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ABSTRACT

This paper presents a simulation platform developed
to support battery-aware operation and energy
optimization of electric off-road vehicles used in quarry
environments. The platform integrates Monte Carlo
simulations of hauling with battery degradation models
to assess the impact of different charging strategies and
duty cycles on energy consumption and battery health.
By simulating various operating scenarios, the platform
enables analysis of hybrid charging policies, such as
cycle-based and max-based charging, for both small and
large quarry operations. The results demonstrate how
informed operational planning can improve energy
efficiency and contribute to more resilient and
sustainable industrial transport systems.
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1. INTRODUCTION AND RELATED WORK

The quarrying and mining industry is under
increasing pressure to enhance sustainability, reduce
greenhouse gas emissions, and improve operational
efficiency. Traditionally dominated by diesel-powered
fleets, the sector is transitioning toward digitalization
and electrification to meet climate goals, regulatory
demands, and operational resilience [1, 2]. As quarries
evolve into complex cyber-physical systems, the
integration of simulation platforms and digital twins
(DTs) is becoming essential to support decision-making
at multiple levels, from strategic planning to real-time
control [3, 4].

Electrification, particularly through battery-electric
off-road vehicles (BEVs), offers opportunities for
reducing carbon emissions and improving energy

efficiency. However, the integration of BEVs introduces
challenges, including limited range, charging
requirements, and battery degradation over repeated
cycles, which complicate operational decision-making
under stochastic loads [5-7].

Simulation has long been applied in mining for fleet
scheduling, truck—shovel interactions, and process
optimization [8, 9]. More recently, digital twin (DT)
frameworks have enabled real-time data integration and
continuous  model calibration,  though most
implementations focus either on equipment-level
processes or fleet-level haulage, often treating machines
as black-box resources with statistical cycle times [10].
Multi-level approaches integrating component-level
dynamics (e.g., battery degradation) with site-level
operations remain rare. Bertoni et al. [3] and Qu et al.
[12] highlight the need for holistic DTs that connect
machine subcomponents, operational cycles, and site
performance metrics, particularly in electrified,
sustainable operations.

Habbab et al. [11] introduced a multilevel modeling
framework for quarry operations, spanning machine
components, operational cycles, site-level processes,
and strategic planning. While conceptually robust, it
lacked software implementation capable of handling
discrete-event processes, continuous dynamics, and
battery-aware decision-making. Recent work proposed
energy-efficient motion planning for autonomous
battery-powered vehicles using stochastic hybrid model
[13], but few studies incorporate probabilistic evaluation
of charging strategies or integrate SoC/SoH dynamics.

This paper addresses these gaps by presenting a
modular simulation platform that: (i) enables quarry
topology creation, fleet and work plan assignment, and
subcomponent-level modeling; (ii) integrates physics-
based and data-driven battery models into a DES
environment; (iii) supports probabilistic optimization of
charging policies via Monte Carlo simulations; and (iv)
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provides dashboard-based visualization of both system-
level KPIs and component-level performance, advancing
digital twin capabilities for battery-aware, sustainable
quarry operations.

The remainder of this paper is structured as follows:
Section 2 describes the proposed simulation platform.
Section 3 formulates the probabilistic optimization
problem for battery-aware decision-making under
uncertainty with the adopted solution. Section 4
presents a case study and results comparing different
charging strategies. Finally, Section 5 concludes the
paper with key insights and future extensions.

2. THE SIMULATION PLATFORM

The proposed simulation platform builds directly on
the multilevel modeling framework introduced by
Habbab et al. [11] and the integrated simulation
framework developed for construction site operations by
Fattouh [14]. Whereas the earlier works primarily
established the conceptual basis for integrating different
modeling paradigms into complex industrial sites, the
present work extends this vision into a fully modular
platform for quarry site operations. The central objective
of the platform is to provide a unified environment for
battery-aware operation and energy optimization of
electric off-road vehicles within the quarry context.

2.1 Core simulation paradigms

At the site level, the platform employs Discrete
Event Simulation (DES), implemented using MATLAB's
SimEvents, to capture the dynamics of quarry operations
such as hauling, loading, dumping, and charging. In DES,
trucks are modeled as entities that traverse a network of
servers (workstations) connected by paths representing
the quarry’s topology. This modeling approach enables
the representation of stochastic event-driven behavior,
including variability in loading times, queuing at charging
stations, and delays due to traffic at decision points.
Structuring the quarry as a discrete event system makes
it possible to evaluate a range of charging policies (e.g.,
cycle-based, max-based, or SoC-aware) under realistic
operating conditions.

At the machine subsystem level, detailed behavioral
dynamics are integrated. Here, System Dynamics (SD)
models developed in Simulink capture continuous
processes such as battery degradation, drivetrain
efficiency, and thermal dynamics. Alternatively, external
models can be incorporated, including Excel sheets with
empirical degradation curves, databases containing
telemetry from operating sites, or executable models
provided by third-party suppliers (e.g., OEM-specific

battery aging models). This modular approach allows
researchers and industrial partners to embed their own
validated models without redesigning the platform’s
architecture.

2.2 Visualization and KPl computation

To support operational analysis and decision-
making, the platform integrates a KPl computation
module alongside advanced visualization capabilities.
The KPI module calculates both operational KPls
(throughput, utilization, waiting times, productivity) and
battery KPIs (SoC distribution, depth of discharge, cycle
count, and degradation). To account for uncertainty, the
module also includes statistical analysis functions, such
as confidence interval estimation and variance analysis,
enabling robust Monte Carlo studies.

Visualization is enabled through MATLAB’s Mapping
Toolbox, which allows quarry topologies to be
georeferenced and rendered as interactive maps.
Workstations, roads, and charging stations can be
visualized, along with truck trajectories, SoC/SoH
profiles, and task allocations. This geographic
visualization also supports the incorporation of road-
specific features (e.g., gradients, distances, and surface
conditions) that directly influence travel times and
energy consumption.

2.3 Integration module

A key contribution of the platform is its modular
integration architecture. MATLAB’s shared workspace is
used to synchronize variables across Simulink and
SimEvents models, ensuring consistency in battery
states, task queues, and operational thresholds. For
distributed or hybrid experiments, the platform supports
UDP-based communication between MATLAB sessions,
enabling co-simulation across multiple computers or
seamless integration with external control modules. This
flexible design allows for collaborative development and
facilitates the incorporation of third-party optimization
algorithms or digital twin components without modifying
the core system.

2.4 Configuration and experimentation

The platform is designed for flexibility and
reproducibility. Configuration is defined through script
files, which specify:

e Quarry topology (roads, nodes, workstations).

e Fleet size and truck properties (payload, drivetrain
efficiency, battery capacity).

e Charging infrastructure (location, power rating,
gueueing rules).



e Work plans (assighment of trucks to load/dump
cycles).

e Simulation horizon and charging policy definitions
(e.g., max-charging vs. SoC-aware charging).

By separating configuration from execution, the
platform ensures that new quarry layouts, fleet
compositions, or operational strategies can be evaluated
without modifying the simulation logic itself.

2.5 Dedicated modules

In the current implementation, two major extensions
have been incorporated:

1. Battery-Aware KPI Analysis: The KPl module has
been expanded to include SoC distributions, cycle
depth statistics, and degradation estimation,
providing direct insights into how operational
policies affect battery life and efficiency.

2. Probabilistic Optimization Module: To account for
uncertainty in load sizes, travel times, and charging
demands, the platform integrates a probabilistic
optimization module. This component evaluates
alternative decision policies (e.g., whether to charge
or continue operating) under stochastic variability.
The theoretical underpinnings of this module are
described in detail in the next section.

3. PROBLEM

SOLUTION

In quarry operations, the Battery-Aware Operation
(BAO) decision arises whenever an electric haul truck
reaches a Decision Point (DP), such as before a charging
station or when selecting a haul route. At this point, the
truck must decide whether to continue hauling, return
for charging, or select an alternative route, under
uncertainty in payload, travel time, queueing delays, and
energy consumption. This naturally leads to a
probabilistic optimization problem, where the objective
is to balance productivity, energy efficiency, and battery
health.

FORMULATION AND ADOPTED

3.1 Probabilistic optimization problem

Let a € A denote the set of feasible actions (e.g.,
charge, haul from a loading station). The utility of an
action depends on random outcomes & such as
payload, travel distance, or charger availability, yielding
performance measures including delivered material,
consumed energy, cycle time, and incremental battery
degradation. The optimization can be stated as:

max E¢[U(a;$)] (1)
subject to operational and safety constraints such as
minimum state-of-charge, charger availability, and

maximum allowable delays. Here, E¢[-] denotes the
expectation over the uncertainty ¢, and U(a;¢)
represents a weighted trade-off between productivity,
energy cost, and battery degradation. In this work, a
scalar expected utility that trades productivity, energy
consumption and battery wear was adopted:

U@§) = 78 — A E@E) — Ay ASoH(a §)(2)

where P(a, &) is the cycle payload in tones, T(a,§) is
the cycle time in minutes, E(a,&¢) is the energy
required from the battery in kWh, ASoH(a,¢) is the
incremental battery degradation, and A >0 and
Ay = 0 are weights reflecting the decision maker’s
valuation of energy cost and battery degradation versus
throughput.

Actions must satisfy feasibility constraints for all or
with high probability under realizations &. Important
constraints include:

1. Battery feasibility:

E(a,
S0Che(@§) = S0Co — ke > SoCmin (3)

where SoC,i, is a safety lower bound (e.g., reserve for
return). If the right-hand side can fall below SoC;y, the
action is infeasible for that scenario.

2. Operational constraints:

e Charger availability: if action = charge, charger
must be available (or waiting incurs a delay
captured in T(a, §)).

e Time/shift constraints: T(a,¢) < Tiemaining-

3. Chance constraints:

Often it is acceptable to require feasibility with high
probability a € (0,1):
Pfr (SoCpext(a, f) 2 S0Cpin) = 1-¢€ (4)

with tolerance € small (e.g. 0.05). Chance constraints
can be enforced approximately by scenario sampling.

3.2 The sample average approximation solution

Since analytical evaluation of expectations is
intractable, a scenario-based solution is proposed,
where the stochastic variables are sampled and
outcomes are evaluated using the integrated simulation
platform. This Sample Average Approximation (SAA)
approach provides an empirical estimate of expected
utility and feasibility, enabling robust action selection
under uncertainty [15, 16]. The advantage of this
approach is that it leverages the DES and battery models
within the platform to capture queueing dynamics,
energy consumption, and degradation effects



realistically. The SAA procedure for a single-step DP is
summarized as follows [17]:
1. For each candidate action a € A:

a. Generate N independent and identically
distributed  {EW,...,EéMY} by sampling
payloads, grades, charger states, etc.

b. Foreachscenario i, runthe platform’s DES and
behavioral models (SimEvents, Simulink and
battery model) to obtain

P(a,§W),T(a,¢§V),E(a,§W), ASoH(a, §)

c. Compute sample utility U® (a) and indicator

of feasibility 1 (a) = 1{SoC, ey = SOCpmin}-
2. Estimate expected utility by the sample average:

B[U(a)] —z 09(a)

and feasibility probability pfeas(a) == Zizll(i) (a)
3. Accept only actions with Peas(a) =1 —€. From
these, select

a* = arg _max E[U(a)]

a: pfeas(a)>1 €

4. CASE STUDY

This case study focuses on a demo open-pit mine
where special autonomous, battery-electric load carriers
(LCs) developed by Volvo Construction Equipment were
deployed to transport material between a loading spot
and a dumping spot [17]. After each dump, LCs passed
through a dedicated charging station to recharge their
batteries before continuing operations. In this
demonstration, eight LCs were operated simultaneously
for approximately five hours under real quarry
conditions. To highlight the optimization needs and
illustrate the proposed simulation and decision-support
platform, we consider the detailed cycle data of one
representative LC.

4.1 Motivation for optimization

In traditional operation, charging decisions in the
demo relied on a charge-after-each-cycle strategy,
ensuring that vehicles remained above a safe state of
charge (SoC) threshold. While this policy guarantees
operational safety, it may not be optimal in terms of
productivity, energy efficiency, or battery health. For
instance, charging too frequently introduces downtime
that reduces throughput, while deferring charging may
risk deeper discharges that accelerate degradation.
Moreover, quarry conditions, including payload
variability (Fig. 1), travel time fluctuations, and stochastic
queuing at charging stations, and further complicate
decision-making. These challenges motivate the need for

a battery-aware operation (BAQO) strategy that balances
productivity, energy cost, and long-term battery health.
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Fig. 1 Hypothetical payload variation

4.2 Case study setup

Using the empirical dataset from the demo trial, the
simulation platform was configured as follows:

e Operational context: A single load—haul-dump
loop with one charging station, modeled at both
small quarry (short cycles) and large quarry (longer
trips composed of multiple small sub-cycles).

e Vehicle characteristics: Maximum payload
capacity is 15 tons, cycle times between 894 -
1101 s, and average SoC drop of 25 - 30% per trip.

e Charging policies:

1. Cycle-based: charge after each cycle (as in the
demo).

2. Max-based: charge whenever it is needed.

3. SoC-aware: charge only when SoC falls below
a critical threshold (20%).

The Monte Carlo engine generated stochastic
scenarios of payload, cycle times, and SoC drops,
capturing  operational variability. The battery
degradation model introduced gradual SoH decline
depending on the depth of discharge (DoD).

4.3 Results

The simulation outcomes highlight clear differences
between policies:
4.3.1 Productivity (Fig. 2)

The cycle-based strategy provided stable
operation but reduced throughput due to frequent
charging downtime. The max-based strategy maximized
material moved per hour but risked occasional deep
discharges. The SoC-aware strategy balanced both,
maintaining higher productivity than cycle-based while
avoiding unsafe discharges.
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Fig. 2 Productivity across charging strategies

4.3.2 Energy efficiency (Fig. 3)

Energy consumption per ton of material was lowest
under max-based charging, since fewer charging
interruptions reduced idling losses. Cycle-based charging
was more energy-intensive due to partial charges after
shallow discharges.

Energy per ton

CycleB: M Optimizeds:

Fig. 3 Energy efficiency across charging strategies

4.3.3 Battery degradation (Fig. 4 and Fig. 5)

SoH trajectories indicated accelerated degradation
under max-based policies (due to deeper cycling). The
cycle-based strategy preserved SoH but at the cost of
productivity. The SoC-aware policy offered a
compromise, achieving moderate degradation with
higher operational efficiency.
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Fig. 5 SoH trajectories across charging strategies

4.3.4 Pareto frontier (Fig. 6)

When combining these metrics into a Pareto
frontier (Productivity—Energy per ton—SoH), no single
policy dominated across all objectives. Instead, the SoC-
aware strategy emerged as the most balanced policy,
providing near-optimal productivity and energy
efficiency while limiting long-term battery wear.
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Fig. 6 Pareto across charging policies

4.4 Discussion

The case study demonstrates the practical value of
the proposed simulation and decision-support
framework. By embedding empirical data into the
platform, we were able to test alternative charging
strategies under uncertainty and quantify their trade-
offs. The results underscore that:

e Simple rules such as “always charge after each
cycle” may be safe but are suboptimal.

e Policies based on probabilistic optimization can
achieve higher productivity and energy efficiency.

e Decision-support systems are essential for quarry
operators aiming to transition towards electrified
and sustainable operations, since optimal policies
vary with site scale, operational variability, and
long-term cost considerations.



5. CONCLUSIONS AND FUTURE WORK

This paper presented a modular simulation platform
for battery-aware quarry operations, integrating
Discrete Event Simulation (DES) for site-level processes
and System Dynamics (SD) for machine-level behavior.
The platform enables realistic modeling of load—haul-
dump cycles, battery usage, and charging strategies,
while also supporting integration of external models,
statistical analysis, and advanced visualization. By
combining Monte Carlo methods with the Sample
Average Approximation (SAA) procedure, the platform
allows the probabilistic optimization of charging policies
under uncertainty, balancing productivity, energy
efficiency, and long-term battery health.

Future work will focus on extending the platform
with a data management layer for real-time telemetry
integration and a validation interface for aligning
simulation outputs with physical testbeds. These
additions will support digital twin implementations and
improve decision-making for sustainable, electrified
quarry operations. Moreover, multi-objective
optimization and fleet-level coordination will be
explored to further enhance efficiency and scalability in
industrial deployments.
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