comparison with the preliminary study.

Ef s = Byt By + By + E™ s~ Uylo= > &yt
reR
(22)

Vobe B,Ve=1,..., N —1,Yw e

The feasible operation of the battery and the charging sys-
tem is constrained by Eqgs. (23), (24), and (25), which limit
the SoE to the battery’s capacity, the dumping and wait time
charging to the maximum power transfer capability of the
trolley connection, respectively.

Emin < E(l;u,c § [pmax (23)
0 < Elféw < tdumpnptrolley (24)
0< E;/K:w < tmawnptrolley (25)

To preserve the linearity of the model while accounting for
the conditional reset of energy during a battery swap, the bi-
linear term s.E}’  in the balance equation is replaced by the
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auxiliary variable Uy’.. This variable is constrained by the
McCormick envelopes presented in Egs. (26) through (29),
which ensure that Uy’, correctly represents the energy re-
maining in the battery at the moment of a swap.

Uy, < EMes, (26)
Ug, < EY, 27)
Ug. > B¢, — E™(1 - s,) (28)
Ug. >0 (29)

Finally, to ensure the technical feasibility of the substation
supplying the trolley system, Eq. (30) imposes an upper
bound on the total cumulative energy that can be drawn dur-
ing waiting periods across all cycles and batteries for each
scenario.

Z ZE;VC’“ < MWE™®  YueQ (30)
beB ceC

This constraint effectively limits the total waiting time and
prevents the operational strategy from relying excessively on
idle charging. The optimization problem was solved as a
mixed-integer linear program (MILP) using Gurobi, imple-
mented with the default solver settings on an Intel i19-13900K
processor.

4. RESULTS
4.1. Case Study

To conduct this case study, a hybrid data-driven and physics-
based framework was developed to model the battery power
consumption of an electric LHD. The stochastic characteri-
zation of vehicle operation was derived from operational data
collected during an electric LHD pilot at El Teniente Divi-
sion, Bajo Diablo Regimiento (Chile). Driving behavior was
modeled using a unified framework that combines clustering
techniques with a context-dependent Markov chain. Specif-
ically, acceleration and braking signals were analyzed using
dynamic time warping (DTW) and fuzzy clustering to group
cycles with varying durations into a set of representative oper-
ational modes, which define state-dependent transition prob-
abilities between acceleration regimes (acceleration, deceler-
ation, and constant speed). These transitions are conditioned
on the vehicle’s previous velocity and acceleration, as well as
the cumulative distance traveled.

Acceleration magnitudes were sampled from empirical dis-
tributions estimated from the data, while operational con-
straints, such as speed limits, geometric constraints (e.g.,
curves), and loading events, were enforced. This stochastic
framework enables the generation of multiple feasible tra-
jectories via Monte Carlo simulation, as detailed in previous
work (Gleisner et al., 2025).

The resulting velocity profiles were then used as inputs to

a physics-based model derived from the technical specifica-
tions of the Sandvik LH518iB. This model explicitly incor-
porates the main vehicle subsystems, including the number,
characteristics, and configuration of the electric motors, bat-
tery connection topology, vehicle dimensions, torque require-
ments, power electronics, and control-loop dynamics. Fur-
thermore, operational data are used to provide a stochastic
representation of peak-power events associated with bucket
operation. Specifically, these events are modeled using two
empirical distributions: one describing the number of peak
events per cycle and another characterizing the energy de-
mand of each event. In addition, the energy requirements as-
sociated with bucket loading and unloading are directly char-
acterized from the operational data, allowing the model to
capture the transient dynamics of these processes. The model
also accounts for variations in vehicle mass by updating the
payload at loading events, ensuring consistency with typi-
cal mining conditions. Due to the lack of detailed measure-
ments for auxiliary loads, such as air conditioning, steering
hydraulics, and onboard electronic systems, a constant power
consumption of 4 kW is assumed. It is important to note that
this auxiliary term does not include bucket operation, which
is modeled separately as a stochastic peak-power event, as
described above.

The total energy consumption associated with a given extrac-
tion point is defined as the sum of traction, bucket operation,
and auxiliary energy components:

Econs = Etrac + Elift + Eunload + Eau)u (31)

where Ei,,. corresponds to the energy expended in traction,
Ehige is the energy required for bucket lifting, E\nj0aq rep-
resents the energy consumed during bucket unloading, and
F.ux accounts for auxiliary loads.

To ensure the reliability of the simulation results, the model
was validated against manufacturer-provided speed and ac-
celeration data and against independent third-party studies.

Using the validated model, a full-day production schedule
(draw-control schedule), equivalent to 240 cycles and based
on a mean payload of 15.3 t, was simulated to estimate the
hourly tonnage of the electric LHD operating on a route
layout derived from Sector N21 of the Chuquicamata Mine
(Calama, Chile), where the production requirements corre-
spond to the demand of Street C1. Although the layout is
representative of realistic operating conditions, this sector of
the mine is currently under development. The layout is shown
in Figure 2. TAS infrastructure was implemented along se-
lected route segments, specifically at the dumping zones, with
a maximum electrified length of 26.5 m. This length was se-
lected as the maximum safe span for rail installation, allowing
dynamic power injection while the vehicle is in motion. Con-
sequently, net energy consumption per cycle is reduced, in-
creasing vehicle operational autonomy. The proposed frame-
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work is not restricted to this layout and can be adapted to any
underground mine given sufficient information on route ge-
ometry, production schedule, and operational parameters.

To ensure a realistic representation of the working cycle, de-
fined as traveling to the extraction point and subsequently
dumping at the dumping point, a dumping time of 10 s was
assumed. This interval corresponds to effective production
time, as it is required for normal operation; therefore, energy
injection during this period does not affect productivity. Con-
sequently, the vehicle was assumed to be charged while posi-
tioned at the dumping point, enabling more efficient use of the
trolley infrastructure. Furthermore, to account for the inher-
ent variability of individual cycles, the mean velocity profile
and mean payload were used to estimate total daily energy
expenditure.

I Road network —— Dumping points —#~ Extraction points Vehicle route | |
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Figure 2. Layout of the simulation derived from Sector
N21 of the Chuquicamata Mine (Calama, Chile), indicating
production points (shown in green), dumping point (shown
in yellow), and segments equipped with TAS infrastructure
(shown in blue and orange). Although the layout is represen-
tative of realistic operating conditions, this sector of the mine
is currently under development and not yet fully operational.

For comparative purposes, the performance of a conven-
tional diesel-powered LHD was estimated using baseline op-
erational data. The comparison was conducted based on
throughput, which was selected as the reference indicator,
given that diesel vehicles generally operate at lower maxi-
mum speeds than their electric counterparts.

4.2. Preliminary Study

As described in the methodology section and as justification
for the study presented in this article, the preliminary analy-
ses indicate that an optimization strategy is required to ensure
efficient use of the available energy. Furthermore, these anal-
yses suggest that the implementation of TAS is technically
and economically feasible.

Results are summarized in Table 2, which reports the perfor-
mance obtained for different trolley rail lengths and charging
power levels. A moderate charging rate of 0.5 C is used to
demonstrate that, even when operating below the maximum
charging capacity, the proposed model can identify solutions
that substantially improve operational performance. In addi-

tion, a dumping time of 10 s is assumed, during which the
LHD can be charged without interfering with the produc-
tion cycle. This is consistent with conventional LHD operat-
ing practice and therefore represents a realistic opportunity-
charging period rather than an idealized condition.

To formalize the energy balance at the cycle level, the net
energy consumption per extraction point is defined as

Enet = Ebase - Edump - Estatia (32)

where FEh,,se represents the baseline energy consumption,
Eq4ump 1s the energy injected during the dumping phase, and
Ftatic corresponds to the energy supplied during static wait-
ing periods.

To evaluate the system’s sensitivity to charging power, an ad-
ditional scenario with a 10% increase in charging capacity
was analyzed. The results reveal a clear relationship between
trolley rail length and the corresponding increase in vehicle
autonomy. Moreover, charging power has a key, distinctly
non-linear influence on system performance. In particular, a
10% increase in charging capacity can lead to a reduction in
idle time of up to 100%, highlighting the strong leverage of
charging power within the proposed framework.

Moreover, as shown in Table 2, a secondary decision vari-
able can further improve system performance: the static time.
This variable emerges not only as an alternative mechanism
to extend vehicle autonomy without increasing the trolley rail
length, but also as a particularly relevant strategy, given that
the zones where the trolley infrastructure should be installed
are highly hazardous. Consequently, reducing the required
trolley length while preserving autonomy has clear opera-
tional and safety benefits.

The inclusion of a static waiting time introduces an equiv-
alence between different trolley rail lengths, as shown in
Table 2, where comparable autonomy levels are achieved
through different combinations of rail length and waiting
time. Note that, in this case, the idle time equals the sum of
the battery-swap duration (0.33 h) and the total waiting time.

This observation reveals a trade-off between trolley infras-
tructure deployment and operational waiting strategies. In the
present work, however, the trolley rail length is treated as a
fixed parameter, and the optimization is therefore restricted to
operational decisions for a given infrastructure configuration.
The joint optimization of rail length and operational strategy
remains a promising direction for future research.

Although the results provide a preliminary indication of the
feasibility and potential benefits of trolley-assisted operation,
they already demonstrate that, for certain trolley lengths, the
vehicle can complete a full working day without a battery
swap, thereby avoiding the complex maneuvers and opera-
tional requirements associated with battery swaps. Moreover,
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Table 2. Operational performance for different trolley lengths and static charging times during a typical
day of operation under two charging strategies (charging power expressed in C-rate). Throughput gain is
computed relative to the diesel baseline. All trolley scenarios include energy injection during the dumping
phase by default, while any additional charging from static time is applied after this period.

Trolley rail ~ Static  Total operational Idle Battery-Swap Throughput Gain Type Charging
(m) (s) time (h) (h) (Times) (t/h) (%) Power (C)
0 - 11.55 0.00 - 317.81 0.00 Diesel Baseline
0 0 10.39 0.67 2 353.25 11.18 Electric 0.55C
0 10.06 0.33 1 364.96 14.86 Electric 0.55C
15 5 10.39 0.67 1 353.25 11.18 Electric 0.55C
10 10.39 0.67 0 353.25 11.18 Electric 0.55C
0 10.06 0.33 1 364.96 14.86 Electric 0.55C
20 5 10.06 0.33 0 364.96 14.86 Electric 0.55C
10 10.39 0.67 0 353.25 11.18 Electric 0.55C
0 9.73 0.00 0 377.46 18.77 Electric 0.55C
26.5 5 10.06 0.33 0 364.96 14.86 Electric 0.55C
10 10.39 0.67 0 353.25 11.18 Electric 0.55C
0 10.06 0.33 1 364.96 14.86 Electric 0.5C
15 5 10.39 0.67 1 353.25 11.18 Electric 0.5C
10 10.73 1.00 1 342.28 7.73  Electric 0.5C
0 10.06 0.33 1 364.96 14.86 Electric 0.5C
20 5 10.39 0.67 1 353.25 11.18 Electric 0.5C
10 10.39 0.67 0 353.25 11.18 Electric 0.5C
0 10.06 0.33 1 364.96 14.86 Electric 0.5C
26.5 5 10.06 0.33 0 364.96 14.86 Electric 0.5C
10 10.39 0.67 0 353.25 11.18 Electric 0.5C

under specific configurations, the vehicle can operate contin-
uously without incurring additional waiting times or opera-
tional interruptions.

Nevertheless, despite these promising outcomes, this analysis
alone is insufficient to conclude that a dedicated optimization
framework is necessary. This limitation arises because the
preliminary analysis is based on aggregate performance in-
dicators and does not capture how route-to-route stochastic
variability interacts with sequencing constraints over the full
production horizon. A deeper understanding of the opera-
tional dynamics is therefore required before such a claim can
be substantiated.

For this reason, Figure 3 provides further insight into the sys-
tem’s operational behavior. It compares the base case with-
out trolley assistance with a configuration including a 26.5 m
trolley rail operating at a charging rate of 0.5C (241 kW). In
the trolley-assisted case, certain routes exhibit net energy re-
generation rather than net energy consumption, particularly in
the right-hand portion of the distribution. In addition, the box
plots reveal marked route-dependent variability, highlighting
the inherent dispersion in energy requirements across operat-
ing conditions.

The variability observed in Figure 3 arises from multiple
sources. First, it reflects route-dependent variability in driv-

ing behavior, as observed in operational data, including vari-
ations in velocity and acceleration profiles. This component
is present in the base case without trolley assistance. Second,
when the trolley is introduced, the duration of the electrified
segment depends on the vehicle’s velocity and acceleration
along the section. Consequently, variations in these condi-
tions affect the time spent under the trolley line and, therefore,
the amount of energy injected into the system. In addition,
the exact moment of connection to the trolley line is inher-
ently uncertain, as neither manual nor automated connection
systems can ensure a perfectly consistent engagement point.
This further contributes to variability in the effective charg-
ing duration. Together, these effects amplify the variability
observed in the base case, resulting in a greater dispersion of
energy outcomes across routes.

It is important to note that the reported distributions are ob-
tained via Monte Carlo simulation and may therefore exhibit
slight variation across realizations. However, using a suffi-
ciently large number of simulations (1000 runs) mitigates this
effect, ensuring that the resulting distributions provide a ro-
bust representation of the system’s stochastic behavior. This
variability suggests that static or heuristic strategies may fail
to fully capture the complexity of real underground opera-
tions under TAS.

When this behavior is considered together with operational
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Figure 3. Energy consumption per route for the front battery
under the base case (no trolley assistance) and with a trolley
rail length of 26.5 m operating at a charging rate of 0.5C
(241 kW).

constraints that prevent vehicles from repeatedly travers-
ing the same routes, the limitations of non-optimized op-
erational strategies become evident. In particular, route-to-
route variability can introduce non-trivial operational con-
straints that are not adequately captured by heuristic or static
approaches. This observation highlights the importance of
adopting optimization-based strategies that explicitly account
for route-dependent energy characteristics and the intrinsic
variability of mining operations.

4.3. Optimization Results

Section 4.2 showed that route energy consumption is highly
variable and depends on both route choice and the time spent
under the trolley line. As a result, a fixed operating sequence
may lead to unnecessary idle charging or battery swaps. To
evaluate whether an optimization-based operating strategy
can recover this lost performance, two fixed trolley config-
urations are analyzed under uncertainty. For each configu-
ration, route energy consumption is represented through five
percentile-based scenarios (10th, 30th, 50th, 70th, and 90th
percentiles), which provide a compact uncertainty set span-
ning favorable, representative, and demanding operating con-
ditions. The objective is to determine whether optimized
route selection and charging decisions can maintain feasi-
ble full-day operation and reduce idle time without increasing
trolley length.

Two cases are considered. In the first case, the trolley length
and charging power are fixed at 20 m and 0.5 C (241 kW),
respectively. In the second case, the trolley length remains
fixed at 20 m, while the charging power is increased to 0.55
C (265.1 kW), consistent with the configurations presented
in Table 2. These cases were selected because they represent
challenging operating conditions in which uninterrupted full-
day operation is not directly guaranteed by the preliminary
analysis, unlike the 26.5 m and 0.55 C configuration. There-
fore, they provide a suitable basis for quantifying how much

operational improvement can be obtained through optimiza-
tion alone, without modifying the trolley infrastructure.

The system comprises two batteries, located at the front and
rear of the vehicle. Therefore, the charging strategy is con-
strained to operate at equivalent C-rates for both packs. As-
signing the full charging power to a single battery is not con-
sidered feasible, as it would accelerate imbalance and un-
even degradation, thereby compromising the long-term per-
formance of the energy storage system.

Figure 4 shows the expected SoE trajectory across all scenar-
ios, together with the uncertainty bands corresponding to the
best- and worst-case conditions. The results indicate that the
vehicle is able to maintain the SoE above the 20% threshold,
thereby reducing exposure to deep-discharge operating con-
ditions. Moreover, as observed in the Figure, the difference
between the two batteries is negligible, suggesting that the
energy management strategy can balance their utilization to
some extent. This prevents one battery from being systemati-
cally used more heavily than the other, thereby improving the
achievable operational autonomy.
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Figure 4. Expected trajectories of the SoE for the front and
rear batteries for trolley length of 20 m and trolley power of
0.5C. The envelope represents the best-case scenario (Sce-
nario 1) and the worst-case scenario (Scenario 5). The trajec-
tories are indexed by the work cycle, i.e., by the cumulative
number of load—haul-dump cycles to be completed.

Furthermore, Figure 5 indicates that the waiting time beyond
the allowable dumping window is significantly reduced com-
pared with the non-optimized case. For the representative
case, namely Scenario 3 (50th percentile), the idle time is
reduced by approximately 64%, which translates into a 4.7%
increase in throughput. The comparison is made against the
corresponding non-optimized baseline for the same 20 m, 0.5
C configuration, in which no additional battery swap is re-
quired, but an idle time of 0.67 h is still incurred. Minor
discrepancies with Table 2 may arise because Scenario 3 rep-
resents the median of the energy-consumption distribution,
whereas the preliminary analysis in Table 2 is based on av-
erage values; however, these differences are expected to be
small.
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It is important to note that although Scenario 4 (70th per-
centile) exceeds the battery-swap threshold by approximately
0.1 h, it corresponds to a high-energy-consumption condition.
Accordingly, the additional idle time can be regarded as an
acceptable operational trade-off to avoid performing a battery
swap.

2.00
[ Charging during dumping
1,75 HEER Idle time charging

1.50

1.25

Battery-swap equivalent idle time = 0.33 h
1,00 = == =

Time [h]

0.75 1

Maximum dumping
time = 0.66 h

Scenario w

Figure 5. Total time spent on charging for trolley length of
20 m and trolley power of 0.5C. The time is divided into
two components: the first corresponds to the charging time
during the dumping operation, which does not affect vehicle
throughput, and the second to the idle charging time, which
directly reduces throughput. In addition, the battery-swap
equivalence is indicated to show the point at which the accu-
mulated idle time becomes comparable to performing a bat-
tery swap.

Figure 6 presents the SoE trajectories for the second case
study, corresponding to a trolley length of 20 m and a charg-
ing power of 0.55C. As in the previous configuration, the ve-
hicle is able to complete the production plan without requir-
ing a battery swap. More importantly, the uncertainty bands
become narrower, indicating that higher charging power im-
proves the system’s ability to compensate for the inherent
variability of the operation. In addition, the final SoE of both
batteries converges to similar values, which further confirms
that the TAS contributes to balancing their utilization. This
mitigates the impact of uneven energy consumption between
batteries and prevents it from affecting operational perfor-
mance.

Furthermore, the results in Figure 7 show the same over-
all trend, with a further reduction in the idle time required
to complete the production plan without battery swapping.
In Scenario 3, the idle time is completely eliminated, yield-
ing a performance equivalent to the best trolley configura-
tion reported in Table 2. Relative to the corresponding non-
optimized baseline, this represents a 100% reduction in idle
time and an approximately 3.91% increase in throughput.

It is also worth noting that in Scenario 4 the idle time falls
below the battery-swap threshold. This indicates that even
under high-energy-demand conditions, the system can cope
and adapt without requiring a battery replacement and with-
out significantly compromising throughput.
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Figure 6. Expected trajectories of the SoE for the front and
rear batteries for trolley length of 20 m and trolley power of
0.55C'. The envelope represents the best-case scenario (Sce-
nario 1) and the worst-case scenario (Scenario 5). The trajec-
tories are indexed by the work cycle, i.e., by the cumulative
number of load—haul-dump cycles to be completed.

Taken together, these results indicate that an optimized rout-
ing strategy enables higher material throughput without re-
quiring longer trolley sections. Moreover, even in the worst-
case scenario, where idle time increases considerably, the sys-
tem still meets the daily production target without battery
swapping. This is a particularly relevant finding given the
high operational variability of electric vehicles, as illustrated
in Figure 3. The proposed approach, therefore, mitigates the
impact of this variability and provides a reliable framework
for ensuring consistent and efficient operation. In contrast, in
a battery-swap-based strategy, the variability may introduce
an additional swap, corresponding to an extra 0.33 h of idle
time, which would significantly reduce both the practicality
and the throughput of the operation.
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Figure 7. Total time spent on charging for trolley length of
20 m and trolley power of 0.55C. The time is divided into
two components: the first corresponds to the charging time
during the dumping operation, which does not affect vehicle
throughput, and the second to the idle charging time, which
directly reduces throughput. In addition, the battery-swap
equivalence is indicated to show the point at which the accu-
mulated idle time becomes comparable to performing a bat-
tery swap.
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In addition, the low computational time required by Gurobi
(Iess than 5 s on an Intel 19-13900K to solve the optimization
problem) suggests that the formulation can be extended to
a multi-stage framework. This extension is particularly rel-
evant because the worst-case scenarios shown in Figures 5
and 6 lie well beyond the battery-swap threshold. Although
their probability of occurrence is low, in such situations a bat-
tery swap would constitute the preferred operational decision.
However, explicitly enforcing this option within the current
two-stage formulation would degrade the performance of the
remaining scenarios, which represent the most likely oper-
ating conditions. A multi-stage approach, in which uncer-
tainty is progressively revealed after each cycle, would enable
dynamic adaptation of the operational strategy and thereby
avoid this trade-off.

5. CONCLUSION

The fundamental barrier to full electrification of underground
LHD fleets is that current battery technology cannot store
and deliver sufficient energy to sustain a complete produc-
tion shift. This work demonstrates that TAS provide a practi-
cal solution to this energy-capacity limitation by supplement-
ing onboard battery energy through dynamic charging along
electrified route segments and static connections during brief
scheduled stops. The inherently stochastic nature of mining
operations, driven by operational variability, changing road
conditions, and evolving production requirements, necessi-
tates adaptive real-time management of vehicle energy tra-
jectories. In this context, the results indicate the existence
of a non-trivial optimal operational solution that maximizes
throughput (t/h) for a given trolley configuration while pre-
serving the flexibility required to accommodate uncertainty.

A key contribution of this study is the formulation and ap-
plication of a stochastic optimization framework to support
decision-making on energy use and trolley deployment. The
proposed framework enables a quantitative comparison be-
tween the preliminary analysis and the performance achieved
through optimized routing and operational strategies, partic-
ularly in terms of idle time and throughput. By explicitly in-
corporating operational constraints and energy-balance rela-
tionships, the optimization provides insight into how trolley-
assisted operation can be configured to maximize battery au-
tonomy while ensuring feasible and efficient performance.
In this sense, the optimization model serves not only as a
tool to improve operational performance but also to clarify
the role of trolley assistance in mitigating the effects of in-
herent variability in electromobility for mining applications.
Equivalently, the framework can be regarded as an opera-
tional health-management layer for battery-electric fleets, in
which the SoE trajectory acts as a proxy health indicator that
ties condition awareness to routing and charging decisions,
keeping the battery within safe operating bounds while sus-
taining production.

Moreover, the explicit consideration of multiple vehicle tra-
jectories shows that, even under worst-case operating condi-
tions, the vehicle can meet the daily production target without
requiring a battery swap. Compared with battery-swapping
strategies, TAS can achieve comparable or superior autonomy
at lower capital cost and with higher equipment availability,
because it avoids the need for duplicate battery packs and
reduces downtime associated with battery replacement. Al-
though a swap may in some cases reduce total idle time, TAS
avoids these costs while still ensuring feasible operation. In
this context, battery degradation is critical, as low-probability
worst-case scenarios may become more restrictive as the bat-
tery ages. Consequently, incorporating such scenarios into
the optimization framework is essential to ensure robust and
reliable performance over the vehicle’s lifetime.

For future work, it is important to incorporate more detailed
battery-condition indicators, such as SoC and State of Max-
imum Power Available (SoMPA), to more accurately repre-
sent battery behavior under the high-power demands of this
application. In addition, extending the optimization frame-
work to explicitly include trolley rail length and power as de-
cision variables would further enhance the applicability and
practical relevance of the proposed approach. The inclusion
of battery State of Health (SoH) is also necessary to evaluate
the impact of prolonged trolley usage on battery degradation
and to quantify the potential benefits of trolley assistance in
mitigating operational limitations associated with low SoH.

Finally, a more rigorous treatment of uncertainty is required.
In the present study, the number of LHD working cycles is
assumed to be fixed; however, under real operating condi-
tions, extracted tonnage is not constant, and extraction points
are not always available, as mining conditions affect their op-
erability. This may alter the sequence in which extraction
points are visited and, consequently, the vehicle energy tra-
jectory and charging opportunities. These aspects suggest
that a multi-stage optimization framework may be required
to fully exploit the potential of TAS, particularly given the
low computational times observed in this study. In addition,
exploring alternative driving policies and their trade-offs with
trolley-assisted operation is an important direction for future
research, as different control strategies may significantly in-
fluence both energy consumption and the effectiveness of in-
motion charging, consistent with the observed trends.
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NOMENCLATURE
BEV Battery-Electric Vehicle
BSS Battery Swapping Station
DCFC  DC Fast Charging
DTW Dynamic Time Warping
LHD Load-Haul-Dump
MILP Mixed-Integer Linear Program
PHM Prognostics and Health Management

SoC State of Charge

SoE State of Energy

SoH State of Health

SoMPA  State of Maximum Power Available
TAS Trolley-Assisted System

UFC Ultra-Fast Charging
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