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Received 14 July 2026 Op;n-pit haulage must reduce fue'l use without sacrificing mat;rial movement or
Received in Revised form 11 August operational safety. This study examined whether a telemetry-driven, task-specific
2025 Digital Twin surrogate could support vehicle-level eco-driving policies that improve
Accepted 5 September 2026 fuel intensity while preserving haul-cycle productivity. The framework combined
Published online 5 September 2026 full haul-cycle reconstruction, an ensemble XGBoost fuel-rate surrogate, nonlinear
state-transition models, equal-budget multi-seed Proximal Policy Optimization
(PPO) and Soft Actor-Critic (SAC), reward-sensitivity screening, a rule-based
benchmark, and uncertainty- and out-of-distribution-aware evaluation. One-day
telemetry from 71 Komatsu HD785-7 trucks contained 1,927,867 records and yielded
2,386 validated haul cycles. The fuel surrogate achieved a temporal-test MAE of
27.33 L/h, RMSE of 37.75 L/h, and R? of 0.6608. Across 26 complete, independent
test cycles, common-estimator rescoring showed that PPO reduced fuel intensity by
8.79% relative to the surrogate-human baseline (0.2854 versus 0.3163 L/t;
p=0.0029), with a 4.91% mean throughput decrease that was not statistically
significant. SAC reduced fuel intensity by 9.53% (0.2820 L/t; p=0.0032) and
increased mean throughput by 3.16%, although the throughput change was not
significant, and loaded-route safety-envelope exceedance increased significantly.
PPO and SAC did not differ significantly in fuel intensity. Policy-generated states
also showed substantial out-of-distribution exposure. The framework, therefore,
identified efficiency—productivity—safety trade-offs rather than universal algorithm
superiority and should be interpreted as an offline policy-screening tool pending
operator-in-the-loop and controlled field validation.
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1. Introduction
1.1. Broad Background

Open-pit haulage is among the most energy-
intensive and cost-sensitive components of surface
mining. Heavy-duty mining trucks operate under
changing payload, haul-road grade, rolling
resistance, route geometry, engine condition, and
operator-control inputs, causing fuel demand to
emerge from interacting operational factors rather
than a single isolated variable [1-6]. Energy and
exergy assessments further indicate that avoidable
operating losses present significant opportunities
for fuel and emission reduction [2], while rolling
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resistance and route conditions directly affect
tractive demand and reliability [3, 4].

Mine production sets the boundary for any fuel-
saving claim. Slower travel may reduce
instantaneous demand but lengthens the cycle and
decreases hourly payload delivery. Conversely,
faster travel can shorten the controlled segment, but
this benefit may be offset by aggressive
acceleration, high engine speeds, braking, or poor
momentum management. Eco-driving must
therefore coordinate speed with control behavior
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rather than pursue speed reduction as an isolated
objective [7-9].

The control problem unfolds over time because
each decision alters the truck's state, the remaining
distance, the fuel required at the next step, and the
feasible actions. Reinforcement learning (RL) is
suitable for this sequential structure, although its
application outside simulation is limited by unsafe
exploration, misspecified rewards, model errors,
and distribution shifts [10-14]. Exploration on
production trucks was avoided because unverified
actions could impact output, equipment, or
operator safety.

A bounded Digital Twin surrogate provides an
intermediate environment for offline policy
screening. In this study, the term Digital Twin does
not imply a complete physics-based replica of the
truck, haul road, drivetrain, traffic system, and
physical asset connectivity. Instead, it refers to a
task-specific, telemetry-driven surrogate that
estimates selected fuel and short-horizon state
responses for counterfactual controller evaluation.
This scope aligns with the range of Digital Twin
representations described in mining and industrial
literature and with learned-environment integration
into reinforcement learning [15-19].

The study thus evaluates whether policies can
reduce full-cycle fuel intensity while maintaining
payload throughput under matched historical route
contexts. Productivity is primarily measured in t/h,
efficiency in L/t and L/(t-km), and speed or L/km
only as secondary travel diagnostics.

The proposed method begins by reconstructing
complete loading-to-loading haul cycles from raw
truck telemetry and separating the cycle-linked
loaded and empty travel segments used for
longitudinal control modeling. Three bootstrap
XGBoost models estimate fuel rate, while
nonlinear transition models predict the next vehicle
speed and engine speed. PPO and SAC policies are
then trained under matched historical route
contexts using equal training budgets and multiple
random seeds. Their route-level trajectories are
reintegrated with the unchanged loading, dumping,
queueing, waiting, and other non-driving
components of each cycle. The resulting policies
are evaluated using complete-cycle productivity
and fuel-intensity metrics, statistical comparisons,
empirical safety-envelope indicators, predictive
uncertainty, and out-of-distribution diagnostics.

1.2. Related Work

Mine-haulage fuel research has increasingly
employed nonlinear machine-learning models.
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XGBoost and related tree ensemble methods can
capture interactions among payload, road
conditions, speed, engine state, and operator inputs
[1, 5, 6, 20]. These studies provide a predictive
foundation but generally address the amount of fuel
a truck is expected to consume rather than how to
select sequential control actions throughout loaded
and empty travel.

Digital Twin research in mining has focused on
monitoring, equipment representation, simulation,
and operational decision support [15-19]. The
literature also indicates that Digital Twins vary in
physical fidelity, connectivity, and
synchronization. A learned surrogate can therefore
support a specific analytical task without claiming
full bidirectional replication, provided that its
scope and uncertainty are explicitly stated.

RL-based eco-driving has been applied to
automated and connected road vehicles, including
energy-aware control under traffic and intersection
uncertainty [8, 21-24]. Mining-oriented RL has
more frequently addressed fleet dispatching, truck—
shovel allocation, system-level emissions, or
hybrid power management [25-29]. Vehicle-level
longitudinal eco-driving for heavy haul trucks
remains less developed, especially when complete-
cycle payload throughput, safety behavior, and
surrogate support must be considered jointly.

The two algorithms were selected to
demonstrate different learning behaviors within a
single experimental design. PPO limits changes
between successive policies through clipped on-
policy updates [30], whereas SAC learns off-policy
from replayed transitions and maintains entropy-
driven exploration [31]. Both algorithms were
tested under the same environment, routes, reward
profile, interaction budget, and seed values; the
comparison aimed to reveal configuration-specific
behaviors rather than to establish a universally
superior algorithm.

Collectively, the literature provides three
discrete building blocks: fuel prediction, virtual
experimentation, and sequential control. What
remains uncertain is whether these components can
be integrated into a mining-truck study without
interpreting model exploitation, faster travel, or
incomplete cycle accounting as evidence of
operational improvement.

1.3. Research Gap and Problem Statement

The resulting research question was: under
matched historical route conditions, can a
telemetry-driven Digital Twin surrogate and RL
identify vehicle-level eco-driving policies that
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lower full-cycle fuel intensity without a material
loss of payload throughput, while remaining
acceptable in control behavior, empirical safety-
envelope compliance, predictive confidence, and
distributional support?

This question was examined offline through
counterfactual simulation. The controllers changed
only the loaded-travel and empty-return portions
linked to each cycle. Observed durations and
outcomes for loading, dumping, queueing, waiting,
spotting, inactivity, and excluded low-speed
records were retained as exogenous components.
The comparisons therefore describe route-matched
operating alternatives, not savings already
demonstrated in production.

The central gap lies in the chain of evidence
between raw telemetry and a policy claim, rather
than in the absence of another fuel model or another
use of PPO. That chain is credible only if the full
cycle is retained, measured fuel is separated from
modeled fuel, leakage is controlled, production-
relevant metrics are used, baselines are transparent,
training is repeated across seeds, and departures
from historical data support are reported.

1.4. Purpose, Novelty, and Contributions

The purpose was to test an auditable chain from
complete haul-cycle records to uncertainty-aware
evaluation of continuous control. The contribution
lies in that chain—cycle reconstruction, a bounded
Digital Twin surrogate, RL policy testing, and
evidence limits—rather than in changing the PPO
or SAC algorithms.

1. The first contribution is a two-level data
structure: full telemetry preserves the loading-to-
loading production cycle, whereas a linked travel
subset supports longitudinal-control modeling.

2. The second is a bounded surrogate composed of
three cycle-bootstrap XGBoost fuel models,
nonlinear next-speed and next-engine-speed
models, split-conformal calibration, state-
dependent error estimates, and multivariate OOD
checks.

3. The third is a production-centered assessment
built around payload throughput (t/h), fuel
intensity (L/t), and transport-normalized fuel
intensity [L/(t-km)]; speed and L/km are retained
only as route diagnostics.

4. The fourth contribution is an equal-budget
comparison across three seeds in which PPO and
SAC share the same nine state variables, scalar
action, reward profile, route pools, and
validation-based checkpoint rule.
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5. The fifth contribution is a multi-baseline
assessment of measured human operation,
surrogate-reconstructed human operation, rule-
based eco-driving, PPO, and SAC using
statistical ~ results together with safety,
uncertainty, and OOD evidence.

2. Materials and Methods
2.1. Overall Research Framework and Scope of
the Digital Twin Surrogate

The implementation developed in this study is
not a complete physical or operational Digital Twin
of the haul truck or the mine-haulage system.
Instead, it is a task-specific, telemetry-driven
Digital Twin surrogate developed for the offline
counterfactual evaluation of longitudinal driving
policies. It represents only the relationships
required to estimate fuel rate and short-horizon
changes in vehicle speed and engine speed under
alternative control actions and matched historical
operating conditions. It does not reproduce the
complete vehicle powertrain and dynamics,
continuously synchronize with a production truck,
or provide bidirectional real-time control.
Accordingly, the resulting policy outcomes are
interpreted as surrogate-estimated counterfactual
results rather than field-validated responses or
guaranteed production-level savings.

The research procedure comprised nine linked
stages:  telemetry acquisition and audit;
operational-phase  mapping; full haul-cycle
reconstruction; derivation of a cycle-linked driving
subset; fuel and transition surrogate modeling;
fixed-distance reinforcement learning (RL)
environment design and reward screening; equal-
budget multi-seed PPO and SAC training; route-
level and complete-cycle evaluation; and
statistical, uncertainty, out-of-distribution (OOD),
and claim-boundary interpretation. Figure 1
summarizes the workflow.

Full telemetry supplied cycle duration, total
fuel, delivered payload, loading, dumping,
queueing, waiting, and other non-driving intervals.
The RL policies modified only loaded and empty
travel. This separation prevented a controller from
appearing artificially productive because non-
driving portions of the haul cycle were omitted.

Three predictive components serve distinct
roles. The fuel ensemble supplies the instantaneous
fuel estimate; the next-speed model advances
distance and determines travel time; and the next-
engine-speed model provides powertrain context
for the following fuel query. Their accuracy and
uncertainty ~ were  consequently  evaluated
separately.
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Figure 1. Overall workflow of the telemetry-driven Digital Twin surrogate-assisted reinforcement-learning
framework.

Final ranking did not rely on accumulated RL
reward. Measured-human, surrogate-human, rule-
based, PPO, and SAC trajectories covered the same
route distance and were then returned to their
original complete cycles. Inferential tests used
cycles as the independent units; step-level safety,
uncertainty, and out-of-distribution (OOD)
summaries were treated as diagnostics rather than
independent replications.

2.2. Study Equipment, Data Acquisition, and
Dataset Architecture
2.2.1. Equipment and operational context

The anonymized sample comprised Komatsu
HD785-7 rigid mining trucks from an Indonesian
open-pit operation. Published specifications list a
91.7 t nominal payload, 879 kW net power, and a
maximum travel speed of 65 km/h [32]. The 110t
analytical cutoff was a data-quality bound, not a
revised rated payload. No production year was
available in the research file, nor was one inferred.
2.2.2. Telemetry acquisition

Telemetry captured truck and equipment
identifiers, timestamps, operating activities,
payload state, vehicle and engine speed, fuel rate,

payload, inclination, accelerator, service brake,
retarder, transmission indicators, location, shift,
and assignments. The study was observational: no
commands were sent to the trucks, and identifying
information for equipment or operators was
anonymized or handled as confidential.

The 24-hour window ran from 13 August 2025
at 09:23:19 to 14 August 2025 at 09:23:19 and
contained 1,927,867 rows across 45 recorded
fields. The mine's telemetry and vehicle-
monitoring infrastructure generated the records
without intervention by the researchers.

2.2.3. Two-level dataset architecture

The full-telemetry dataset was used for quality
auditing, phase mapping, cycle reconstruction,
complete-cycle time and fuel integration, payload
throughput, and full-cycle fuel intensity. The
driving-only analytical subset retained moving
loaded and empty travel for fuel-surrogate
development, transition modeling, safety-envelope
estimation, rule-based control, and RL simulation.
Each driving record originated from the audited
full-telemetry master data and was linked to a
validated haul cycle where possible.

Table 1. Summarizes the equipment and telemetry-acquisition characteristics used in this study.

Item

Description

Equipment

Komatsu HD785-7 rigid mining haul truck

Manufacturer specification Nominal payload 91.7 t; net power 879 kW; maximum travel speed 65 km/h

Mining environment

Indonesian open-pit mine

Observation period

13 August 2025 09:23:19 to 14 August 2025 09:23:19

Observation duration 24 h

Nominal sampling interval 3 s

Raw telemetry

1,927,867 records; 71 trucks; 45 recorded variables

Production year

Unavailable in the anonymized telemetry
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Table 2. Traces the data lineage from raw telemetry to the analytical datasets.

Data stage Records  Trucks Interpretation
Raw telemetry 1,927,867 71 Complete source data
Clean full telemetry 1,927,857 71 After invalid-key and non-target-equipment removal
Driving-only analytical subset 788,817 70 Moving loaded and empty travel

Cycle-linked driving observations 469,221 64

Used for surrogate and transition modeling

Candidate haul cycles 2,584 -

Loading-to-loading candidates

Validated haul cycles 2,386 -

92.34% passed all validity criteria

Each driving observation remained traceable to
its truck, timestamp, continuity block, load state,
and reconstructed cycle identifier when available.
This lineage allowed simulated loaded and empty
routes to be reattached to the correct historical
cycle, rather than borrowing payload, grade, or
exogenous time from another operation.

2.2.4. Data-quality screening and treatment of
outliers

Outlier treatment was based on domain-
informed plausibility rules rather than blanket
statistical trimming. Measurements that violated
applicable physical or operational validity limits
were excluded from the corresponding analytical
dataset. These rules included an engine-speed
range of 500-2,500 rpm, a payload ceiling of 110
t, and a road-inclination range of —25° to 25°.
Records reporting engine speeds above 1,200 rpm
and a fuel rate below 1.0 L/h were also treated as
internally inconsistent. The 110 t payload ceiling
was used exclusively as a data-quality threshold
and did not replace the manufacturer’s nominal
payload rating of 91.7 t [32].

No general interquartile range, z-score, or
percentile-based removal was applied to
observations that remained physically plausible.
Operationally meaningful extremes, such as high
fuel rates, steep inclinations, high engine speeds, or
aggressive control inputs, were retained because
they may represent genuine operating conditions
relevant to policy robustness and safety. Non-
driving observations were likewise not classified as
outliers; they remained in the clean full-telemetry
layer for complete haul-cycle reconstruction but
were excluded from the driving-only dataset
because those phases were outside the control
scope of the longitudinal driving policy. Table 2
reports the records and trucks retained at each
processing stage.

2.3. Full Haul-Cycle Reconstruction, Data
Preprocessing, and Feature Engineering

2.3.1. Temporal continuity and data-quality
audit

Records were ordered within the truck by
timestamp. A gap greater than 15 s opened a new
continuity block, so distance or fuel was not
integrated across a logging interruption. Cleaning
removed seven records with invalid keys and three
records from non-target equipment; no duplicate
record ID or truck—timestamp pair remained.

Plausibility screening was applied to individual
sensor values: speed 0—70 km/h, engine speed 0—
2,500 rpm, fuel rate 0—500 L/h, payload 0-110 t,
grade —25° to +25°, and accelerator, brake, and
retarder positions 0-100%. A value outside its
range was set to missing, while the other valid
fields in that row were retained.

The audit identified 21 invalid speed values,
two engine-speed values, 1,938 payload values, 29
grade values, and one retarder value. Only the
affected sensor entry was set to missing; identifiers,
activities, and unaffected measurements in the
same row remained available for phase and cycle
checks.

2.3.2.  Operational
reconstruction

phases and cycle

Activity identifiers, payload-status codes,
movement status, payload trends, and speed were
harmonized into loading, loaded travel, dumping,
empty travel, queue/waiting, delay, and inactive
phases. Activity—payload-status agreement
reached 96.13%. A complete haul cycle began at
one validated loading run and ended at the start of
the next validated loading run for the same truck
and continuity block.

A candidate cycle was retained when its
duration was 5-180 min, both loaded and empty
travel exceeded 1 min, the delivered payload was
10-110 t, temporal coverage was at least 80%,
loading—loaded travel-dumping—empty return
occurred in the correct order, and the cycle-quality
score was at least 80%. The procedure produced
2,386 valid cycles from 2,584 candidates.
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Table 3. Summarizes the principal preprocessing and haul-cycle validity rules.

Component

Rule

Continuity block

New block when inter-record gap >15 s

Driving subset

Loaded or empty travel; moving status; speed >5 km/h

Engine and terrain plausibility  500-2,500 rpm; grade —25° to +25°

Cycle boundaries Start of one loading run to start of the next loading run
Cycle duration 5-180 min

Required travel Loaded travel >1 min and empty travel >1 min
Delivered payload 10-110t

Temporal coverage >80%

Required order Loading — loaded travel — dumping — empty return
Cycle quality >80%

2.3.3. Distance, fuel, productivity, and efficiency
metrics

Distance and fuel consumption were integrated
using the actual valid time interval between
consecutive telemetry records rather than assuming
perfectly uniform sampling. For observation i, the
incremental travel distance was calculated as:

_ vl-Atl-
L3600

()

and the incremental fuel consumption was

calculated as:
FR;At;
A= 3500 @

where Ad; is the incremental distance in km, v;
is vehicle speed in km/h, At; is the valid interval
between consecutive observations in seconds, AF;
is incremental fuel consumption in L, and FR; is
the measured or surrogate-estimated fuel rate in
L/h.

Complete-cycle fuel consumption and duration
were obtained by summing all valid observations
belonging to haul cycle c, such that F, = };c A F;
and T, = Y;ecAt;. The nominal three-second
interval was used only within the simulated
reinforcement-learning environment after
temporal-continuity screening.

Payload throughput was defined as the
delivered payload divided by the complete-cycle
duration:

M,

Fe = T./3600 ©)

where P.is the payload throughput in t/h, M, is
the delivered payload in t, and T,is the complete-
cycle duration in seconds.

Complete-cycle fuel intensity was expressed as:
Flop = o 4

cL/t — M ( )

C

To account jointly for fuel use, transported
payload, and haul distance, transport-normalized
fuel intensity was calculated using Eq. (5). This
production-centered  efficiency = formulation
follows the haulage-efficiency assessment
principles discussed in [1], 5, 6].

Fc
FIc,L/(t-km) Mch,loaded (5)
where F, is the complete-cycle fuel
consumption in L and D jgadeqis the loaded-travel
distance in km.

Payload throughput was therefore derived from
the amount of material delivered per unit of
complete-cycle time rather than from average
vehicle speed. Fuel intensity in L/t represented the
fuel required per unit of delivered payload, while
L/(t-km) additionally accounted for the loaded haul
distance. Fuel consumption in L/km and mean
travel speed were retained only as secondary route-
level diagnostics rather than as direct measures of
mine productivity. This distinction is consistent
with production-centered evaluations of mining-
haulage performance [1, 5, 6].

2.3.4. Feature engineering and terrain
classification

Control inputs, including throttle, service-
brake, and retarder positions, were normalized to
[0,1]. Engineered wvariables included control
intensity, signed and absolute speed change, load
state, night-shift indicator, cleaned gear and
invalid-gear flag, lock-up and eco-mode indicators,
transmission-output speed, distance and fuel steps,
remaining route distance, empirical target speed,
contextual safe speed, and grade category. Control
intensity summarized the bounded combined
demand of the three control inputs, while signed
and absolute speed changes captured short-horizon
vehicle response. Speed changes were calculated
within the same haul-cycle and load-state sequence
to avoid linking unrelated operational segments.
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Road inclination was retained as a continuous
variable for surrogate modeling and reinforcement-
learning state representation. For terrain-stratified
performance analysis, the observed grade signal
was additionally grouped into four operational
categories: downhill (g <—0.5°), flat (—0.5° < g <
0.5°), uphill (0.5° < g <3.0°), and steep uphill (g >
3.0°), where g denotes the road-inclination signal.
The £0.5° interval around level terrain was used as
a near-zero dead band to prevent small sensor
fluctuations from causing frequent switching
among terrain categories. The 3.0° boundary
separated the higher-demand climbs observed in
the dataset from moderate positive grades,
reflecting the increasing tractive effort and fuel
demand associated with gravitational resistance [3,
4].

2.4. Digital Twin Surrogate Modeling
2.4.1. Scope and 17-variable fuel model

The fuel component was implemented as a task-
specific data-driven surrogate rather than a
complete physics-based replica. XGBoost was
selected for its ability to represent nomnlinear
relationships in tabular telemetry, support scalable
tree construction, and handle missing feature
values through learned split directions [20]. For
observation i and ensemble member m, the
predicted fuel rate was formulated as:

FRy = fo,,(x;) (6)

The temporal test assessed predictive
performance on later haul cycles rather than on a
completely external mine or fleet. Because the
same truck identities could appear in more than one
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temporal partition, grouped truck cross-validation
and temporal testing provided complementary
forms of internal validation rather than external
validation.

Within this validation framework, the 17
predictors were limited to variables available in the
cycle-linked driving data and reproducible during
counterfactual simulation. Report hour, day of
week, region identifiers, event alarms, and route
labels used in earlier drafts were removed because
they could not be reconstructed consistently for
policy-generated states or could create leakage
from outcome-related operational coding.

2.4.2. Temporal splitting, grouped cross-
validation, and ensemble construction

Validated haul cycles were ordered by start time
and divided chronologically into 60% training,
20% validation, and 20% untouched test partitions.
All observations belonging to the same haul cycle
remained within one partition, thereby preventing
row-level leakage across the same operational
sequence.

Hyperparameters were selected from 12
randomly sampled configurations using three-fold
cross-validation grouped by truck, preventing a
truck from appearing in both fitting and holdout
folds. Table 5 reports the search ranges, selected
configuration, 60,000-observation training folds,
10,000-observation fold-validation subsamples,
three 600-tree cycle-bootstrap members, and their
common 269,332-row training pool. Candidate
settings were ranked by grouped-fold MAE, with
RMSE secondary.

Table 4. Lists the input variables of the Digital Twin fuel-rate surrogate.

No. Variable

Description

speed kmh

Vehicle speed

eng speed

Engine speed

plm_payload

Measured payload

plm_inc

Road inclination

accel norm

Normalized accelerator input

brake norm

Normalized service-brake input

retarder norm

Normalized retarder input

RN ||| (W=

control intensity

Combined bounded control intensity

9 speed change

Signed speed difference

10  abs speed change

Absolute speed difference

11 load flag

Loaded versus empty indicator

12 is night shift

Night-shift indicator

13 gear clean

Cleaned gear value

14  gear_invalid flag

Invalid original gear indicator

15 Iu on clean

Cleaned lock-up indicator

16  tm out speed clean

Cleaned transmission-output speed

17  eco_on_clean

Cleaned eco-mode indicator
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Table S. Surrogate-data partitions, XGBoost hyperparameter search, and selected ensemble configuration.

Component

Search specification or data partition

Selected value / final configuration

Training / validation /
test

Chronological cycle-level split: 60% /20% / 20%

269,332 / 98,693 / 101,196 observations;
1,431/ 477 /478 cycles

Grouped cross- 60,000 cycle-stratified training observations; three folds 12 randomly sampled configurations; seed =
validation grouped by truck identity 2026

n_estimators randint(300, 801); effective range 300-800 397

max_depth randint(4, 9); effective range 4-8 7

learning_rate loguniform[0.02, 0.12] 0.02423

min_child_weight randint(3, 16); effective range 3-15 12

subsample uniform[0.70, 1.00] 0.92675

colsample_bytree uniform[0.70, 1.00] 0.91179

reg_alpha loguniform[0.0001, 0.5] 0.000189

reg lambda loguniform[0.5, 5.0] 0.63958

Objective /  tree
method

Fixed during search

reg:squarederror / hist

Mean fold RMSE (primary);

lecti iteri
Selection criterion (secondary)

mean fold MAE

Lowest mean RMSE, with MAE used as a

secondary criterion

Ensemble Cycle-level bootstrap resampling

Three XGBoost members

Three final XGBoost members were trained
using cycle-level bootstrap resampling. Ensemble
averaging reduced dependence on a single
bootstrap sample, while between-member standard
deviation providled a model-disagreement
diagnostic.  The  ensemble-mean  fuel-rate
prediction for observation i was calculated as:

The final ensemble prediction was subsequently
calculated using Eq. (7) as the arithmetic mean of
the three cycle-bootstrap XGBoost predictions.
This equation defines the study-specific
aggregation rule used in the present framework and
does not represent a newly proposed machine-
learning algorithm. The bootstrap-aggregation
rationale for averaging predictions from models
fitted to bootstrap replicates follows Breiman [33].

M
IO
FR; = Z FRim, M =3 (7)
m=1

where F/'Pi,m is the fuel-rate prediction
produced by ensemble member m, FR; is the
ensemble-mean prediction for observation i, and M
is the number of ensemble members.

A Dummy mean regressor and a Histogram
Gradient Boosting regressor served as benchmark
models. MAE, RMSE, and R? were evaluated
using the same validation and untouched temporal-
test partitions to determine whether the selected
XGBoost ensemble improved materially over a
constant baseline and an alternative nonlinear tree
ensemble.

2.4.3. Conformal uncertainty and state-
dependent error

Split-conformal calibration used the absolute
ensemble residuals from the temporal-validation

set with a target miscoverage level of a = 0.05.
The corrected empirical 95th-percentile residual
quantile defined the following global symmetric
prediction set:

Coos(¥) = [FR(x) — Go.oss FR(x) + Go.os] 3

where FR (x) is the ensemble-mean fuel-rate
prediction for input vector x, and o5 is the
corrected 95th-percentile quantile of the absolute
calibration residuals.

This global interval was interpreted as a
calibration diagnostic rather than a guarantee of
conditional accuracy because the telemetry was
temporally dependent and future policies could
induce covariate shift [34]. The conformal
procedure provided a distribution-free global
residual interval without assuming normally
distributed prediction errors.

A second XGBoost model estimated state-
dependent absolute residuals using the same 17
predictor variables. Its regression target was
defined as:

e; = |FR; — FR;| ©)

where e; is the absolute prediction residual for
observation i, FR; is the observed fuel rate, and
FR; is the ensemble-mean predicted fuel rate.

This model did not create a formal prediction
interval. It supplied a relative uncertainty signal so
that policy states expected to have larger surrogate
errors could be penalized and reported separately.
Ensemble disagreement, conformal residual
magnitude, and predicted state-dependent error
represent different uncertainty components. Low
ensemble disagreement does not imply low total
error because ensemble members can share the
same feature limitations and model bias.
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2.4.4. OOD support assessment

Ten continuous surrogate inputs were
standardized using the means and standard
deviations estimated from the training data. A
Ledoit—Wolf shrinkage covariance estimator was
used to obtain a well-conditioned covariance
matrix and its corresponding precision matrix for
Mahalanobis-distance  calculation [35]. This
regularization reduced numerical instability
associated with the direct inversion of the empirical
covariance matrix.

Mahalanobis distance was used as a global
multivariate measure of departure from the
training-data distribution. For a standardized
policy-query vector z, it was calculated as:

Du(2) =/ (z— W21z —p) (10)

where y and X denote the location vector and
Ledoit-Wolf shrinkage covariance matrix
estimated from the standardized training
observations. Mahalanobis-distance-based OOD
detection evaluates whether a new feature vector
departs from the multivariate structure of the
reference training distribution [36].

A five-nearest-neighbor distance was used as a
complementary non-parametric measure of local
training-data support:

k
1 n n
Daw(@ =1 ) lz-zp, k=5 (1)
=1

where z(;) denotes the j-th nearest standardized
training observation. Unlike covariance-based
scoring, the kNN measure does not require fitting a
global parametric covariance representation. A
larger mean neighbor distance indicates that the
evaluated state is located in a locally sparse region
of the historical training distribution. Nearest-
neighbor-based methods have been used to identify
OOD observations whose feature representations
remain distant from available in-distribution
reference samples [37].

The support models were constructed using up
to 25,000 training observations, while 10,000
temporal-validation observations were used to
calibrate the thresholds. The 95th percentile of each
validation-distance  distribution  defined the
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corresponding OOD threshold. Binary and low-
cardinality variables were excluded from the
geometric distance calculation.

OOD indicators were not used to remove
unfavorable policy outcomes. Mahalanobis OOD
entered the training reward only as a soft penalty,
whereas both Mahalanobis and kNN indicators
were reported during final evaluation. This design
avoided post-hoc selection of only well-supported
or favorable policy states.

2.4.5. Common-estimator final rescoring

During training, one fixed bootstrap member
supplied stepwise fuel estimates to control
computational cost and keep the environment
stationary. After checkpoint selection, all saved
rule-based, PPO, and SAC queries—and the
surrogate-human baseline—were rescored with the
same three-member ensemble mean. This audit
changed only fuel quantities and related statistics;
actions, speed, RPM, completion time, throughput,
safety, predicted error, and OOD trajectories were
unchanged.

2.5. Reinforcement Learning Environment
Design

A Gymnasium-compatible environment
represented a fixed-distance longitudinal-control
problem. Each three-second simulation step
provided a nine-variable state, accepted one
continuous action, predicted the next vehicle speed
and engine speed, reconstructed the 17-feature
fuel-query vector, estimated the fuel rate, updated
the cumulative route distance, and returned a multi-
objective reward. Figure 2 illustrates the
interaction among the route context, state, agent,
control allocation, transition models, fuel
surrogate, reward function, and route-progress
update.

The environment was formulated as the
following Markov Decision Process:

M=(APRY) (12)

where § denotes the state space, A is the
continuous action space, P is the data-driven
transition mechanism, R is the reward function,
and y is the discount factor.
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Figure 2. State—action—transition—reward interaction in the fixed-distance Digital Twin surrogate-assisted
reinforcement-learning environment.

Table 6. Nine-variable RL state representation and normalization bounds.

State variable Meaning Lower Upper
Current speed Simulated vehicle speed 5 km/h 55 km/h
Current engine speed Simulated engine speed 500 rpm 2,500 rpm
Payload Distance-indexed route payload 0t 110t
Road grade Distance-indexed inclination —25° +25°
Load state Empty = 0; loaded =1 0 1
Remaining distance Fraction of route remaining 0 1
Contextual safe speed Empirical load—grade—payload limit 5 km/h 50 km/h
Target speed Route-specific productivity target 5 km/h 50 km/h
Shift context Day = 0; night = 1 0 1

This design differed from fixed-step evaluation
because every controller was required to complete
the same historical route distance. A slower
controller therefore required more simulation steps
and a longer completion time rather than being
evaluated over a shorter traveled distance.

A route ended when the simulated cumulative
distance reached the recorded route length. If this
had not occurred after 1,500 steps, the episode was
marked as truncated and incomplete rather than
counted as a completed route.

2.5.1. State representation, action space,
contextual speed limits, and transition
mechanism

The state contained nine contemporaneous
variables: vehicle speed, engine speed, payload,
road grade, load state, remaining-route-distance
fraction, contextual safe speed, route target speed,
and shift context, as summarized in Table 6. Each
entry was transformed to [0, 1] using fixed bounds
established before final training and was clipped to
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that interval; no future route observation was
exposed to the agent.

Xt — Xmin 0 1)

Xmax — Xmin

X, = clip ( (13)

The scalar action  a; € [—1,1] represented
longitudinal control tendency. Positive values were
mapped to throttle, whereas negative values were
mapped to deceleration. The corresponding
propulsion and deceleration demands were defined
as:

uhr = max(a,,0), udec (14)
= max(—a,, 0)
where ufP is normalized throttle demand and

u¢(dec) is normalized deceleration demand. When
deceleration was requested, it was allocated
deterministically to the retarder if the road grade
was below —0.5° or if the current speed exceeded
the contextual safe speed; otherwise, it was
allocated to the service brake:
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(o, u?ec), ge < —0.5° or v, > viafe

otherwise

brk . ret) _
(™, 25%) {(u?ec,O),

(15)

This rule prevented simultaneous positive
throttle and braking commands and prevented
simultaneous  service-brake = and  retarder
commands. It remained a simplified longitudinal-
control abstraction and did not reproduce
independent gear commands, brake pressure,
retarder levels, steering, or engine-torque control.

A contextual safe-speed envelope was
estimated from the training data as the 95th
percentile of historically non-overspeed speed for
combinations of load state, grade category, and
payload tertile group. Hierarchical fallback was
applied for sparsely represented cells, and the
resulting threshold was subject to a 50 km/h cap
and a 0.5 km/h safety margin. The resulting value
represented an empirical, site-specific operating
envelope rather than a manufacturer-certified,
regulatory, or geotechnically verified safety limit.

The route-level productivity target was
calculated once when the route object was
constructed. A productivity-oriented candidate
combined 90% of the mean historical route speed
with the first quartile of the historical contextual

safe speed, after which the candidate was capped
by the median historical safe speed:

(16)

_ —hist safe,hist
Veang = Max <O.90v  Qoas(v )

vtar = min (Ucand' QO.SO(Usafe'hiSt)) (17)

Here, 7™ is the mean historical route speed
and Q denotes a quantile of the historical safe-
speed distribution. Thus, 90% of the historical
mean speed served as a candidate rather than a
guaranteed minimum; the final target could be
lower when constrained by the route-specific safe-
speed distribution.

Separate XGBoost transition models predicted
next vehicle speed and next engine speed from the
current state, allocated controls, and transmission
context. Let z; denote the current state and route-
context vector, and let u; denote the allocated
throttle, service-brake, and retarder controls. The
transitions were calculated as:

ﬁ(t+1) = Clip(gv(ztrut)r 5755)7

ﬁ(t+1) = Clip(gn(ztrut)r 50072500)

(18)

where 7y, is the predicted next vehicle speed
in km/h, 7i;,; is the predicted next engine speed in
rpm, and g,(-) and g,(-) are the respective
nonlinear transition models. The clip(-) operator
constrained the predictions to the predefined

operational intervals. Transmission context was an
internal environment input and was not an
additional agent-observed state.

Predicted next speed determined the distance
traveled during the three-second sampling interval
and cumulative route progress:

At

Ad; = ﬁt:+1 —3600'

d¢yq = min(d; + Ad,, D),

At =3s (19)

The environment mapped d;,; to the first
historical route record whose cumulative distance
was equal to or greater than the simulated distance
using searchsorted (..., side="left"); the index was
capped at the final record. Grade, payload, load
state, shift, transmission context, and contextual
safe speed were then read from that distance-
indexed record. Remaining-route-distance fraction

—d
was updated as q;yq = max (0, %). Inputs to

the transition and fuel models were restricted to
percentile bounds learned from training data. This
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clipping stabilized recursive simulation but did not
by itself establish physical validity within those
bounds.

After constructing the next-state and allocated-
control features, the XGBoost ensemble produced
a policy-conditioned fuel-rate estimate F/'T?}?OI. A
matched reference estimate FRI®f was obtained
under the historical control at the same route

context. Step-level policy fuel consumption was
calculated as:
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- — At 2.5.2. Reward function
fPol = FRPO' —— (20) .
3600 The reward encompasses eight concerns:
where fuel rate was expressed in L/h and step- normahzed. fupl and productivity advantages, low-
level fuel in liters. This sequence linked action speed deviation, contextual overspeed, throttle
allocation, learned state transition, route saturation, action smoothness, state-dependent
advancement, fuel estimation, and reward uncertainty, and Mahalanobis OOD support. Its
calculation within each environment step. stepwise definition is as follows:
d
e = weAMe + w, AV — w12 — w, 0% — wSE — wag(ar — ar—1)? —wpDy — wyU, (1)

All reward components are dimensionless. Fuel
and productivity advantages and the four direct S, = max (0
operating gaps are defined as follows, with ¢
denoting a small positive numerical safeguard:

ughr—o.t)o)

; Aa, = a, —
’1.00-0.90 ) t t

(25)
ae—1

. - Fuel advantage is positive when the policy-
FRref — FRP! s POty

Afuel = _ 22) conditioned surrogate estimate is below the
max (F Rref, s) matched  reference  estimate.  Productivity
advantage compares the predicted next speed with

b, ptar the route target and is clipped to [-1, 1]. Low-

A‘;md = clip <H17,—1,1) (23) speed, overspeed, throttle-saturation, and action-
max (v, €) change terms penalize productivity loss, empirical-

envelope exceedance, throttle above 0.90, and

L. = max (0 v Dy ) 0, = abrupt control changes, respectively.
t ’maX(fvtar,S) ’ t (24) OOD and uncertainty penalties are activated
5 safle . . .
max (0’%) only when the ratios exceed the validation-
max(v?'®,1.0) calibrated threshold of one:

d}:\/lah
Dy = max(0,pf%° —1),pP%P = ———— (26)
Qo5 (a3
e
Uy = max(0,pp" = 1),  pi"°= - 27)

" Qo.05(|FRya — FRya|)

Here, dM2P is the Mahalanobis distance of the 2.5.3. Reward-weight sensitivity screening and
policy query in the proxy-feature space, and é; is final selection
the state-dependent absolute-error proxy. Both
denominators were computed exclusively from
validation data: the 95th percentile of validation
Mahalanobis distance and the 95th percentile of
ensemble absolute error, respectively.
Consequently, D; and U, were zero within their
calibrated support and increased only beyond those
thresholds. The complete weighted reward is given
in Eq. (21). The rationale, sensitivity screening,
and final selection of the reward-weight
coefficients are described in Section 2.5.3.

The reward coefficients were determined
through a validation-based sensitivity screening
rather than adopted as fixed or universally optimal
constants. Because the reward components defined
in Egs. (21)-(27) are dimensionless, their
coefficients represent relative operational priorities
rather than compensating for differences in
physical units or numerical magnitude. Four
predefined reward-weight profiles were evaluated
before final training, as reported in Table 7.

12
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Table 7. Reward-weight profiles evaluated before final training.

Profile w_f W _p w_l w_0 W_S w_Aa w D w U
Balanced 1.00 1.00 2.00 5.00 0.75 0.20 0.30 0.30
Fuel dominant 1.50 0.75 2.50 5.00 0.75 0.20 0.30 0.40
Productivity dominant 0.75 1.50 3.00 6.00 1.00 0.25 0.30 0.30
Safety/support constrained 1.00 1.00 2.50 10.00 1.50 0.35 0.75 0.75
The four predefined profiles represent =6.00, ws = 1.00, wAa=0.25, wD = 0.30, and wU

Balanced, Fuel-dominant, Productivity-dominant,
and Safety/support-constrained priorities. For
sensitivity screening, PPO and SAC were trained
separately under each profile for 20,000 timesteps
using seed 7 and subsequently evaluated
deterministically on the same validation routes.
Independent test routes and test cycles were
excluded from reward-weight selection.

Profiles were ranked using a composite
validation score spanning fuel efficiency,
productivity retention, speed-envelope and full-
throttle behavior, OOD exposure, predicted
surrogate error, and route completion. The mean
cross-algorithm score was primary, with the lower
algorithm-specific score as the tie-breaker.

The Productivity-dominant profile achieved the
highest mean validation score (6.4189) and worst-
algorithm score (5.5985) and was frozen before
final training: wf=0.75, wp = 1.50, wl = 3.00, wo

= 0.30. Because screening used one seed and
20,000 timesteps, it was treated only as transparent
model selection.

2.6. Policy Optimization Algorithms

PPO and SAC were compared because they
represent  complementary  mechanisms  for
continuous-control learning. PPO uses current-
policy rollouts and clipped updates, whereas SAC
reuses replay-buffer transitions and optimizes a
maximum-entropy objective [30, 31]. The study
did not assume that either algorithm was
intrinsically superior.

2.6.1. Proximal Policy Optimization

PPO is an on-policy actor—critic algorithm that
restricts the benefit of excessive policy updates
through a clipped probability-ratio objective [30]:

LCLIP) (g) = [Et[min(pt(e)At, clip(p(0),1 — 1 + e)At)] (28)
where .
pt(e) _ Tg (at|St) (29) ](T[) = Er~n [; yf (rt + O_’j‘[(TL’(' St))) (30)

(o, 1d) (@c|Se)

is the probability ratio between the updated and
rollout policies, A, is the estimated advantage at
time step t, and € is the clipping parameter.

PPO used Generalized Advantage Estimation, a
0.20 clipping range, ten optimization epochs per
1,024-step rollout, and mini-batches of 64
observations. Clipping limits the improvement
credited to large policy-probability changes, but it
is not a hard safety constraint and cannot prevent
entry into unsupported or empirically unusual
states.

2.6.2. Soft Actor-Critic

SAC is an off-policy actor—critic method that
reuses replay buffer transitions and maximizes
cumulative reward together with policy entropy
[31]. Its maximum-entropy objective is expressed
as:

13

where T denotes a trajectory generated by policy
m, 1y is the reward at time step ¢, y is the discount
factor, a is the entropy-temperature coefficient,
and H (m(| st)) is the entropy of the policy
distribution at state s;.

SAC employs a stochastic actor, two action-
value critics, slowly updated target critics, and
automatic entropy-temperature optimization. Twin
critics reduce positive value-estimation bias, while
entropy regularization maintains exploration
within the continuous one-dimensional action
space [31].

During training, actions were sampled from the
entropy-regularized stochastic policy.
Deterministic evaluation used the mean action of
the learned policy distribution rather than a
randomly sampled action. This separation
preserved exploration during training while
enabling reproducible route-level comparisons.
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Table 8. Comparison of the algorithmic structures of PPO and SAC.

Characteristic PPO SAC
Learning type On-policy Oft-policy
Policy objective  Clipped policy gradient ~ Maximum-entropy actor objective
Experience reuse  Current rollout only Replay buffer

Critic

State-value function

Twin action-value functions

Stabilization

Probability-ratio clipping

Twin critics, target networks, entropy

Training action Stochastic Stochastic
Final evaluation  Deterministic Deterministic
Action interval (-1 (-1,1)
2.7. Training, Hyperparameter, and operational-validation checkpoint was retained for

Reproducibility Configuration

The selected Productivity-dominant reward
profile was frozen before final training. PPO and
SAC used the same training and validation route
pools, nine-variable state, action interval, fuel and
transition surrogates, safety envelope, target-speed
logic, nominal budget of 100,000 interaction
timesteps, and seeds 11, 22, and 33. Validation
occurred every 10,000 timesteps, and the best

the untouched test cycles.

Randomness was controlled in Python, NumPy,
PyTorch, @ CUDA, Stable-Baselines3, and
environment resets. Experiments ran in Google
Colab with Python 3.12.13, Stable-Baselines3
2.9.0, PyTorch 2.11.0/CUDA 12.8, Gymnasium
1.3.0, NumPy 2.0.2, XGBoost 2.0 or later, and an
NVIDIA A100 GPU. Runs retained models,
learning curves, seeds, reward profiles, budgets,
scores, and elapsed times.

Table 9. Details the final PPO and SAC training conﬁguration.

Parameter PPO SAC
Policy / hidden layers MLP; 256256 ReLU MLP; 256256 ReLU
Learning rate 3x10™* 3x10*
Discount factor y 0.99 0.99
Nominal budget / seeds 100,000; 11, 22, 33 100,000; 11, 22, 33
Validation interval 10,000 timesteps 10,000 timesteps
Rollout length / epochs 1,024 /10 Not applicable
Batch size 64 256
GAE A/ clip range 0.95/0.20 Not applicable
Entropy Coefficient 0.005 Automatic; target entropy —1
Replay buffer / learning starts Not applicable 200,000 / 5,000
Train frequency / gradient steps  Rollout update 1 step/ 1 update
Target coefficient T Not applicable 0.005

Checkpoint used for test

Best validation

Best validation

2.7.1. Training and validation route pools

The earliest training cycles generated 2,716
eligible route objects: 1,342 loaded and 1,374
empty. A fixed, diversity-selected validation set
represented payload, shift, route pairing, grade
variability, and uphill/downhill composition.
Validation outcomes did not produce gradient
updates.

2.7.2. Equal-budget final training

After reward selection, PPO and SAC were
each trained using a nominal budget of 100,000
environment interactions per seed, with seeds 11,
22, and 33. Both algorithms used the same route
pools, state and action definitions, reward
coefficients, a learning rate of 3 x 10, a discount
factor of 0.99, and two 256-unit ReLU hidden
layers. Algorithm-specific rollout and replay
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mechanisms were retained because they define the
methods.

2.7.3. Checkpoint selection and seed control

Deterministic validation was performed every
10,000 timesteps. The best operational validation
checkpoint, which was not automatically the
terminal model, was used for test evaluation.
Python, NumPy, PyTorch, CUDA, the
environment, and Stable-Baselines3 seeds were set
for each run. Data partitions, route inventories,
support thresholds, normalization bounds, and
reward weights were frozen before the final
experiment.
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2.8. Evaluation Protocol and Baseline
Controllers

2.8.1. Independent test cycles and controllers

The chronologically latest 20% of validated
cycles formed the untouched test pool. Thirty
diverse cycles were preselected based on payload,
route pair, shift, grade variability, and
uphill/downhill composition. After minimum-
distance and component-completeness checks, 26

Journal of Mining & Environment, Published online

cycles contained both eligible loaded and empty
routes and served as the primary complete-cycle
unit.

Historical Human-Actual represented measured
telemetry. Historical Human-Surrogate replayed
the same historical trajectory through the common
fuel ensemble. Rule-Based Eco-Driving provided a
transparent, non-learning benchmark. PPO and
SAC were represented by three independently
trained, best-validation policies each.

Table 10. Lists the controllers and their roles in the final evaluation.

Controller Trajectory Fuel source Analytical role
Historical Human—Actual  Recorded Measured telemetry Observed operational reference
Historical Human—  Recorded Three-member  ensemble Matched modeled reference
Surrogate mean
Rule-Based Eco-Driving Simulated deterministic rules Three-member  ensemble Transparent non-learning

mean benchmark
PPO Three best-validation seed Three-member ensemble On-policy DRL controller
policies mean
SAC Three best-validation seed Three-member ensemble Off-policy DRL controller
policies mean

2.8.2. Fixed-distance routes and complete-cycle
reconstruction

Every simulated controller was required to
complete the same historical loaded- or empty-
route distance. Payload, grade, load state, shift,
initial state, and the distance-indexed exogenous
route context were held constant across controllers,
whereas speed, engine speed, control actions, fuel
consumption, and completion time were generated
counterfactually.

The simulated loaded and empty-travel
components were subsequently combined with the
same historical exogenous residual time and fuel to
reconstruct the complete haul cycle:

cycle _ qexo
Tc,k - TC + Tc,L,k + Tc,E,k,

cycle _ rexo
Foo =F°+FoetFepk

G

cycle
where Tc’k

and F:]){Icle
reconstructed duration and fuel consumption of
cycle ¢ under controller k; TS*° and Ff*° denote
the historical exogenous residual time and fuel; and
subscripts L and E denote the simulated loaded-
travel and empty-return components, respectively.

The historical exogenous residuals included
loading, queueing, waiting, spotting, dumping,
inactive periods, and low-speed portions excluded
from the controllable route model. These
operational phases were neither removed nor
optimized by the simulated controllers.

A deterministic, rule-based controller tracked
the lower of the route target speed and the

denote the
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contextual safe-speed envelope, applied capped
throttle in response to a positive speed error, and
preferred  service-brake  or  retarder-based
deceleration during overspeed and downbhill
operation. It served as a transparent, non-learning
benchmark rather than a manufacturer-certified
controller.

2.8.3. Outcome measures and statistical testing

Primary outcomes were complete-cycle
payload throughput in t/h, fuel intensity in L/t, and
transport-normalized fuel intensity in L/(t-km).
Secondary diagnostics included L/km, route
completion time, productivity retention, mean and
maximum speed, control intensity, contextual safe-
envelope exceedance, nominal overspeed above 50
km/h, full-throttle rate > 0.90, harsh service-
braking rate > 0.80, predicted absolute fuel error,
and Mahalanobis and kNN OOD rates.

Fuel savings were calculated relative to the
Historical Human—Surrogate baseline because the
policy and baseline fuel values were evaluated
using the same frozen ensemble-mean estimator.
For cycle cand controller k, the percentage fuel
saving was defined as:

(32)

Scfl’.lkel =100 <FIC,human,surr - FIc,k)

FIc,human,surr

where FI:human,surr 1S the complete-cycle fuel
intensity of the Historical Human—Surrogate
baseline, and FI.; is the corresponding fuel
intensity under controller k. A positive value
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indicates lower fuel intensity than the surrogate-
human baseline, whereas a negative value indicates
higher fuel intensity.

Throughput changes were calculated relative to
the Historical Human—Actual baseline because the
measured historical cycle time represented
observed production. The percentage throughput
change was defined as:

P.,—P
APc,k _ 100( c,k c,human,actual) (33)

Pc,human,actual

where P, is the reconstructed payload
throughput under controller &, and P human,actual
is the observed historical-human throughput for the
same cycle. A positive value indicates increased
throughput, whereas a negative value indicates
decreased throughput.

The complete haul cycle was treated as the
primary independent statistical unit. PPO- and
SAC-specific results from the three training seeds
were first averaged within each cycle before paired
controller comparisons. Two-sided Wilcoxon
signed-rank tests were then applied to the common
cycle-level outcomes using a = 0.05.

Controller means and hierarchical 95%
confidence intervals were estimated using 10,000
bootstrap replicates. The bootstrap procedure
resampled complete haul cycles and, for PPO and
SAC, training seeds to represent both cycle-to-
cycle and seed-to-seed variability.

The reported p-values were unadjusted for
multiple comparisons. They were interpreted
jointly with mean paired differences, hierarchical
confidence intervals, seed wvariability, safety
behavior, surrogate uncertainty, and OOD
exposure. Statistical significance was not treated as
evidence of physical causality, verified field
effectiveness, deployment readiness, or universal
algorithm superiority.

2.9. Confidence and Claim-Boundary Protocol

Evidence was classified as observed operational
evidence, surrogate-reconstructed evidence, or
offline counterfactual policy evidence. Only
historical measured fuel and timing were observed
physical outcomes. Surrogate-human results
assessed matched model fidelity, while PPO, SAC,
and rule-based outcomes were counterfactual. No
operator-in-the-loop,  controlled  field, or
production-deployment evidence was generated.

Statistical repeatability within the simulation
was distinguished from surrogate predictive
uncertainty. A narrow cycle-and-seed confidence
interval could coexist with a wide fuel-surrogate
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conformal radius or high OOD exposure. A
controller was therefore not considered preferable
based on fuel, throughput, or reward alone.
Interpretation required joint consideration of fuel
intensity, productivity, safety-envelope behavior,
action saturation, predicted error, distributional
support, and seed stability.

Statements such as 'PPO reduced surrogate-
estimated fuel intensity within the evaluated offline
environment' were permitted. Statements such as
'PPO reduced actual production fuel', 'the policy
was proven safe', or 'the framework is deployment-
ready' were prohibited. Controller preference was
based on the joint profile of fuel, throughput,
safety, action behavior, uncertainty, OOD support,
and repeatability.

3. Results

Results follow the analytical sequence: dataset
and cycle integrity, surrogate and transition
fidelity, reward selection, multi-seed learning, full-
cycle controller outcomes, statistical comparison,
safety and control behavior, uncertainty and OOD
exposure, and integrated interpretation. All final
modeled-controller fuel values utilize a common
three-member ensemble rescoring.

3.1. Dataset Characteristics, Data Quality, and
Haul-Cycle Reconstruction
3.1.1. Operational coverage and quality audit

The clean full-telemetry dataset contained
1,927,857 observations. Loaded and empty travel
accounted for 55.54%, leaving 44.46% for loading,
dumping, queueing/waiting, inactive, and disposal-
queue activities. The large non-driving share
confirms that average travel speed cannot represent
complete-cycle mine productivity.

The driving subset comprised 788,817
observations from 70 trucks (466,646 loaded;
322,171 empty). Means = SD were 24.38 + 8.89
km/h for speed, 1,593.12 + 206.91 rpm for engine
speed, 128.29 + 64.26 L/h for fuel rate, 53.79 +
42.73 t for payload, 0.57 £ 1.67° for grade, and
70.17 £ 29.09% for accelerator position. Because
empty and loaded travel are pooled here, the
observation-level payload mean does not reflect the
delivered payload per cycle.

All audit gates were satisfied. Activity and
payload status agreed for 96.13% of observations;
no duplicate identifiers or truck—timestamp pairs
remained. Payload generated the largest invalid
count, but 1,938 affected rows represented only
about 0.10% of the cleaned telemetry.
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3.1.2. Haul-cycle reconstruction results

The procedure reconstructed 2,584 candidate
loading-to-loading cycles, of which 2,386
(92.34%) satisfied all wvalidity criteria. The
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accepted cycles had a median quality score of
100%, a median duration of 19.12 minutes, and a
median delivered payload of 89.50 tonnes. Table

12 summarizes the complete-cycle distribution.

Table 11. Presents the operational-state distribution and the principal data-quality findings.

Category Records Percentage / result

Inactive 409,683 21.25%
Empty travel 506,134 26.25%

Front queue or waiting 231,948 12.03%
Loading 146,777 7.61%
Loaded travel 564,559 29.28%
Disposal queue 32,382 1.68%
Dumping 36,374 1.89%
Activity—payload-status agreement - 96.13%
Out-of-range speed / engine speed 21/2 Set to missing
Out-of-range payload / grade / retarder 1,938 /29/1 Set to missing

Table 12. Descriptive statistics of the 2,386 validated haul cycles.

Cycle variable Minimum Mean SD Maximum
Cycle duration (min) 5.42 19.49  6.37 116.79
Delivered payload (t) 18.00 89.40  7.25 109.00
Total cycle fuel (L) 3.87 23.82  7.83 59.65
Total travel distance (km)  0.55 5.44 1.93 13.63
Payload throughput (t/h)  49.83 30147 97.21 935.98
Fuel intensity (L/t) 0.0445 0.2686  0.0945 1.5611
Fuel intensity [L/(t-km)]  0.0457 0.1123  0.0339 0.7137

Note: The maximum throughput reflects a small
number of unusually short-duration cycles and is
not interpreted as a sustained production rate.

Across the wvalidated cycles, the mean
throughput was 301.47 tonnes per hour, but
variation was substantial because cycle duration
included queues, waiting, and other delays. A few
very short cycles produced extreme maxima; the
paired controller analysis therefore used the
distribution of complete cycles rather than treating
those maxima as sustainable production.

A total of 2,386 validated cycles were divided
chronologically into 1,431 training, 477 validation,
and 478 test cycles. Thirty test cycles were
preselected to capture variation in payload, route,
shift, and terrain characteristics. Of these, 26 cycles
included complete eligible loaded- and empty-

travel routes and constituted the held-out full-cycle
evaluation set.

Truck identities recur across the chronological
partitions. The test therefore measures transfer to
later cycles from the same fleet, not external
generalization to unseen equipment, another truck
family, or a different mine.

3.2. Fuel-Surrogate Performance, Uncertainty,
and Error Stratification

3.2.1. Cross-validation, temporal testing, and
benchmarks

Grouped-truck cross-validation yielded MAE
0f27.53 L/h, RMSE 0f 38.04 L/h, and R? 0f 0.6400.
Similar values for temporal validation and
untouched test data indicate no overall
deterioration in the later period examined here.

Table 13. Reports the predictive performance of the fuel surrogate.

Model / stage N MAE (L/h) RMSE (L/h) R?
XGBoost grouped truck CV 60,000  27.53 38.04 0.6400
XGBoost ensemble—validation 98,693 28.23 38.62 0.6439
XGBoost ensemble—test 101,196 27.33 37.75 0.6608
Dummy mean—test 101,196 57.04 64.84 —0.0005
Histogram Gradient Boosting—test 101,196  27.56 38.00 0.6564

Compared to the Dummy model, XGBoost
reduced test MAE by 52.09% and RMSE by
41.78%. Histogram Gradient Boosting was close in
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performance, suggesting that the evidence favors
nonlinear boosting generally rather than a uniquely
large advantage for XGBoost. The test R? of 0.6608
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indicates moderate task-specific fidelity and cannot
be equated with physical replication.

The temporal-test ensemble achieved MAE of
27.33 L/h, RMSE of 37.75 L/h, and R? of 0.6608.
It reduced MAE by approximately 52% and RMSE
by approximately 42% relative to the Dummy
mean predictor. Histogram Gradient Boosting
performed similarly, with XGBoost providing only
a modest incremental advantage.

3.2.2. Uncertainty and condition-specific error

Bootstrap members differed by only about 1.85
L/h on average, yet the test MAE was 27.33 L/h.
Their agreement therefore did not eliminate
common model error. The split-conformal 95%
residual radius was 80.66 L/h, and the state-
dependent error reference was approximately 80.62
L/h; instantaneous predictions remain materially
uncertain.

Table 14. Breaks down the temporal-test MAE by principal operating condition.
Mean ensemble SD

Stratification Category N MAE (L/h) (L/h)

Load state Empty 40,885 28.20 1.91

Load state Loaded 60,311 26.74 1.81

Grade Downhill 3,680 32.31 3.22

Grade Flat 77,924 28.24 1.73

Grade Uphill 9,223 29.86 2.50

Grade Steep uphill 10,369 16.46 1.71

Payload Low / medium / high 35,541/33,717/31,938 28.17/27.42/26.30 1.92/1.75/1.88

5-15/15-25/25-35/>35 16,968 /34,437 /35,071 / 26.42/27.05/26.72/
Speed m/h 14,720 3047 227/1.71/1.62/2.24

The largest aggregate errors occurred downbhill
and above 35 km/h. Downhill operation involves
coasting, retarder use, gear and brake choices, and
engine-management effects that the 17 inputs only
partially represent. Policy findings in these regimes
were therefore checked against terrain-specific
safety, predicted-error, and out-of-distribution
(OOD) evidence.

Loaded observations did not exhibit worse
aggregate error than empty observations, and high-
payload groups had slightly lower MAE than low-
payload groups. This does not imply that payload
is unimportant; it indicates that including payload
as a predictor maintained broadly comparable error
across empirical payload strata.

Sparse joint cells were retained in the
supplementary output but were not used for strong
condition-specific claims. Sample count was
treated as part of evidential strength, particularly
for unusual loaded-low-payload or rare terrain-
speed combinations.

3.3. Transition-Model Performance and
Environment Fidelity

One-step speed predictions were strong,
whereas next-engine-speed predictions were only
moderate. The closeness of validation and test
errors suggests temporal stability for one-step
prediction, not long-horizon physical fidelity.

Table 15. Reports the one-step vehicle-state transition performance.
Predicted state Split N MAE RMSE R?
Next speed Validation 89,948 1.67km/h  2.39 km/h 0.9178
Next speed Test 92,579 1.67km/h  2.41 km/h 0.9230
Next engine speed  Validation 89,948 99.02rpm 14228 rpm  0.4967
Next engine speed  Test 92,579 98.87rpm 143.42rpm 0.4822

Speed drives simulated distance, completion
time, and reconstructed throughput, so its high one-
step R? supports matched fixed-distance
comparisons. Recursive error can still accumulate.
The next-engine-speed model explained 48.22% of
test variation; omitted torque, shift, converter, and
control dynamics probably account for part of the
residual. Since RPM is also a fuel-surrogate input,
this error can propagate into reward and policy
outcomes.

Accordingly, the environment offers strong
short-horizon data fidelity for speed and moderate
fidelity for engine speed, but limited explicit
physics. Tire—road friction, changing rolling
resistance, torque maps, brake and retarder
temperature, detailed transmission behavior,
weather, traffic, and degradation are not modeled.

3.4. Reward-Profile Sensitivity and Selection

Changing reward coefficients affected fuel,
throughput retention, envelope exceedance,
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saturation, and OOD exposure. The productivity-
dominant profile achieved the highest mean
validation score across PPO and SAC and was
fixed before final training.

SAC under the safety/support-constrained
profile produced the lowest screening fuel value
but also 115.98% productivity retention, 9.20%
envelope exceedance, and 65.57% Mahalanobis
OOD. Balanced PPO had very low exceedance but
only 96.18% productivity retention. Thus, larger
stated penalties did not reliably yield conservative
behavior. This one-seed, 20,000-step screen
selected a reward profile; it was not used for
inference.

Every screened policy entered substantial OOD
regions. The soft support penalty was therefore
insufficient to confine all queries to historical
support, and final evaluation reports those
departures rather than deleting them.

3.5. Multi-Seed Training Stability and Best-
Checkpoint Selection

Each algorithm was trained for 100,000
timesteps under seeds 11, 22, and 33. The best
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validation checkpoint was not consistently the
terminal model, demonstrating that equal budget
does not imply monotonic convergence.

The mean best-validation score was
7.6936+0.2248 for PPO and 6.5818+1.0592 for
SAC. Under this configuration, SAC was more
seed-sensitive; the result does not establish an
intrinsic  stability ranking beyond the present
experiment.

Equal-budget multi-seed learning curves

/‘\/\\/

B

Operational validation score

-

—e- PPO

20000 40000 60000 80000 100000

Figure 3. Multi-seed validation learning curves for
PPO and SAC under equal 100,000-timestep
training budgets. Shaded bands show +1 standard
deviation across seeds.

Table 16. Summarizes the validation-based reward-profile screening.

Profile Mean Worst-algorithm Fuel Productivity retention Safe-envelope
score score (L/km) (%) exceedance (%)
Productivity dominant 6.4189 5.5985 4.1373 105.90 4.46
Fuel dominant 6.1933 5.6192 4.1499 102.37 4.06
Balanced 6.1130 4.9666 4.2756 96.13 2.76
Safety/support 5.0941 3.0348 4.6482 118.11 11.58
constrained

Table 17. Lists the best-validation checkpoints and the corresponding training time.

_Algorithm _Seed  Best checkpoint _ Best score  Training time
PPO 11 100,000 7.7744 41.90 min
PPO 22 50,000 7.4396 45.81 min
PPO 33 20,000 7.8668 44.41 min
SAC 11 20,000 7.4492 59.65 min
SAC 22 10,000 6.8949 64.47 min
SAC 33 100,000 5.4013 64.91 min

Table 18. Presents the seed-specific complete-cycle outcomes after common-estimator rescoring.

. Throughput Fuel savin Loaded envelope Full throttle KNN OOD
Algorithm  Seed (t/l%) P L/t (%) g (%) P (%) (%)
PPO 11 224.88 0.2892 8.09 8.14 0.07 36.76
PPO 22 224.71 0.2791 10.01 15.37 0.00 36.07
PPO 33 238.00 0.2879 8.26 14.39 0.00 30.13
SAC 11 260.84 0.2493 18.70 26.92 6.57 38.50
SAC 22 243.79 0.2767 10.69 19.75 0.53 35.26
SAC 33 243.99 0.3200 -0.79 15.45 32.92 49.45

PPO remained within 0.2791-0.2892 L/t and
almost never used full throttle. SAC ranged from
0.2493 to 0.3200 L/t; seed 33 delivered no mean
fuel saving and reached 32.92% full throttle. The
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average SAC outcome therefore masks material
variation among its seeds.

The correct inference is configuration-specific:
PPO was more stable under the implemented
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environment, reward, hyperparameters, and seeds.
Equal interaction budgets improved fairness but
did not prove convergence or universal algorithm
ranking.

3.6. Full-Cycle Productivity and Fuel-Efficiency
Results

All simulated controllers completed 100% of
the eligible loaded- and empty-travel routes.
Complete haul cycles were reconstructed by
combining the simulated travel components with
the same cycle-specific historical loading,
dumping, queueing, waiting, inactive, and other
non-driving residuals. Consequently, differences in
reconstructed payload throughput resulted only
from changes in loaded- and empty-route
completion times. Table 19 presents the final
common-estimator results.

Note: Confidence intervals are hierarchical 95%
bootstrap intervals. PPO and SAC results
summarize 26 cycles and three independently
trained seeds. Policy- and rule-based fuel values
were calculated using the common three-member
ensemble-mean estimator. Historical Human—
Actual fuel was integrated from measured
telemetry. Fuel-saving percentages are relative to
Historical Human—Surrogate, whereas throughput
changes are relative to Historical Human—Actual.

Historical Human—Actual and Historical
Human—Surrogate had identical throughput
because both retained the observed cycle and travel
times. Their mean fuel intensities were 0.3083 and
0.3163 L/, respectively. The mean cycle-wise
relative discrepancy was 1.83%, indicating that the
surrogate reproduced the aggregate scale of
historical-human fuel consumption reasonably
closely while retaining the instantaneous prediction
limitations reported in Section 3.2.

The rule-based benchmark averaged 0.3208 L/t,
1.51% worse than Historical Human—Surrogate,
and 227.63 t/h, 5.43% below Historical Human—
Actual. Conservative throttle and target-speed rules
alone therefore did not improve full-cycle
efficiency.

PPO reduced mean fuel intensity to 0.2854 L/t,
representing an 8.79% reduction relative to
Historical Human—Surrogate. Its transport-
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normalized fuel intensity was 0.1116 L/(t-km).
Mean throughput decreased to 229.20 t/h,
corresponding to a 4.91% reduction relative to
observed historical operation.

SAC produced a mean fuel intensity of 0.2820
L/t and a transport-normalized value of 0.1104
L/(t-km), corresponding to a 9.53% fuel-intensity
reduction. Its mean throughput increased to 249.54
t/h, or 3.16% above Historical Human—Actual.
Figure 4  visualizes the complete-cycle
productivity—fuel-efficiency operating points of
the historical-human, rule-based, PPO, and SAC
controllers, together with their hierarchical 95%
confidence intervals.

PPO and SAC therefore occupied different
productivity—efficiency operating regions. Their
mean L/t difference was only 0.0034 L/t, whereas
SAC produced approximately 20.34 t/h greater
mean throughput than PPO. The formal paired tests
in Section 3.7 show that their fuel-intensity
difference was not statistically significant, while
their throughput difference was statistically
supported. The higher SAC throughput must
nevertheless be interpreted jointly with its greater
safety-envelope exceedance, control saturation,
seed variability, and OOD exposure reported in
Sections 3.8 and 3.9.

Post-hoc common-estimator rescoring
generated only minor numerical changes. PPO fuel
saving changed from 8.68% to 8.79%, SAC
changed from 9.55% to 9.53%, and Rule-Based
Eco-Driving changed from —1.16% to —1.51%.
Policy actions, state trajectories, completion times,
throughput, safety indicators, and OOD diagnostics
were unchanged. The estimator-consistency audit
therefore did not alter the principal interpretation of
the controller comparison.

3.7. Paired Statistical Comparison and Baseline
Evaluation

Paired Wilcoxon tests used the 26 common
cycles after averaging PPO and SAC outcomes
across their three seeds. Table 20 reports the
principal comparisons. P-values are unadjusted and
are interpreted with effect size, confidence
intervals, and operational diagnostics.
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Table 19. Complete-cycle controller outcomes across 26 independent test cycles.

Throughput (t/h), Throughput L/t 95% . Fuel saving Throughput
Controller mean+SD 95% CI L/t, mean+SD CI L/(t-km) (%) change (%)
Hir:t?j;r 244.73+89.51 212.64-279.97  0.3083%0.0946 0623743:5 0.1222 1.83 0.00
Human— 244.73+89.51 212.50-280.04  0.3163+0.1035 0.2768 - 0.1240 0.00 0.00
Surrogate 0.3555
Rule-based 27.63£75.53  199.93-256.52  0.3208+0.1232 06237662;5 0.1240 ~1.51 —5.43
PPO 229.20+£79.24 199.25-260.22  0.2854+0.1046 002;2864(; 0.1116 8.79 —4.91
SAC 249.54+86.81 217.16-283.69  0.2820+0.1113 06233;;g 0.1104 9.53 +3.16
0.36 -
0.34 T -
Rule-based —
= 0.32 A k * Human-Surrggate
s o
2 I L 2 {
2 .30 - Humjan-Actual
Q
= PPO
] ' SAC {
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O
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Figure 4. Full-cycle payload-throughput and fuel-intensity operating points across 26 held-out complete test
cycles. Horizontal and vertical error bars represent hierarchical 95% confidence intervals for payload
throughput and fuel intensity, respectively. PPO and SAC results aggregate three independently trained seeds.
Rule-based and policy fuel intensities are common-estimator surrogate predictions, whereas Historical Human—
Actual fuel is derived from measured telemetry.

Table 20. Principal paired controller comparisons.

Comparison T.hroughput ) L/t .L/(t'km) Loa.ded envelope F.ull-throttle
difference; p difference; p difference; p difference; p difference; p

ﬁiﬁa; surrogate ~15.53; 0.0525 _%.%3002994; _%"%})29165 +6.96; 0.1070 ~31.74; <0.001
ﬁfncla; surrogate +4.81; 0.6710 _%.%30‘;322; _%"%1137265 +15.04; 0.0039 ~18.42; <0.001
Eu]’ll’lr?)_gbeiseegu;lan ~17.09; 0.0151 +%g%‘;‘;6; _%%301245 —0.76; 0.6012 -31.76; <0.001
PPO — rule-based +1.56; 0.8809 _28%%4105 _g’g 1)%‘;25 +7.72; 0.0045 +0.02; 0.1088
SAC — rule-based +21.91; <0.001 _23%%718; _gg 1)%6135 +15.80; <0.001 +13.34; <0.001
PPO — SAC ~20.34; <0.001 +%g%33358; +%'(;062.2105 ~8.08; <0.001 ~13.32: <0.001

PPO significantly reduced both fuel-intensity
metrics relative to surrogate human. Its throughput
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decrease narrowly missed 0=0.05, and the loaded-
envelope increase was not statistically established.



Kusnawi et al.

SAC also significantly reduced both fuel metrics;
its apparent throughput increase was not
significant, whereas loaded-route envelope
exceedance increased significantly. PPO and SAC
did not differ significantly in either fuel-intensity
measure. SAC produced significantly higher
throughput than PPO but also significantly greater
loaded-envelope exceedance and full-throttle
behavior.

Because these were planned but unadjusted
comparisons, p-values were interpreted with effect
size, hierarchical intervals, seed dispersion, and
operational diagnostics. They do not establish
universal algorithm superiority.

Journal of Mining & Environment, Published online

3.8. Safety, Control Feasibility, and Operating
Conditions

Historical operation showed a 31.76% full-
throttle rate. Rule-based control eliminated full
throttle and reduced empirical envelope
exceedance but did not improve fuel efficiency or
throughput. PPO nearly eliminated full throttle and
produced no material nominal overspeed above 50
km/h, yet its contextual loaded-envelope
exceedance increased to 12.63%. SAC produced
the highest loaded and empty exceedance and
retained 13.34% full-throttle behavior.

Table 21. Reports the aggregate safety, control, uncertainty, and OOD indicators.

Controller Loaded Empty Full throttle  Predicted error ~ Mahalanobis OOD kNN OOD
envelope (%) envelope (%) (%) (L/h) (%) (%)
Historical 5.67 6.27 31.76 27.19 (surrogate — -
human replay)
Rule-based 491 1.09 0.00 36.77 60.85 40.06
PPO 12.63 8.36 0.02 35.47 55.27 34.32
SAC 20.71 14.67 13.34 35.99 58.10 41.07

During loaded downhill operation, no controller
exceeded 50 km/h, but contextual envelope
exceedance was 0% for rule-based, 2.02% for PPO,
and 5.94% for SAC. Mean loaded-downhill speeds
were approximately 18.43, 18.22, and 19.41 km/h,
respectively. Rule-based and SAC used meaningful
retarder input, whereas PPO used almost none. The
absence of nominal overspeed therefore does not
resolve physical downhill-control concerns,
because stopping distance, road condition, braking
capacity, and retarder thermal limits were not
modeled explicitly [3, 4].

The largest contextual exceedance occurred
during loaded steep-uphill operation. This does not
necessarily indicate a formal physical safety
violation; it denotes departure from the historical
95th-percentile envelope and may signal unusual
speed—payload—grade combinations, drivetrain
demand, or insufficient support.

3.9. Surrogate Uncertainty, OOD Exposure, and
Exploitation Risk

Predicted absolute fuel error for each
counterfactual controller was approximately 30—
35% above the historical surrogate replay. PPO
exhibited the lowest OOD exposure among
simulated controllers, yet 55.27% of its states
crossed the Mahalanobis threshold and 34.32%
crossed the kNN threshold. Corresponding rates
were 58.10% and 41.07% for SAC and 60.85% and
40.06% for rule-based control.
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For PPO and SAC, deviations centered on
speed, payload, accelerator input, control intensity,
and transmission-output  speed. Individual
standardized deviations were generally moderate;
many flags arose because the joint feature
combination was unusual. Rule-based control also
entered OOD regions, so distribution shift was not
specific to RL.

An OOD flag does not prove that a state is
physically  impossible:  thresholds  describe
departure from historical human operation.
However, it reduces confidence in the surrogate's
favorable response. Because the reward used a soft
support penalty, reward gains could outweigh it.
The high OOD rates and 80.66 L/h conformal
radius are therefore substantive limitations rather
than grounds for excluding inconvenient outcomes
[12-14].

4. Discussion
4.1. Integrated Interpretation of the Main
Findings

Both policies lowered surrogate-estimated full-
cycle fuel intensity, but neither dominated all
operational criteria. PPO combined a statistically
supported reduction with lower saturation and
OOD exposure, while its non-significant mean
throughput change was negative. SAC also reduced
fuel intensity and showed higher mean throughput,
but that increase was non-significant and loaded-
route envelope exceedance rose significantly. They
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remain  candidate not validated
replacements.

Because 44.46% of telemetry occurred outside
loaded and empty travel, faster controlled segments
did not translate directly into equivalent hourly
payload gains. Complete-cycle reconstruction
therefore prevented travel speed from overstating
productivity;  SAC's  higher  reconstructed
throughput remained modest and non-significant
relative to historical operation.

PPO was more reproducible and less saturated
across seeds, with lower OOD exposure but lower
mean throughput and some contextual-envelope
deviation. SAC was faster but more variable; one
seed was favorable while another produced no fuel
saving, substantial saturation, and the highest KNN
OOD. These configuration-specific patterns are
compatible with PPO's clipped updates and SAC's
replay-based entropy optimization [30, 31], not
universal algorithm properties.

Prior work established nonlinear mine-fuel
prediction [1, 5, 6], sequential road-vehicle eco-
driving [8, 21-24], and mining RL for dispatch or
system optimization [25-29]. This study instead
integrates  complete-cycle reconstruction, a
bounded telemetry-driven Digital Twin surrogate,
data-driven transitions, matched multi-seed PPO-
SAC evaluation, a non-learning baseline,
production metrics, uncertainty, and OOD
diagnostics. The contribution is vehicle-level
offline policy screening—not a new RL algorithm
or a synchronized bidirectional physical twin [15-
19].

strategies,

4.2. Limitations and Practical Implications

Evidence is limited to one mine, one HD785
family, 24 hours of telemetry, 26 complete test
cycles, and three seeds per policy. Moderate fuel
and RPM fidelity, a scalar action, omitted vehicle
and operational dynamics, unadjusted p-values,
and a non-certified empirical envelope constrain
interpretation. Extensive OOD exposure makes
favorable fuel estimates screening signals, not
production forecasts. The framework should
remain an advisory screening tool until estimator
audit, higher-fidelity simulation, hard
safety/support constraints, operator-in-the-loop
and shadow-mode testing, controlled field trials,
and monitored production assessment are
completed.

5. Conclusions

This study integrates route-matched complete-
cycle reconstruction with a bounded Digital Twin
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surrogate, equal-budget multi-seed PPO-SAC
training, a transparent rule-based baseline,
common-estimator rescoring, cycle-level
inference, and uncertainty/OOD diagnostics. Joint
assessment using payload throughput, L/t, and
L/(t-km) prevented favorable travel-only fuel
estimates from standing alone.

Both algorithms lowered surrogate-estimated
fuel intensity, with no significant difference
between PPO and SAC. PPO was less variable,
nearly avoided full throttle, and had lower OOD
exposure; however, its mean throughput change
was negative and not statistically significant
relative to historical operation. SAC showed a
positive but likewise non-significant mean
throughput change relative to historical operation,
together with greater saturation, significantly
higher loaded-route envelope exceedance than both
the surrogate-human baseline and PPO, greater
OOD exposure, and higher seed variability. The
rule-based controller did not improve full-cycle
fuel intensity.

These results identify no universal winner and
remain counterfactual surrogate estimates, not field
savings or safety evidence. Moderate model
fidelity, distribution shift, omitted dynamics, and
the limited dataset preclude deployment claims.
The framework is an uncertainty-aware screening
tool pending longer multisite telemetry, richer
vehicle models, explicit safety and support
constraints, comparisons  with  established
optimization methods, operator-in-the-loop and
shadow-mode testing, controlled field trials, and
monitored production evaluation.
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