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This study addresses the queuing inefficiencies caused by synchronized battery-
swapping demands for electric trucks in open-pit mines. Through Discrete
Event Simulation (DES), we identified systemic bottlenecks stemming from this
synchronization. To mitigate this, we propose a hierarchical off-peak battery-
swapping scheduling framework comprising an inner-layer Mixed-Integer Linear
Programming (MILP) and an outer-layer Bayesian Optimization (BO) mechanism.
Validated through three large-scale case studies, the model achieved 65% and
80% reductions in queuing times for single and dual loading platform scenarios,
respectively, with 5.2%—5.7% improvements in transport throughput. Notably,
expanding battery-swapping stations to four achieved equivalent efficiency
gains (667 trips) as the optimization strategy (665 trips), highlighting the cost-
effectiveness of intelligent scheduling over infrastructure scaling. Furthermore,
in the third case study, by increasing loading platforms to alleviate constraints
from upstream processes, the optimized model boosts transportation trips by up
to 10%, demonstrating its capability to eliminate battery-swapping bottlenecks
and fully unlock the potential of energy replenishment workflows.

KEYWORDS

hierarchical optimization model, off-peak battery swapping scheduling, open-pit mines,
electric trucks, discrete event simulation

1 Introduction

Traditional fuel-powered mining trucks that burn diesel or gasoline emit a large
amount of pollutants such as carbon dioxide, nitrogen oxides, and particulate matter into
atmosphere (Bai et al., 2024), which exacerbates the ongoing concerns about global climate
change. In contrast, electric mining trucks are almost zero emissions as their eletricity can
be from renewable energy sources (Zhang et al., 2024). Besides, they also have an advantage
in terms of haulage costs (Lindgren et al., 2022). Hence, transport electrification in open-pit
mines is becoming a trend (Teng et al., 2024).

Despite this trend, the electrification rate of open-pit mining trucks remains
the lowest across all vehicle segments (GlobalData, 2025). This is primarily
attributed to the fact that, in the context of open-pit mines, electric-powered
mining trucks necessitate batteries of substantially larger capacity, specifically
in the range of 700-800 KWh. Even when employing fast charging technology,
it requires more than one hour for such a large battery to reach fully charged
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status. Such extend charging time significantly hinder the
production efficiency of open-pit mines. Given the number of
mining trucks, excavators, and the capacity of crushing plant, open-
pit mines aim to maximize the number of transport trips per
unit of time. If electric-powered mining trucks spend excessive
time on charging, their avaiable time for transportation is
inevitably reduced, leading to a decrease in the number of daily
transport trips.

To address the efficiency decline caused by prolonged charging
times, battery-swapping electric-powered mining trucks can be
deployed as an alternative (Vallera et al., 2021). In battery-swapping
mode, robotic arms automatically replace depleted batteries with
fully charged ones in an average of 6-8 minutes, which is
comparable to refueling times. Thus, this mode is particularly well-
suited for open-pit mining operations (Zhu et al., 2023), where
stringent demands for rapid energy replenishment are critical.
The Chinese open-pit mining sector currently has thousands of
battery-swap-capable electric haul trucks in active service.

However, battery-swapping electric mining trucks differ
significantly from conventional diesel haulers in terms of
operational constraints such as range limitations, the need for
battery-swapping infrastructure, and fleet management logistics.
Traditional dispatch strategies designed for fuel-based fleets are
thus ill-equipped for battery-swapping operations, potentially
resulting in suboptimal productivity and elevated haulage costs.
Therefore, an optimized dispatch model tailored to these electric
trucks is essential (He et al., 2017; Xu et al., 2019).

Recognizing this challenge, researchers have proposed various
multi-objective scheduling models to address diverse operational
demands. Zhan et al. (2022) conducted a comprehensive
review of optimal charging scheduling strategies for battery-
swapping stations. The main optimization objectives involved are
minimizing operational costs (e.g., charging expenses and battery
degradation), maximizing grid stability (peak shaving, renewable
energy integration), ensuring user satisfaction (reduced waiting
time, service availability) and managing uncertainties in battery
swapping demand. Deng et al. (2023) provided a cost-effective
framework for the design of battery-swapping station tailored to
logistic fleets of electric trucks, integrating battery degradation
dynamics and practical charging constraints. The proposed
management strategy enhances battery lifespan and reduces
lifecycle costs, supporting sustainable electrification of freight
transport. Sun et al. (2024) proposed an effective battery-swapping
dispatch framework for a self-sustained highway energy system,
focusing on balancing battery supply-demand dynamics between
battery-charging and batteryswapping stations, while minimizing
total transportation costs. To begin with, a deep-learning-based
spatiotemporal traffic flow network was designed to accurately
forecast the demands, thereby providing a crucial foundation
for the subsequent model decisions. Subsequently, a battery-
swapping dispatch model was formulated, as an extension of
vehicle routing problem. It comprehensively considers multiple
cost factors, including the routing cost, which is determined by
the distance traveled and a fixed cost per kilometer; the cost
associated with the degree of satisfaction, which is contingent upon
the accuracy of demand prediction; and the cost of using battery
trucks. Concerning the short-term prediction of battery-swapping
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demands for passenger electric vehicle, Wang et al. (2023) also
proposed a series of deep learning modles. A real-world dataset
containing 2,529 battery-swapping events collected from 36
battery-swapping stations in Beijing was utilized to train these
modles. Wang et al. (2024) pointed out that high investment
costs and suboptimal operational strategies hinder the profitability
of battery-swapping stations for heavy-duty electric trucks. To
address these challagens, they proposed a novel scheduling
method and a two-layered optimization framework to enhance
the performance of battery-swapping stations, while integrating
photovoltaic systems for cost-effectiveness. Yang et al. (2024)
presented an online scheduling framework to dispatch batteries
between battery-charging stations and battery-swapping stations
efficiently, combining partial delivery logistics and real-time
optimization to enhance operational flexibility and reduce costs.
The proposed solving algorithm balances computational efficiency
and solution quality, making it suitable for practical electric vehicle
infrastructure management. Besides, the solving algorithm is
embedded in a rolling-horizon framework with the introduction
of dummy copies, which enables the algorithm to tackle future
uncertainties in the prediction of battery demands. Regarding
the same type of problems within this battery-swapping-charging
system, Zhang and Wang (2016) proposed a two-direction
model which is solved by particle swarm optimization(PSO)
method to reduce transportation cost. Huang et al. (2021)
established a nonlinear Mixed-Integer Programming model
considering dynamic electricity prices to determine the optimal
charging schedules for batteries in battery-charging stations and
transportation schedules for the dispatch of batteries. Ban et al.
(2021) focused on battery-swapping-charging system composed of
multiple nanogrids and battery-swapping stations. The system aims
to enhance energy supply cleanliness and promote transportation
electrification by aggregating distributed renewable energy sources.
The authors established a joint optimal scheduling model based
on mixed-integer linear programming, which takes into account
battery charging/discharging in the battery-swapping stations,
battery swapping among individual units, and the vehicle routing
problem of battery transporters. To simplify the model, several
pre-processing technologies and assumptions are employed,
such as setting dummy copies and discretizing the planning
interval. Besides, Jordehi et al. (2021) investigated the placement
of battery-swapping stations in microgrids with various renewable
energy sources. The authors formulated a nonlinear Mixed-Integer
Programing model considering multiple constraints. Case studies
show that location of battery-swapping stations significantly
impacts operation cost of microgrids. From the perspective of the
battery-swapping scenario of electric trucks in open-pit mines, the
work by Xiao et al. (2024) is the most related one. The authors
proposed a multi-objective scheduling optimization model, aiming
to minimize total haulage cost and total waiting time during a
single shift(about 8 hours). The model takes into account unique
features like battery-swapping alerts, station selection, and the
impact of ambient temperature on battery capacity.

While prior studies have established foundational frameworks
for developing battery dispatch strategies in open-pit mine
electric haulage systems, our comprehensive literature review
reveals a critical gap in real-time scheduling optimization for
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battery-swapping operations. The most related research (Xiao
et al., 2024) appears predominantly focused on static scheduling
models, leaving dynamic operational scheduling with fluctuating
energy demands substantially underexplored. This gap becomes
particularly acute in scenarios characterized by high-density truck
deployment coupled with insufficient swapping infrastructure,
where limited battery inventory at individual stations creates
operational bottlenecks. Such resource-constrained conditions
inevitably lead to queuing inefficiencies during peak demand
periods, adversely impacting overall productivity through extended
equipment downtime. In response to these operational challenges,
this study proposes a hierarchical scheduling optimization model
with queuing time minimization as its primary objective. The
core architecture comprises of an inner-layer of Mixed-Integer
Linear Programming (MILP) and an out-layer of Bayesian
optimization (BO). This two-layer design resolves multi-truck
coordination complexity in battery-constrained scenarios while
keeping computations feasible via reduced parameter space. To
formulate the inner MILP, the planning interval is discretized (Ban
et al., 2021). In a sort of way, this pre-processing technology can
also enables decision-making under uncertainly.

The remainder of this paper is structured as follows. Section 2
deconstructs the operational workflow of battery-swapping electric
trucks in open-pit mines, followed by a Discrete Event Simulation
(DES) to quantify bottlenecks under varying truck densities
and station capacities. Section 3 formulates the hierarchical
optimization framework. Section 4 validates the framework
through several case studies, benchmarking its efficacy against
conventional scheduling strategies via several metrics (such as total
trips and waiting time at the battery-swapping stations). Section 5
concludes with theoretical and practical implications.

2 The workflow in open-pit mines

2.1 System description

The transportation system with battery-swapping trucks in
open-pit mines comprises multiple operational nodes, including
loading platforms, unloading zones, and battery-swapping stations.
Electric haul trucks cycle continuously between these nodes to
transport materials while periodically requiring battery exchanges
at designated swapping stations, as depicted in Figure 1.

In line with the workflow depicted in Figure I, a simple
scheduling method for mining truck battery swapping functions
as follows. Once unloading is completed, the system assesses
whether the truck’s remaining battery capacity can support one
more haul cycle. If it can, the truck is sent to continue its hauling
operations. If not, it is routed to the battery-swapping station with
a shorter queue for battery replacement. At the station, trucks in
the queue are served strictly on a first-come-first-served (FCFS)
basis, without considering any operational priority levels. However,
this straightforward scheduling approach may give rise to two
issues. Firstly, when the battery depletion moments of a large
number of mining trucks approach simultaneously, these trucks
will flock to the battery-swapping stations for battery replacement.
Due to the limited capacity of the battery-swapping stations and
the finite number of fully charged batteries, long queues will be
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formed, which will affect the operational duration of the mining
trucks and cause traffic congestion around the battery-swapping
stations. Secondly, FCFS basis is suboptimal and as a result, the
total queuing time for battery replacement of the entire fleet may
be excessively long.

2.2 Discrete event simulation of the system

Discrete Event Simulation (DES) is a computational modeling
approach that mimics the dynamic behavior of complex systems
by simulating discrete events (e.g., task arrival, service completion)
occurring at specific time points (Banks et al, 2013). Unlike
continuous simulation, which models systems with smooth state
changes (e.g., fluid flow), DES focuses on abrupt state transitions
triggered by events. For example, in mining truck scheduling, DES
tracks when trucks arrive at battery-swapping stations, how long
they queue, and when they resume hauling, considering random
battery depletion times and station capacities (Huayanca et al,
2023). Such a simulation can help identify bottlenecks and improve
resource allocation.

In this paper, we conduct a discrete event simulation (DES)
to model the workflow in open-pit mines. The parameter
configurations for the simulation are summarized in Table I.
These settings are based on an actual open-pit coal mine and
the work by Huayanca et al. (2023). The simulation framework
encompasses three interconnected processes: loading, unloading,
and battery-swapping. Initially, all trucks—equipped with a preset
state of charge (SoC)—depart from the unloading zone and travel
to designated loading platforms. Upon arrival, trucks queue at
the loading platform until they are loaded with material. Once
loaded, they return to the unloading zone for material discharge.
After completing the unloading process, the system evaluates
whether the truck’s remaining SoC is sufficient for another hauling
cycle. If the SoC falls below the required threshold, the truck is
redirected to a battery-swapping station to replace its depleted
battery with a fully charged one. Given the inherent uncertainties
in travel time, spotting time, battery-swapping duration, and
other operational variables, the simulation—modeling an 18-
hour production period—was executed 100 times to account for
stochastic variations. The results yielded an average of 628 total
trips completed across all iterations, while the average waiting time
for battery-swapping stood at 86.6 minutes. Figure 2 illustrates
the relationship between total trips and battery-swapping station
wait times through a scatter plot. As shown, a distinct negative
correlation emerges between these two metrics, suggesting that
prolonged battery-swapping delays directly reduce the number
of achievable haulage cycles. This inverse relationship positions
battery-swapping operations as a potential critical bottleneck in the
production workflow.

To investigate the root cause of prolonged battery-swapping
delays, Figure 3 visualizes the state of charge (SoC) time series for all
trucks during one representative simulation run. The data reveals
a critical synchronization issue: during the first battery-swapping
cycle, all trucks converge on the swapping stations approximately
350 min after production initiation. This synchronization creates
a demand surge that overwhelmes the stations limited capacity,
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The workflow in open-pit mines.

forcing some trucks in this cohort to endure wait times exceeding
two hours for battery replacement. Notably, subsequent swapping
cycles exhibite significantly reduced delays, as evidenced by the
dispersed timing of later SoC troughs in Figure 3.

This stark contrast between the first and subsequent cycles
strongly suggests that synchronized battery-swapping demand-
rather than inherent station inefliciency—is the primary driver of
bottlenecks. The clustering of trucks at the stations during peak
intervals directly correlates with the observed productivity loss
(i.e., reduced total trips). These findings imply that decentralizing
battery-swapping activity through demand-leveling strategies, such
as staggered battery replacement schedules or predictive SoC-based
dispatching, could mitigate congestion and unlock throughput
gains. Consequently, designing an off-peak battery-swapping
protocol emerges as a critical priority for optimizing production
efficiency in open-pit mining operations.

To further validate these findings, we designed a proactive
staggered battery-swapping strategy to mitigate synchronization-
induced bottlenecks. The strategy involves dynamically selecting
Z trucks with state of charge (SoC) below Y% at X-minute
intervals for prioritized battery replacement, contingent on the
availability of fully charged batteries at the swapping stations. To
prevent overloading station capacity, the parameter Z caps the
maximum number of trucks dispatched per interval-even when
surplus charged batteries are available, only Z trucks are proactively
rerouted. To identify the optimal parameter combination (X,Y,Z),
we performed a grid search over the hyperparameter space:
X:[10,15,20,25] x Y :[40,50,60,70] x Z:[2,3,4,5]. For each
combination, the simulation was replicated 100 times, with results
averaged to compute total trips completed and average battery-
swapping wait time. The optimal combination (X = 25, ¥ =
70, Z =
the baseline (628 trips)—while reducing average battery-swapping

3) yielded 665 total trips—a 5.7% improvement over

wait time to 32.5 min (from 86.5 min). Figure 4 illustrates the
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SoC time series under this configuration, demonstrating the
near-elimination of prolonged delays during the initial battery-
swapping cycle. Meanwhile, Figure5 plots total trips against
average wait time across all parameter combinations, reaffirming
the negative correlation observed earlier. This consistent trend
underscores battery-swapping efficiency as a leverage point for
systemic productivity gains, with suboptimal scheduling directly
constraining haulage throughput.

Another way to assess whether battery-swapping efficiency
constitutes the dominant bottleneck is by analyzing the relationship
between total haulage trips and the number of battery-swapping
stations. As demonstrated in Figure 6, increasing the number of
stations initially drives a near-linear improvement in total trips,
followed by a plateau (even though the waiting time decreases
sharply) as the system transitions to being constrained by other
workflow components—such as truck fleet size, shovel loading
capacity, or crusher throughput. Notably, expanding the number
of stations to 4 achieves a throughput (667 trips) parity with the
optimized staggered battery-swapping strategy proposed earlier
(665 trips).

While both approaches alleviate battery-swapping congestion,
their cost implications diverge significantly. Deploying additional
stations necessitates substantial capital investment in infrastructure
and battery inventory. In contrast, the staggered scheduling
strategy-requiring no hardware expansion-achieves comparable
efficiency gains through operational optimization. This contrast
underscores that smarter dispatching protocols, rather than
infrastructure scaling, represent a cost-effective lever for mitigating
bottlenecks in open-pit mining operations.

Building on the operational insights derived from the
simulation experiments, the subsequent section proposes an
optimization-driven framework for battery-swapping scheduling.
This framework systematically reduces synchronization induced
delays by integrating real-time state of charge (SoC) monitoring,
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TABLE 1 The parameter settings for DES.

10.3389/fcomp.2025.1729185

Parameter Description Value/range/expression
Simulation duration Total time span of the simulation 18h
Truck fleet size Number of mining trucks in the simulation 36

Battery depletion rate for unloaded travel

State of charge consumption per minute, normal distribution

Mean: 0.25%/min, standard error: 3e-4%/min

Battery depletion rate for loaded travel

State of Charge consumption per minute, normal
distribution

Mean: 0.33%/min, standard error: 5e-4%/min

Swap station capacity

Number of parallel service bays per station

1

Number of stations

Number of battery-swapping stations

2

Service time

The time required to replace a battery and prepare to service
next truck, normal distribution

Mean: 10 min, standard error: 1 min

Full battery number Spare fully charged batteries per station 5

Service rule of battery swapping Queueing discipline at battery-swapping stations FCFS
Service rule of loading Queueing discipline at shovel FCFS
Service rule of unloading Queueing discipline at crusher FCFS

Unloading travel time from unloading zone to
loading platform 1

The time required to travel from unloading zone to loading
platform 1, normal distribution

Mean: 12 min, standard error: 0.6 min

Unloading travel time from unloading zone to
loading platform 2

The time required to travel from unloading zone to loading
platform 2, normal distribution

Mean: 15 min, standard error: 0.9 min

loading travel time from loading platform 1 to
unloading zone

The time required to travel from loading platform 1 to
unloading zone, normal distribution

Mean: 22 min, standard error: 1.2 min

loading travel time from loading platform 2 to
unloading zone

The time required to travel from loading platform 2 to
unloading zone, normal distribution

Mean: 25 min, standard error: 1.5 min

unloading time

The time required for one truck to be loaded, normal
distribution

Mean: 1 min, standard error: 0.02 min

loading time

The time required for one truck to be unloaded, normal
distribution

Mean: 5 min, standard error: 0.5 min

Threshold of State of Charge

After unloading, if state of charge is under this value, go to
exchange battery

30%

Spotting time at shovel

The time required to spot around shovel, beta distribution

0.73+0.84*BETA(1.37, 1.46) min

Spotting time at unloading spot

The time required to spot arround unloading spot, normal
distribution

Mean: 1.55 min, standard error: 0.06 min

Spotting time at battery-swapping bay

The time required to spot arround battery-swapping bay,
normal distribution

Mean: 1.0 min, standard error: 0.05 min

charging rate

The charging rate for depleted battery in battery-swapping
station

0.95%/min

station capacity constraints, and dynamic truck dispatching,
thereby establishing a generalizable methodology to alleviate
bottlenecks in open-pit mining operations.

3 Optimization-based heriarchical
model

In this section, we propose a hierarchical optimization
framework for off-peak battery-swapping scheduling, with the
primary objective of minimizing queuing delays at battery-
swapping stations. The framework integrates a Mixed-Integer
Linear Programming (MILP) model and a Bayesian Optimization
layer to address both operational and systemic bottlenecks. At its
core, the MILP model optimizes short-term resource allocation

Frontiers in Computer Science 05

within stations by resolving battery availability, truck sequencing,
and service time constraints, thereby maximizing the inherent
efficiency of individual stations. Simultaneously, the Bayesian
Optimization layer governs the outer loop of the hierarchy,
dynamically determining optimal battery-swapping timings
for each truck to avoid synchronization-induced congestion—
specifically targeting the prolonged delays observed during the
first battery-swapping cycle (Section 2). By coordinating these
two layers, the framework ensures that real-time scheduling
decisions align with long-term system-wide efficiency goals: the
MILP model fine-tunes station-level operations, while Bayesian
Optimization proactively redistributes battery-swapping demand
across temporal and spatial dimensions. The following subsection
details the formulation of the MILP model first, which serves as the
computational foundation for this hierarchical approach.
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SoC time series for all trucks during one simulation.

3.1 Mixed-Integer Linear Programming
model

Given the predicted battery-swapping demand moments
during the first battery-swapping cycle (Section 2), the scheduling
of electric mining trucks across multiple stations is formulated
as a Mixed-Integer Linear Programming (MILP) model. The
formulation begins with a temporal discretization step, where
continuous time is partitioned into fixed intervals. This approach
converts the intractable continuous-time optimization problem
into a discrete, computationally tractable counterpart. Crucially,
temporal discretization enhances robustness against demand
prediction uncertainties by enabling probabilistic adjustments
to resource allocations within each interval—a mechanism that
mitigates timing discrepancies between forecasted and actual
demand. For illustration, Figure 7 demonstrates a 5-minute time-
slice configuration. This discretization eliminates the need for exact
demand timing predictions (e.g., 16 : 15). Instead, when a demand
surge is projected for the third time slice, any occurrence within
the corresponding 16:15 — 16 : 20 window remains operationally
viable. Such flexibility ensures resilience to minor temporal
prediction errors while maintaining scheduling feasibility.
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schedules.

Within this discretized framework, the decision variable in the
MILP model is defined as a binary parameter:

1 iftruckiis scheduled for battery swapping at station

Xijt = j during time slice t,
0 otherwise.
&
Here, x;j; = 1 indicates that the dispatching system allocates

truck i to the j — th station for battery swapping at the t —
th time slice, while x;;; = 0 denotes no such assignment.
For a fleet of 36 electric mining trucks with projected battery-
swapping demands over a 4-hour horizon, the MILP model’s
total number of decision variables is calculated as 36 (trucks) x
48 (time slices) x 2 (stations) = 3,456, where the temporal
resolution is discretized into 5-min time slices (yielding 4X—5m =
48 intervals) and two battery-swapping stations are available.
This parameterization ensures the model systematically encodes
all potential scheduling permutations through the binary variable
x;j—defined in Equation 1—while maintaining computational
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tractability under the discretized temporal and spatial constraints
outlined in Section 2.

The model’s objective function explicitly minimizes the total
queuing time, addressing the synchronization-induced bottlenecks
identified in Section 2, while enforcing operational constraints
such as station capacity limits, battery availability, and truck SoC
thresholds. The objective function is defined as:

I
Z(Si —A) (2)
o1

where I is the total number of trucks, S; denotes the start time
of battery-swapping for truck i and A; represents the arrival time
of truck i, which corresponds to the predicted battery-swapping
demand time (an input to the MILP model). The start time
S; is derived from the binary decision variable x;;;—defined in
Equation 1, which assigns truck i to station j at time slice ¢, and
is calculated as:
T-1
(t - xije) (3)
0

Si=Y_

j=1

~

where ] is the total number of battery-swapping stations, T is the
total number of discrete time slices, and ¢ indexes the time slices
(e.g.t=0,1,...,T—1). This formulation ensures that each truck is
assigned to exactly one station within a single time slice, translating
the continuous-time scheduling problem into a tractable discrete
optimization framework.

To ensure the MILP model aligns with operational realities,
four critical constraints are incorporated. First, Equation 4 enforces
that each truck undergoes exactly one battery-swapping event
within the planning horizon, reflecting the focus on the first
battery-swapping cycle:

J
DY i) =1 (4)

where, x;j; is defined in Equation 1. Second, Equation 5 ensures
causality by requiring battery-swapping to occur after arrival:

S,‘ZA,‘,ViE{I,Z,-~~,I} (5)
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where S; and A; are defined in Equations 3 and 2, respectively.
Third, station throughput limitations are modeled via Equation 6,
which restricts each station j to servicing at most one truck
within any sliding time window of length T, (battery-swapping and
preparation time):

I t4+T,—1
D3 ) SLVje {12, JL V€ (0,12, , T-T,—1}
i=1 t

(6)
Fourth, battery availability constraints (Equation 7) approximate
the finite battery inventory and charging cycle without explicitly
tracking individual battery states—a simplification to maintain
model tractability. For station j with capacity N; (maximum stored
batteries), the cumulative swaps within the charging time window
T, (time to recharge a depleted battery) must not exceed N;:

S i) < NpVje (1,2, L)), if (t < To)
Y Y r (i) S NBVi € (1,2, ), i (E = T0)

This formulation implicitly enforces that each battery used at
time t becomes available again at t + T, aligning with the
charging cycle while avoiding combinatorial complexity from
per-battery tracking.

Batteries are charged in batches at a fixed rate (0.95%/minute),
so the charging time window T (time to fully recharge a depleted
battery) can be precomputed as a deterministic parameter (e.g.,
105 minutes for a 100% SoC recovery, consistent with the 700-800
kWh battery capacity). Spare batteries are maintained as a shared
pool (5 per station) rather than assigned to specific trucks. Thus,
the cumulative number of swaps within T, directly reflects the
maximum number of batteries that can be cycled (used — charged
—  reused), making the constraint (Equation 7) a reasonable
proxy for actual inventory limits. Furthermore, the constraint
(Equation 7) could be reformulated as a dynamic one. For a battery-
swapping station with multiple charging batteries, their remaining
charging times can be estimated and sorted in ascending order. As
operational time progresses (e.g., across the MILP’s discrete time
slices; Section 3.1), each time the time exceeds a remaining charging
time in the sorted list, the station’s available battery count increases
by 1-aligning with the study’s operational context.

The proposed MILP model (Equations 1-7) is solved using
the open-source solver SCIP (Vigerske and Gleixner, 2016), which
outputs the battery replacement schedule-specifically, the optimal
battery-swapping station assignment and service order for each
mining truck. To generate the model’s input (i.e., the predicted
battery-swapping demand times during the first cycle), we propose
a state-based prediction method tailored to the operational logic
of mining trucks. Unlike passenger electric vehicles, where battery-
swapping demand can arise continuously, mining trucks can
only request battery replacement after completing unloading
tasks. This discrete demand pattern arises because trucks must
first finish unloading and travel from the unloading zone to
a battery-swapping station. The state-based method estimates
available battery-swapping moments based on a truck’s current
operational state:

e Unloading or queuing for unloading: The available time
is calculated as Ty + Tyr—s (where Tj. is the remaining
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FIGURE 7
An example of time discretization.

T T T T T T T T
08:25 08:30 08:35 08:40 08:45 08:50 08:55 09 :00

TABLE 2 The battery-swapping demands for all trucks.

Truck ID  Available moments Mandatory moments
truck 1 t1 tio e tim
truck 2 th ty cee tan,
truck I 1 to cee Ly

unloading time and Tyr—s is the travel time to a station) or
n - Ty + Tyr—s (where n is the number of trucks queuing
ahead and T is the average unloading time).

e Loading, traveling to loading platform, or returning to
unloading zone: The trucK’s state is first reduced to the
equivalent unloading-area state (e.g., estimating remaining
time until unloading completion), after which the above
logic applies.

This approach ensures that battery-swapping demands align with
the discrete operational milestones inherent to mining workflows,
thereby enabling accurate input generation for the MILP model.
The state-based method generates outputs such as those illustrated
in Table 2, where mandatory battery-swapping times correspond to
instances when the battery is depleted (i.e., the remaining state of
charge, SoC, is insufficient to sustain another operational cycle),
and ny, 1y, . . ., ny denote the number of available battery-swapping
times for trucks 1,2, . . ., I, respectively. The final input to the MILP
model is an aggregated set of predicted demand times, structured
as [t12, 2,157+ 5 b
[ — th battery-swapping time scheduled for truck i, and t; ; denotes

-, t1x] from Table 2. Here, t;; represents the

the k — th time allocated to truck I, where I is the total number of
trucks in the fleet.

First, we evaluate the potential of the MILP model to mitigate
queuing delays for mining trucks at battery-swapping stations. To
this end, input parameters for the MILP model are generated using
a normal distribution with a mean of 210 (i.e., 3.5 hours after the
current time). By systematically varying the standard deviation (o),
we simulate distinct temporal distributions of battery-swapping
demand times across a fleet of 36 mining trucks. Smaller o values
produce more clustered demand profiles, emulating scenarios with
synchronized battery depletion-a critical bottleneck in mining
operations. Figure 8 compares the average waiting times achieved
by MILP-optimized scheduling against the baseline First-Come-
First-Served (FCFS) strategy. The results reveal a maximum
reduction of 15 minutes in queuing time at ¢ = 35, whereas
the minimum reduction of 12 minutes occurs under the most
concentrated demand scenario (6 = 0.5). This demonstrates that
merely enhancing intrinsic station throughput (e.g., faster battery
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FIGURE 8
The improvement by MILP with FCFS as baseline.

swapping) cannot resolve synchronization-induced congestion,
underscoring the necessity of off-peak scheduling to address
systemic inefficiencies.

3.2 Bayesian optimization

Figure 8 reveals that greater dispersion in battery-swapping
demand distributions correlates with shorter average waiting times,
regardless of scheduling strategy (MILP or FCFS). This observation
suggests an intuitive off-peak strategy: by systematically exploring
all feasible battery-swapping time combinations derived from
Table 2, one could theoretically identify the optimal schedule with
minimal queuing time. However, this approach is computationally
intractable due to combinatorial explosion. To illustrate, consider a
fleet of 40 mining trucks, each with 4 candidate battery-swapping
times before battery depletion. The total number of combinations
is 440 ~ 10%, Assuming an MILP solver requires 1 second per
combination, exhaustive evaluation would demand 10%* seconds
(A~ 10'° years)-a timescale exceeding practical feasibility.

Bayesian optimization is a data-driven method for efficiently
optimizing black-box functions (e.g., complex systems with
involves

unknown analytical forms). Its core mechanism

constructing a probabilistic surrogate model—typically a
Gaussian process—to approximate the objective function. By
iteratively updating this model with prior observations, Bayesian
optimization computes a posterior distribution that balances
exploration (sampling uncertain regions) and exploitation
(refining known promising regions), thereby guiding the search
toward globally optimal solutions. To address the combinatorial

explosion inherent in scheduling problems, Bayesian optimization
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circumvents exhaustive enumeration of all combinations. Instead,
it leverages the surrogate model’s probability estimates to prioritize
candidate solutions with higher likelihoods of optimality. This
is achieved through an acquisition function (e.g., Expected
Improvement), which intelligently selects the next evaluation point
based on the posterior distribution. By focusing computational
resources on high-potential regions, Bayesian optimization
dramatically reduces the effective search space, mitigating the
computational burden caused by combinatorial explosion (e.g.,

024 combinations to a tractable subset).

reducing 1
For the off-peak battery-swapping scheduling problem
under study, the objective function approximated via Bayesian

optimization is formally defined as:
f:C—R (8)

where C denotes the feasible solution space of battery-swapping
time combinations, and R maps to the real-valued output of
either the MILP model (Equations 1-7) or the FCFS queuing
time calculation. One sample in C can be expressed as ¢ =
[t12: 1205 s tifs e v tl,k]T, with t;; representing the [ — th battery-
swapping time scheduled for truck i as defined in Table 2. By
treating f as a computationally expensive black-box function,
Bayesian optimization constructs a probabilistic surrogate model
(e.g., Gaussian process) trained on prior evaluations to guide
the search toward high-potential regions of C, thereby avoiding
exhaustive enumeration of all combinations (e.g, 4*°) and
balancing exploration-exploitation trade-offs through acquisition
functions like Expected Improvement (EI) and Upper Confidence
Bound (UCB).

At the core of the Gaussian process (GP) lies the assumption
that the function values of any finite set of points follow a joint
Gaussian distribution, formally expressed as:

£(©) ~ GP (us(e), ke, )) ©

where (c) is the mean function (set to 0 due to the absence
of prior knowledge, ensuring reliance on the kernel for localized
feature capture) and k(c,c’) is the covariance kernel quantifying
similarity between combinations ¢ and ¢’. We employ the Matérn
5/2 kernel, defined as:

2
mw=0+ﬁw%4ﬁj (10)

where r = |c — ||, is the L2-norm distance between ¢ and
. This kernel’s twice-differentiable properties balance smoothness
and flexibility, critical for modeling queuing time trends and
localized demand variations in battery-swapping scheduling.
Another advantage of this kernel function is that there is no need
for hyperparameter optimization.

With the Gaussian process framework (Equations 9-10), the
queuing time for a mining truck fleet under a new battery-
swapping schedule can be probabilistically predicted using
observed historical data. Let C = [c!,c2,...,¢"] C C denote
a set of m observed combinations of battery-swapping times,
and f = [f(cl),f(cz), .. ,f(cm)]T represent their corresponding
queuing times (computed via MILP or FCEFS). For a candidate
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combination c¢*, Bayesian inference yields the posterior distribution
of its predicted queuing time::
P(f(c")IC.f,¢") = N(u(c"), 0(c")) €3))

where the posterior mean p(c*) and variance o (c*) are derived as:

u(e) =k, ©)[K(C,C) + o E] ' f

(12)
o (c*) = k(c*, ¢*) — k(c*,©) [K(C,C) + 6% E] " k(C, ¢*)
Here:
o k(c*,C) = [k(c*,c"),..., k(c*,c¢™)]isa 1l x m row vector of

kernel similarities between ¢* and observed combinations;
e K(C, C) is the m xm kernel matrix with entries k, ; = k(c?, c?);
e 0O, is the observation noise standard deviation, set to 0 in this
work to reflect deterministic queuing time evaluations;
e Eisam x m identity matrix;
o k(C,¢*) = k(c*,C)T is a column vector.

Once the Gaussian process surrogate model is established, the
Upper Confidence Bound (UCB) acquisition function guides the
selection of the next candidate solution to evaluate. The UCB is
defined as:

UCB(c*) = p(c*) + k- o(c¥) (13)

where p(c*) and o (c*) are the posterior mean and standard
deviation from Equation 12, and x = 2.5 is a hyperparameter

balancing exploration (prioritizing uncertain regions) and

exploitation (refining known optima). At each Bayesian

optimization iteration:

e A batch of candidate combinations {c*} is sampled from C.

e Their UCB values are computed via Equation 13.

e The combination ¢'**=! with the highest UCB is selected,
evaluated (via MILP or FCFS), and added to the observation
set:

1 2 m _iter=1
Citer:lz[c>c 5o €5, C ])

fiter:l = [f(cl)>f(cz)) e

f(Cm), f(Citer:l)]T.

After N iterations, the augmented datasets become:

iter=1 _iter=2

m iter=N
,c ¢ ,C R ]

Citer:N = [Cl) C2, ce
firer=n = [f(€"),f(c?), ..., F(€), F( =), f("7=2), -
f(citer=N)]T

(14)

The optimal battery-swapping schedule ¢t

corresponds to the
combination with the minimum queuing time in fier—n. This
iterative process efficiently navigates the combinatorial space C,
avoiding exhaustive evaluation of all 4*° combinations while
balancing data-driven exploration and exploitation.

With both the inner MILP model (Equations 1-7) and the
outer Bayesian optimization (Equations 9-14) rigorously defined,
the proposed hierarchical optimization framework is systematically
established (detailed in Algorithm 1), as illustrated in Figure 9. To
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adapt Bayesian optimization—originally designed for continuous
decision variables—to the discrete combinatorial space C, a binary
search-based discretization module (detailed in Algorithm 2) is
integrated. This module maps continuous samples generated
by the Gaussian process surrogate model to the nearest valid
discrete battery-swapping times (Table 2), ensuring feasibility while
preserving the probabilistic exploration-exploitation balance. The
hierarchical integration of MILP (exact queuing time calculation)
and Bayesian optimization (global search guidance) enables near-
optimal scheduling with drastically reduced computational effort.

Input:

Feasible battery-swapping time combinations C
from Table 2

Number of initial samples: m

Maximum iterations: N

Acquisition function: UCB(c*) with «=2.5
Output:

Best battery-swapping schedule cPest

Initialize observed set C <« {c',c?,...,c"} by
random sampling from C

Evaluate queuing times f <«
[f(c"), f(c?), ..., f(c")]" via MILP or FCFS

for iter=1 to N do
Construct Gaussian Process surrogate model:
ne(c) <0
k(c, c') <~ Materns, (r) where r=|c—c'l
Compute posterior mean wu(c*) and variance
o(c*) using Equation 12

Select next candidate c¢* by maximizing UCB:
Clont < argmaxeec [n(c) +«-o(c)]

Find discrete candidata c* by Binary Search-
Based Discretization Module with cf ..
Evaluate f(c*) via MILP or FCFS

Update:
C <~ CuU{c*}
f < fu{f(c*)}
end for

chest  argmingec f(c)

return cPest

Algorithm 1. Bayesian optimization for off-peak battery swapping
scheduling.

4 Case studies

4.1 Case study 1: single loading platform
and unloading zone

The first scenario simulates battery-swapping operations in
an open-pit mine with one loading platform (equipped with two
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The Optimization-based heriarchical framework, its denotes the
total iteration steps.

excavators) and one unloading zone (serving a single crusher). Key
operational parameters include:

e Haul Road Configuration: A 4-km bidirectional route
connecting the loading and unloading zones.
e State of Charge (SoC) consumption:

- Unloading travel (empty haul): 5% SoC consumed over 10
min.

- Loading travel (loaded haul): 10% SoC consumed over 15
min.

e Processing Times:

- Unloading: 3 min (average) at the crusher.
- Loading: 5 min (average) per excavator.

o Initial fleet state:
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- Each excavator is actively loading one haul truck, with 3
trucks queued per excavator (total 6 trucks waiting to load).
— 28 trucks are in transit (empty-hauling) between zones.

These settings are based on an actual open-pit coal mine.
Using these inputs, the state-based prediction module (Section
3) generates a discrete battery-swapping schedule (Table 2) by
simulating truck trajectories, energy consumption, and queuing
dynamics. This table provides all feasible battery-swapping time
windows for the fleet, serving as input to the hierarchical
optimization framework (Figure 9) for minimizing queuing delays.

Input:

Continuous candidate solution Cont =

T

[th, t5, ..., t%]

Feasible discrete time windows T =
{Th, To, ..., T} (from Table 2)
Output:

Discrete candidate solution c* =
(t9,td, ..., t9]7, where tdeT;

for each truck i=1 to I do
Extract feasible discrete time window T; =

{ti, 1, ti,2, -
Initialize search range: L <0, R« |T; -1

., ti 1} (ascending order)
Initialize minimum difference: min_diff < oo
Initialize selected time: tg’ <~ undefined

while L <R do
mid < [(L+R)/2]
dlff <« ‘t; — ti,mid|

if diff <min_diff then
min_diff « diff
ff < ti mid
else if diff =min_diff and t; yig <t then
t9 <t mid > Tie-breaker: choose
earlier time
end if

if t} <t; pig then
R <« mid -1
else if t% > t; ;19 then
L < mid+1
else
break > Exact match found
end if
end while
end for
Aggregate discrete times: c* « [t9, td, ..., t9]7
return c*

Algorithm 2. Binary search-based discretization module.

A systematic sensitivity analysis evaluates the impact of
initial sampling points (init_points) and Bayesian optimization
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TABLE 3 The effect of the number of initial sampling points (init_points)
and iteration steps (n_iter) on solution in case 1.

init_points n_iter average queuing time (minutes)
20 5 453
30 5 413
50 5 413
100 5 413
100 10 413
100 20 413
100 40 41.3

iterations (n_iter) on solution quality. As shown in Table 3,
increasing init_points enhances solution optimality initially but
plateaus beyond a threshold (e.g., init_points=30), suggesting
sufficient exploration of the combinatorial space C. In contrast,
increasingn_iter beyond 5 yields diminishing returns, indicating
rapid convergence of the Gaussian process surrogate model. Based
on these findings, subsequent experiments adoptinit_points=30
and n_iter=5, balancing computational efficiency with solution
quality. This configuration ensures robust exploration-exploitation
trade-offs while aligning with the hierarchical frameworK’s goal of
mitigating combinatorial explosion (Section 3).

Figure 10 illustrates the scheduling outcomes generated by the
Hierarchical Framework (Section 3). The results demonstrate that
the framework proactively schedules more than 50% of trucks for
battery swaps prior to SoC depletion, effectively dispersing demand
peaks and reducing total queuing time. The optimized schedule
achieves an average queuing time of 41.3 min at the battery-
swapping station, representing a 65% reduction compared to the
MILP baseline (116.4 min) and a 68% improvement over the FCES
strategy (128.4 min) when both use mandatory battery-depletion
moments (Table 2) as input. This performance underscores the
framework’s ability to balance proactive scheduling (exploiting
demand dispersion) with computational efficiency (avoiding the
4% combinatorial search space), validating its superiority over
conventional rule-based or exhaustive optimization approaches.

4.2 Case study 2: dual loading platforms
and unloading zone

The second scenario models battery-swapping operations in an
open-pit mine with two loading platforms (each equipped with two
excavators) and one unloading zone (serving a single crusher). Key
operational parameters include:

e Haul road configuration:
- A 3-km bidirectional route connects the first loading
platform to the unloading zone.

- A 5-km bidirectional route links the second loading
platform to the unloading zone.
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Charge reaches critical levels).

Case 1: the scheduling results generated by the hierarchical framework, the red markers indicate the battery-swapping moments, the orange
markers denote the arrival times of trucks at the station, and the blue markers represent the battery depletion moments (when the battery’s State of

State of Charge (SoC) consumption:

Unloading Travel (Empty Haul) to the first loading
platform: 3.75% SoC consumed over 7.5 min.

Unloading Travel (Empty Haul) to the second loading
platform: 6.25% SoC consumed over 12.5 min.

Loading Travel (Loaded Haul) from the first loading
platform: 7.5% SoC consumed over 11.25 min.

Loading Travel (Loaded Haul) from the second loading
platform: 12.5% SoC consumed over 18.75 min.

Processing times:

- Unloading: 1 min (average) at the crusher.
- Loading: 5 min (average) per excavator.

Initial Fleet State:

Each excavator is actively loading one haul truck, with 3
trucks queued per excavator (total 12 trucks waiting to
load).

10 trucks are in transit (empty-hauling) between the
unloading zone and the first loading platform.

10 trucks are in transit (empty-hauling) between the
unloading zone and the second loading platform.

Production scheduling:

- Trucks alternate loading platforms for consecutive trips: if
a trip loads at the first platform, the subsequent trip must
load at the second platform to balance resource utilization.

Using these inputs, the state-based prediction module (Section
3) simulates truck trajectories, energy consumption, and queuing
dynamics to generate a discrete battery-swapping schedule
(Table 2). This schedule enumerates all feasible battery-swapping
time windows, which serve as input to the hierarchical optimization
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framework (Figure 9) for minimizing queuing delays through
proactive demand dispersion.

Figure 11 illustrates the scheduling outcomes generated by the
Hierarchical Framework (Section 3). Compared to Case Study
1 (single loading platform), the framework proactively schedules
75% of trucks (versus 50% in Case 1) for battery swaps prior to
SoC depletion, achieving enhanced demand dispersion across the
dual-platform configuration. The optimized schedule attains an
average queuing time of 26.4 min at the battery-swapping station,
demonstrating a 78% reduction compared to the MILP baseline
(122.5 min) and an 80% improvement over the FCFS strategy (132.1
min), both of which rely on mandatory battery-depletion moments
(Table 2).

4.3 Case study 3: dual loading platforms
with DES-driven inputs

The third scenario extends the battery-swapping operations to
a Discrete Event Simulation (DES)-integrated environment,
maintaining the dual loading platforms (each with two
excavators) and a single unloading zone (serving one crusher). Key

enhancements include:

e Input Generation: Available battery-swapping moments
are derived from DES instead of the state-based prediction
module, enabling realistic production scheduling with
stochastic variations (e.g., delays, resource contention).
Scalability ~ Validation: =~ The
scheduling results are tested within DES to verify robustness
under dynamic, large-scale operational conditions.

hierarchical framework’s

Key operational parameters include:

e State of Charge (SoC) consumption:
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Case 2: the scheduling results generated by the hierarchical framework, the red markers indicate the battery-swapping moments, the orange
markers denote the arrival times of trucks at the station, and the blue markers represent the battery depletion moments (when the battery’s State of

Charge reaches critical levels).
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- Empty Haul to Platform 1: 3.0% SoC consumed over 12
minutes (3 km route).

- Empty Haul to Platform 2: 3.75% SoC consumed over 15
minutes (5 km route).

- Loaded Haul from Platform 1: 7.33% SoC consumed over
22 minutes.

- Loaded Haul from Platform 2: 8.33% SoC consumed over
25 minutes.

e Processing times:

- Unloading: 3 min (average) at the crusher.
- Loading: 5 min (average) per excavator.

o Initial fleet state:

- 36 trucks are staged at the unloading zone, simulating

a high-demand scenario with synchronized fleet

initialization.

Instead of the state-based prediction module (Section 3),
DES generates the discrete battery-swapping schedule (Table 2),
enumerating feasible time windows while accounting for real-
world variability (e.g., traffic, equipment downtime). This DES-
derived schedule serves as input to the hierarchical optimization
framework (Figure 9), which minimizes queuing delays through
proactive demand dispersion.

Figure 12 illustrates the scheduling outcomes generated by
the Hierarchical Framework (Section 3) for Case Study 3. The
framework converges to a high-quality solution, reducing the
total waiting time to 30 minutes by proactively scheduling
100% of trucks for battery swaps prior to SoC depletion
during the first operational cycle, demonstrating a 99% reduction
compared to the MILP baseline (79.6 minutes) and an 99%
improvement over the FCFS strategy (96.0 minutes). It is
worth noting that DES yields an average waiting time of 81.3
minutes and 599 total trips completed. It can be inferred
that the solution results based on the above hierarchical
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framework will significantly increase transport trip throughput by
the DES.

The scheduling solution derived by the
Framework (Figure 12, Section 3) is coupled into the Discrete
Event Simulation (DES) environment to validate its real-world
applicability. Prior to integration, the solution undergoes an
operational translation: The frameworK’s time-based battery-
swapping assignments (e.g., “swap at 10:15 AM”) are converted

Hierarchical

into trip-triggered thresholds (e.g., “swap after completing 3
trips”), aligning the proactive scheduling logic with DES’s discrete,
event-driven architecture. This transformation ensures seamless
integration of the hierarchical schedule into DES, enabling rigorous
testing of its robustness under dynamic operational variability.
The scheduling solution derived by the Hierarchical Framework
achieves 630 total transport trips—a 5.2% throughput increase
over the DES baseline (599 trips)—while reducing the average
battery-swapping wait time to 4.5 min, a 94.5% reduction from
the DES benchmark of 81.3 minutes. Figure 13 illustrates the
SoC time series with and without the frameworK’s solution,
demonstrating near-elimination of prolonged queuing delays
during the initial battery-swapping cycle through proactive
demand dispersion (Figure 12). The nonlinear scalability of total
transport trips—despite the 94.5% reduction in battery-swapping
queuing time—highlights that the bottlenecks inherent to open-pit
mining operations have changed from battery-swapping to other
subsystems (e.g., Truck fleet throughput, Excavator loading rates
and Crusher processing capacity). To validate the hypothesis that
mechanical subsystems—not battery-swapping efficiency—govern
ultimate productivity, we tested the hierarchical framework’s
scalability by incrementally expanding the number of loading
platforms and unloading zones. Figure 14 (left) shows that
increasing loading platforms from 2 to 3 elevates total transport
trips by 10.6% (from 688 to 761 trips), significantly exceeding
the 5.2% gain observed in the dual-platform configuration. This
nonlinear scalability confirms that excavator loading capacity
(fixed at 5 min per truck) becomes the dominant bottleneck as
platforms scale, overriding energy management optimizations.

Conversely, Figure 14 (right) reveals marginal diminishing
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FIGURE 12

Case 3: the scheduling results generated by the hierarchical framework, the red markers indicate the battery-swapping moments, the orange
markers denote the arrival times of trucks at the station, and the blue markers represent the battery depletion moments (when the battery’s State of
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returns when expanding unloading zones: increasing zones from
1 to 2 raises trip gains by only 1.1% (10.6%— 11.7%, 11.7%
is obtained by the increment from 695 to 776 trips), with no
further improvement when adding a third zone. This plateau—
attributable to the crusher’s fixed processing capacity (3 min per
unload)—demonstrates that unloading zone availability ceases to
constrain productivity beyond a critical threshold. While these
results clarify the hierarchical framework’s role in resolving energy-
time bottlenecks (e.g., battery queuing), holistic optimization
of mechanical subsystems (e.g., excavator cycle times, crusher
throughput) remains an open challenge beyond this study’s scope.

5 Summary

This paper presents a hierarchical optimization model tailored
for off-peak battery-swapping scheduling of electric trucks in
open-pit mines, aiming to mitigate queuing inefficiencies caused
by synchronized battery depletion. The proposed framework
integrates an inner-layer Mixed-Integer Linear Programming
(MILP) model and an outer-layer Bayesian Optimization (BO)
layer. The MILP addresses station-level resource allocation by
optimizing battery-swapping assignments and sequencing under
capacity constraints, while the BO navigates the combinatorial
complexity of scheduling decisions to proactively stagger battery-
swapping demand across temporal and spatial dimensions.
Through Discrete Event Simulation (DES) and case studies, the
authors demonstrate significant reductions in queuing time (up
to 94.5%) and improvements in haulage throughput (5.2-10.6%)
compared to conventional strategies like First-Come-First-Served
(FCFS). The framework effectively resolves synchronization-
induced bottlenecks, particularly during initial battery-swapping
cycles, by leveraging predictive state-of-charge monitoring and
dynamic dispatching. Sensitivity analyses further reveal that
optimized scheduling, rather than infrastructure scaling, offers
a cost-effective solution for enhancing operational efficiency in
resource-constrained environments.

Future research could extend this work by integrating real-
time adaptive mechanisms to address dynamic uncertainties
such as fluctuating energy demands, traffic disruptions, and
equipment downtime. Enhancing the model’s scalability for
larger fleets or multi-mine networks, coupled with hybrid energy
systems incorporating renewables, would broaden its applicability.
Additionally,
schedules and mechanical subsystems (e.g., excavator loading

exploring synergies between battery-swapping

rates, crusher throughput) could unlock holistic productivity
gains. The integration of digital twins or edge computing for
real-time decision-making, alongside lifecycle cost analysis of
battery degradation and infrastructure investments, would further
refine the framework’s economic and environmental viability.
Finally, extending the hierarchical model to multi-objective
optimization—balancing energy costs, carbon emissions, and
workforce safety-could align operational efficiency with broader
sustainability goals in the mining sector.
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