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Abstract

Background: Accurate operational cycle detection underpins maintenance, production analytics and
energy management for mobile equipment in mining. Yet no review has investigated the landscape of
operational cycle detection literature in mining. Methods: Following the Preferred Reporting Items for
Systematic Reviews and Meta-Analyses, Scoping Review extension (PRISMA-ScR) framework, we
searched the Lens database on June 27, 2025, for records published 2000-2025 that segment mobile
mining vehicle telemetry into discrete operating modes. After de-duplication (n = 1,757) and two-stage
screening, 20 empirical studies met all criteria (19 diesel, 1 battery-electric). Due to the sparse research
involving battery electric vehicles (BEVs) in mining, three articles performing cycle detection on
heavy-duty vehicles in a similar operational context to mining are synthesized. A bespoke three-axis
Transferability Lens—created to measure cross-domain applicability of modelling approaches—was
applied to four expert-selected passenger BEV studies to investigate cross-domain synthesis. Results:
Early diesel work used single-sensor thresholds, often achieving >90% site-specific accuracy, while
recent studies increasingly employ types of neural networks using multivariate datasets. While the
cycle detection research on mining BEVs, even supplanted with additional heavy-duty BEV studies,
is sparse, similar approaches are favoured. The transferability appraisal suggests only moderate
sensor-mapping and retraining effort when adapting automotive BEV classifiers to mining vehicle
cycle detection. Conclusions: Persisting gaps in the literature include the absence of public mining
datasets, inconsistent evaluation metrics, and limited real-time validation.

Keywords: operational cycle detection; mobile mining equipment; battery-electric vehicles; machine
learning; unsupervised learning

1. Introduction

Accurate and timely planning of mining operations is paramount to ensuring profitability at the
mine site by minimizing equipment downtime and costly interruptions. Mobile mining equipment,
such as load-haul-dump vehicles (LHDs), haul trucks, and jumbo drills, operate in harsh, unforgiving
environments where wear, variability, and unpredictable demands complicate task execution [1]. A
key task that allows for more accurate planning is the identification of a mobile mining machine’s state
of operation at a given time (e.g., identifying that an LHD is scooping up ore). Successful detection of
these operating states allows for better predictive maintenance [2], greater control of production [3],
and energy optimization [4]. While this activity can be described using a variety of terms, we opt to
use "operational cycle detection", or "cycle detection" in short, for clarity’s sake. Each of these cycles
also consists of discrete operational modes, which we simply refer to as "modes".

Despite the importance of operational cycle detection, currently there is no review or taxonomy
of techniques specifically designed for and applied to mobile mining vehicles. Recent work reinforces
the gap: [5] synthesizes work on heap perception, bucket trajectory planning, autonomous navigation,
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and monitoring / fault diagnosis, but does not offer a taxonomy for cycle detection on mobile mining
vehicles. Likewise, [3] explicitly calls its work one of the first, and [6] catalogues enabling technologies
without proposing any cycle detection taxonomy — together underscoring the absence of a focused
review. Beyond this absence, the industry’s rapid shift to battery-electric fleets (commercial units
currently operate in more than 20 mines around the world, with more planned [7]) introduces another
challenge. Battery electric vehicle (BEV) operational cycles are fundamentally different from diesel
ones — in particular, the State-of-Charge (SoC) derating of batteries can cause identical tasks to show
varying power signatures within a single shift. Accurate detection of these nuances is critical: it can
help inform battery pack sizing during design, allows SoC-aware dispatch strategies, and optimizes
charging logistics in daily operations [8].

To address these emerging challenges, this review examines operational cycle detection methods
applied to both diesel-powered and battery-electric mobile mining vehicles, while also evaluating the
transferability of select cycle classification techniques developed for passenger electric vehicles. The
overarching question guiding this review is as follows: which methods have been applied to classify
duty cycles in mobile mining equipment, how do their methodological assumptions differ, and what is
their potential transferability across domains? Framed in PICO terms, the population is mobile mining
equipment, the intervention is operational cycle detection methodology, the comparator is cross-
platform (diesel versus BEV) approaches, and the outcomes are classification accuracy, robustness, and
applicability to mining contexts. By mapping this methodological landscape and identifying cross-
domain insights, the review aims to close the current knowledge gap and accelerate the development
of robust, real-time cycle detection algorithms for next-generation BEV mining fleets.

This review closes the current knowledge gap (namely, the absence of a Preferred Reporting Items
for Systematic Reviews and Meta-Analyses extension for scoping reviews (PRISMA-ScR) guided review
of operational cycle detection techniques for mobile mining equipment) by analyzing peer-reviewed
studies published between 2000 and 2025. It delivers three contributions:

1.  Comprehensive synthesis of operational cycle detection methods for mobile mining equipment.

2. Assessment of the applicability of automotive BEV approaches to mining environments.

3.  Gap analysis identifying unresolved challenges such as the scarcity of public data sets and the
lack of real-time deployment.

Section 1 covered the necessity for this review and its contributions. Section 2 details the review
protocol (databases, inclusion criteria, PRISMA workflow) and the three-axis transferability framework.
Section 3 classifies existing diesel operational cycle classification models. Section 4 surveys the
single BEV specific paper found, but also analyses three other cycle detection papers involving non-
mining BEVs that occur in environments with similar constraints to mining. Section 5 explores
cross-domain techniques by applying the Transferability Lens to four BEV automotive cycle detection
methodologies. Section 6 synthesizes the findings, identifies research gaps, and discusses future work,
before concluding in Section 7. Through these contributions, the objective of this paper is to accelerate
the development of robust diesel and BEV cycle detection algorithms that can be trusted across mines,
fleets, and equipment generations.

2. Methods

This review employs (i) a structured scoping review search and selection process for operational
cycle detection studies in mobile mining equipment, and (ii) a transferability appraisal that maps
findings from selected battery-electric automotive studies into the mining context. No review protocol
was prepared or registered for this scoping review.

2.1. Search and Selection Strategy

On 27 June 2025, we ran a structured search in the Lens database to capture operational cycle
detection studies for mobile mining equipment. This database was chosen because (i) its federated
index delivers more than 250 million scholarly and 140 million patent records, giving wider grey-
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literature coverage than Scopus or Web of Science alone; (ii) it contains the complete Institute of
Electrical and Electronics Engineers, Society for Mining, Metallurgy & Exploration and Canadian
Institute of Mining, Metallurgy and Petroleum proceedings, where mining-automation methods are
often first disclosed; and (iii) optimizing complex proximity syntax across multiple platforms would
have added substantial effort with little benefit. The final search string retrieved 11 of 12 sentinel
papers, achieving 92% recall while maintaining 66% precision over the first 100 records. This final run
yielded 1,567 records after de-duplication; backward and forward-citation chasing of the sentinel set
added 251 records, safeguarding against jargon that might evade keyword filters, bringing the total to
1,814 records. The complete Boolean search string is provided in Appendix A. One article from the
predefined sentinel set (Lewis [9]) was not captured by the database search or citation chasing. This
paper is cited in the narrative for context, but it is not counted among the included studies.

Studies were included if they (i) investigated mobile mining machinery, (ii) applied a method to
segment sensor data into operational cycle modes, and (iii) relied on field or high-fidelity real-world
data. Simulation-only studies and non-English publications were excluded.

Eligibility criteria and rationale: These criteria were chosen to ensure domain relevance and method-
ological comparability. Focusing on mobile mining machinery excludes adjacent heavy-equipment
contexts unless explicitly assessed via the Transferability Lens. Requiring segmentation of telemetry
into operational modes targets the central concept of cycle detection in the review. Field or high-fidelity
data was mandated because simulation-only signals rarely capture operational noise and operator
variability, reducing ecological validity. The time window (2000-2025) corresponds to the era of digital
telemetry in mining, while the restriction only in English reflected the capacity of the reviewer’s
language. Simulation-only and non-English studies were excluded for these reasons.

Grouping for synthesis: To facilitate comparison, included studies were classified along two axes:
(a) type of equipment (diesel versus BEV) and (b) methodological family (rule-based thresholds,
supervised machine learning, deep learning or unsupervised / semi-supervised approaches). This
grouping informed the structure of Sections 3—4 and underpins the cross-domain synthesis presented
in Section 5.

All records were screened by a single reviewer using the Rayyan application [10], which provided
semi-automated de-duplication and decision tracking. Title and abstract screening was conducted
against three sequential yes/no gates: study design, mining-machine focus, and presence of an
operational cycle detection method. Records that passed all three gates proceeded to full-text review,
where they were evaluated against every eligibility row. Reasons for exclusion at both title/abstract
and full-text stages were logged and are reflected in Figure 1. Because screening was performed by a
single reviewer without duplicate checks, there is potential for selection bias. No disagreements arose,
as no second screener was involved. Rayyan’s automation features were used solely for de-duplication
and record tracking, not for automated exclusion.

In total, 1,888 records were identified through the database search and backward and forward
citation search of sentinel papers. After de-duplication, 1,757 unique records remained for screening.
Following title and abstract review, 1,593 were excluded, leaving 164 articles for full-text assessment.
Of these, 144 were excluded because they were simulation-only, not mining-focused, or lacked a
segmentation method. Twenty empirical studies met all eligibility criteria (19 diesel, 1 BEV) and were
included in the synthesis. The flow of records through each stage of the review is illustrated in Figure 1.
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Figure 1. PRISMA-ScR flow diagram illustrating the literature search and screening process.

2.2. Data Extraction and Charting Process

Data from each included study were charted using a standardized extraction form developed
for this review. One reviewer extracted all study characteristics, including vehicle type, mine context,
sensors and sampling rate, labelling approach, classification methodology, evaluation metrics, dataset
size, and any reported funding or conflicts of interest. No automation tools were used for extraction.
No contact with study authors was undertaken, as all required information was available in the
published manuscripts.

Data items: Outcomes of interest included classification performance metrics such as per-mode
precision, recall, F1-score, overall accuracy, and confusion between adjacent modes where reported.
Other extracted variables comprised study identifiers (authors, year, venue), vehicle class and mining
context, sensors and sampling rate, labelling or annotation source, methodological family (rule-
based, supervised, or unsupervised), feature engineering steps, dataset size and duration, and any
reported funding or conflicts of interest. These items were chosen to allow consistent comparison of
methodological approaches across both diesel and BEV studies.

Critical appraisal: Consistent with guidance for scoping reviews, we did not undertake a formal
critical appraisal or risk-of-bias assessment of individual studies. Our aim was to map the breadth and
diversity of operational cycle detection methods, rather than to evaluate the effectiveness or compara-
tive quality of specific implementations. Instead, methodological features and performance metrics
were charted descriptively (Table 1), and issues of transferability and generalizability were examined
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narratively through the purpose-built Transferability Lens. As a result, the review does not make
quality-weighted judgments on individual studies, but highlights trends, gaps, and methodological
commonalities across the evidence base.

Table 1. Per-study results aligned to the review questions.

Study Population / .  d e
(Author—Year) Platform Method & Signals Data & Validation Outcomes
?ﬁ\ﬁ] JESIIEEE(];AEN%I;PII:I/IZ ~10 shifts; compared to ~ Agreement with
Gawelski et al., Haul trucks 4 / HYDOILP-based HYDOILP/operator
2020 [11] (diesel) SELGEAR, BRAKEP, algorithm and manual logs; event-detection
FUELS); 5s MA; HYDOILP s o
o counts. reliability ~90%.
used only for training prep.
CNN (vs Weeks of data; train Balanced test: accurac
SVM/RF/KNN/MLP) on 3,016/ class; o . Y
. . >96%; per-mode TPR:
Jakobsson etal.,, Mine truck 3-axis accelerometer (50 oversampled Idle 0.93. Hauling 0.97
2020 [12] (earthmoving) Hz); fixed 2 s windows; 204,527/ class; 80/20 E Y g v,
. mpty 0.95, Loading
auto labels from metadata split; Butterworth .
- 0.95, Unloading 0.94.
(payload, speed). post-filter.
. . ~80,000 points; )(2 Constructed cycles
Karimi et al,, Wheel loader Hyl?rld Mark9v chain + consistency; ADVISOR consistent; evaluation
(Komatsu GA; K-means; smartphone ) . X A
2021 [4] simulation vs EPA/EU via fuel /emissions (no
WAA470) GPS. s
cycles. classifier accuracy).
Convolution of smoothed Overall acc. 96%;
Koperskaetal, = LHD (wheel HYDOILP (1 Hz from 100 5 working days; >300 “driving full” sens./prec.
2020 [13] loader) Hz) with inverted step; cycles; confusion matrix. ~ ~98.7%/97.5%; loading
LOWESS + variants. sens. 67.6%, prec. 99.5%.
Thresholds on Unloading feasible
Kozlowski et al., Dump truck ENGRPM+BRAKEP; 3 test sets (10/40/47 w1t'h0}1't HYD(zILP;
2019 [14] L events). reliability ~90%
HYDOILP for verification. L. .
(limited metrics).
Rule-based “virtual sensor”
using BRAKEP, SELGEAR, 3 sets; 97 unloading Detection ~90%; false
Er,;]t etal, 2020 E;c}?;gﬁ(l;nd SPEED, ENGRPM (1 Hz); events; cross-set positives ~5%; suitable
uitra HYDOILP ref. 15 Hz for robustness. for online/post.
tuning.
HSMM (.u nsupervise d) on 25 trucks ~24 h; manual  Load P/R 95.1/98.8%;
Markham et al.,  Haul truck GPS position/velocity (5 s); o
. o subset of 24 cycles; Dump 87.1/91.1%;
2022 [16] (open-pit) Viterbi/EM; FMS for .. o
o precision/recall. Cycle 86.7/90.8%.
validation.
Kalman smoothing + . . Accuracy: Unloading
Polak et al., statistical break detection 2 days; 172,800 samples; 74.4%, Driving full
Loader - 207 cycles; manual o ..
2016 [17] on bucket-cylinder pressure rogime marks 75.9%, Driving empty
(1 Hz). & : 80.2%.
gf]fg?rt;‘fbj"slsﬁﬁg‘ * Weighted F1 = 91.75%;
Qi et al., 2023 LHD (Sandvik VBGM/ S’VM /RE/LSTM on Operational LHD data; per-mode F1: Load 0.95,
[18] LH514) - weighted/per-mode F1.  Haul 0.95, Dump 0.83,
multi-sensor (20 params @ .
X Transit 0.87.
5s; 5 real-time).
' . Unsupervised VBGM on 3 full c?ayi; cl}lster—label Reasqnable separation
Saari & Odelius, Underground . X infection” with small of regimes; loading
vibration (12.8 kHz) + A o
2018 [19] LHD (LH621) manual set; convergence  prominent; limited
Cardan speed (5 s). . .
across days. quantitative metrics.
Deep/conv nets on SPEED, 11;1;1;1; 1175);1 ; dl; r(S}leS) / Trucks mean acc. 93%
Skoczylas etal,,  Haul trucks; SELGEAR, FUELUS, do,wnsam led to ! (unloading 96%, loading
2023 [3] loaders ENGRPM (100 Hz — 1 Hz); . p . 90%); loaders mean acc.
trucks partly thresholded 2-min/30-s; modified 58% (one loader ~90%)
party © 10x10CV. :
VGG160nIMU Baccel +3 1473 cycles; 2,462 h; 20 Lvith unloading: acc. -
. 82.1%, R 85.8%, P 95.0%;
Skoczylas et al., gyro, ~360 Hz); axis trucks; vs human
2025 [20] Haul trucks autoencoders; rule-based detection; data-qualit extended (no unload):
’ A sdataquatity acc. 87.7%, R 95.7%, P
post-process. tiers. 91.4%
Suggests SPEED +
ACF-based cyclicity + Examples over 1 shift GEAR plus one of
Sliwinski et al., Haul truck rule-based cleaning on 1 Hz and 3I<J:1a s visual {BRAKE, TRNBPS,
2019 [21] u multivariate CAN; oh ys; visu FUEL, TPS, INTAKEP}
HYDOILP reference. match. suffice; no numeric

accuracy.
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Study Population / . c s
(Author—Year) Platform Method & Signals Data & Validation Outcomes
Identifies “full bucket
. Kalman smoothing + ride” and “empty
ggeli?n[lza;] etal, Mining loader thresholding on NR; expert validation. backward after
bucket-cylinder pressure. unloading”; no numeric
metrics.
Electromech. Supervised 45 h; ~300 x 1-min Best KNN+EFS error 6%;
. LS/C4.5/NN/RBF/SVM .
Timusk et al., excavator (P&H with PCA /ICA /EFS on records; ~160 labeled empty swing as low as
2009 [2] TS4100); haul speed profiles; 80% 3%; vibration features
. speed-segment and :
truck drives S hold-back. improved accuracy.
vibration features.
Compare L Recovery vs known 20:
Wodecki etal,  LHD (wheel MA/EMA/LR/RLR/QR /RQR?SSISS‘T{E /“Qtz‘lzg known -y ra 105%, EMA 115%,
2018 [23] loader) smoothing on HYDOILP d{)tect'e 9 Y LR 145%, RLR 100%, QR
for threshold segmentation. ’ 170%, RQR 100%.
Thresholding; KDE-based
Wodecki et al., Drill rigs ;};isslii?:’éig?zf;ren B); 28 holes; compare vs feu ifﬁeh;isislgg)zleire:;
2020 [24] (FaceMaster 1.7) . / on-board system. & &
instantaneous frequency across sources.
(acoustic).
Wylomariska & Hea\fy-duty Second-moment R & C Simulations + several R detects traps >3
. mobile - hours of real ENG_RPM; .
Zimroz, 2014 R statistics on ENG_RPM,; . . . samples; C >2; trapping
[25] machines trapping-event detection visual/simulation events 17-28% of signal
(loaders) ’ validation. ’
PCA Three categories
C . . . 146 kinematic (loaded /high power;
Electric-drive + density-peak clustering on :
Zhang et al., minine truck 4/ r/torque,/erade: sequences; idle/no power;
2019 [26] g e Speec/ POoWer/torque/ grade; representative cycle vs braked /high speed);
(220 t) 10 s “short-stroke . A .
. field data. representative mirrors
windows. field

Stachowiak et
al., 2020 [27]

LHD (wheel
loader;
hydraulic)

HYDOILP 1 Hz; ten 3 h total across two

smoothing methods (MA, samples: 1 h with 11
WMA, EMA, DEMA, HMA,  actual cycles; 2 h with
ALMA, LR, QR, LOWESS, 15 actual cycles; MA

Kalman); cycle detection
via convolution with
inverted step (rule
thresholds).

window 70 samples;
validation by difference
from actual counts and
duration statistics.

LOWESS best: correct
count for both samples
with minimal shift.
Sample 1 (11): most
methods 0 diff;, HMA
+1; LR —1; Kalman —2.
Sample 2 (15): LOWESS
0; MA +1; EMA +5;
DEMA +13; WMA +5;
HMA +10; ALMA +2;
LR 0; QR +3; Kalman
+2. Kalman delayed;
DEMA /HMA produced
spurious short cycles.

2.3. Synthesis of Results

Extracted data were synthesized descriptively, consistent with scoping review methodology.

Studies were first grouped by equipment type (diesel versus battery-electric) and then by method-

ological family (rule-based thresholds, supervised machine learning, deep learning, or unsupervised

/ semi-supervised). Within each group, we tabulated study characteristics (Table 1) and reported

outcomes in their original units (e.g., classification accuracy, precision/recall, F1-scores, energy- or

cycle-time errors). Where feasible, simple counts were computed (e.g., number of studies per method

family, proportion using CAN versus hydraulic pressure signals) to highlight frequency of approaches.

No statistical synthesis (meta-analysis) was attempted, as study heterogeneity in metrics and con-

texts precluded pooling. Instead, trends, gaps, and methodological commonalities were summarized

narratively in Sections 3-6, supported by descriptive tables and the Transferability Lens framework

(Section 2.2).

2.4. Transferability Lens and Rationale for Hand-Picked Exemplars

Although only one peer-reviewed paper addresses operational cycle detection for underground

BEVs, several heavy-duty electric platforms have begun to tackle analogous challenges (e.g., high

payload variation, steep gradients, and intense auxiliary loads). To reinforce Section 4 and broaden

r(s). Distributed under a Creative Commons CC BY license.
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its relevance, we include three additional studies drawn from adjacent BEV domains: a construction
loader, an industrial forklift, and an articulated transit bus. These vehicles were selected because
their operational profiles exhibit key parallels with mobile mining machinery, such as repeated load-
transport-dump cycles, mixed-mode traction demand, stop-and-go operation, and energy recovery
via regenerative braking.

Also, the search targeted cycle detection for mining equipment only; its Boolean logic deliberately
excluded battery-electric automotive terms to keep the sensitivity tractable. However, one of the central
questions of this review—whether methods from other BEV domains can be effectively transplanted
to mining—requires illustrative evidence from outside mining. Given the plethora of terminology
used to describe similar activities (e.g., cycle identification, working stage recognition, operation mode
detection), a second fully optimized database search would have been prohibitively time-intensive
and still risked missing relevant studies. To address this, four articles were selected through an expert
hand-search, ensuring coverage of diverse yet methodologically relevant BEV contexts. These studies
were chosen because they (i) report end-to-end pipelines with transparent data engineering and feature
construction, and (ii) articulate evaluation metrics clearly enough to support qualitative comparison.
The aim is not to prescribe a ready-made toolkit, but to narrate how state-of-the-art approaches in the
automotive domain could be adapted and applied to mining.

Because no published appraisal instrument captures such a domain shift, and context alignment
issues are central to this review, a purpose-designed Transferability Lens was created. Each exemplar
was evaluated along three dimensions:

1.  Transfer distance: near, moderate, or far, reflecting vehicle class and terrain similarity.

2. Dataset-shift type: covariate, prior-probability, concept, or mixed.

3. Context alignment: high, medium, or low overlap in operating environment layout, grade profile,
and payload regime.

This lens lets readers weigh how much methodological adaptation may be necessary before a
given technique can succeed in BEV mining fleets, while keeping the discussion purely narrative.

3. Operational Cycle Detection for Diesel Mobile Mining Equipment

Across the 20 included studies (19 diesel, 1 BEV), extracted study characteristics are summarized
in Table 1. These include vehicle class, mining context, sensors and sampling rate, labelling approach,
methodological family, dataset size, performance outcomes, and reported funding. The following
subsections organize the results thematically by methodological family. In addition, a single article
from the sentinel set (Lewis [9]), not captured by the formal search, is occasionally referenced to
provide methodological context. This study is not part of the included corpus and is not reflected in
the PRISMA counts or tables.

3.1. Sensors, Data Processing and Feature Engineering

The effective detection of vehicular cycles in mining depends on high-quality sensor data. Mobile
mining equipment captures this data through a variety of sensors onboard, with four main "families’
dominating current diesel-based approaches. Each family provides distinct and physically meaningful
signals that help distinguish between operational cycle modes.

*  Hydraulic system pressure: These sensors measure pressure fluctuations in the lift, tilt, and pump
circuits of the hydraulic system. Their near-rectangular pulses clearly segment the loader cycle
into phases such as loading, hauling, dumping, and transiting.

*  Driveline kinematics: This family includes gear selection, engine revolutions per minute (RPM),
and ground speed sensors. These signals help infer machine intent and movement patterns, such
as identifying dumping while stationary through a spike in RPM at zero speed.

*  Brake-system hydraulics: These sensors capture pressure changes in the service and retarder
brake lines. The spikes in these signals serve as strong indicators of dumping or controlled
descents on ramps, which aids in phase detection.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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e  Auxiliary streams: This group comprises lower-rate signals, such as fuel flow and turbo boost,
and higher-rate streams, such as those originating from Inertial Measurement Units (IMUs) and
the Global Positioning System (GPS). These enrich cycle detection models by providing load,
terrain, and location cues; especially useful when primary sensors are unavailable or noisy.

A common challenge is the mismatch in sensor sampling rates, which can complicate downstream
data analysis. To ensure consistency, high-frequency sensor data is typically resampled and stored
on a unified timeline. This processing step allows for standardized downstream processing, such as
sliding-window segmentation for Convolutional Neural Networks (CNNs), where segment lengths can
range from 30 to 120 seconds [3]. In some high-rate vibration studies, such as [19], even more extreme
sampling rates (12.8 kilohertz) are down-sampled to align with slower sensor streams, allowing
simultaneous analysis of disparate streams.

Given the noisy and highly variable conditions under which sensor data is collected, many studies
introduce a data preprocessing step to mitigate noise and inconsistencies. This can involve temporal
smoothing (reducing high-frequency fluctuations while preserving underlying trends), using methods
such as Locally Weighted Scatter Plot Smoothing (LOWESS), Kalman filtering, or robust linear and
quadratic regression [11,17,23]. In addition to smoothing, data processing can include statistical outlier
removal, where values outside of a statistically defined range are removed to improve prediction
accuracy [19,20]. Variables are frequently normalized via min-max scaling or expressed as proportions
of their maximum observed values to enhance comparability between samples [15]. Feature selection
techniques are then used to reduce dimensionality, including autocorrelation-based similarity filtering
[21], exhaustive combinatorial search [2], or ranking by importance with a Random Forest model [18].

Once predictions are made, a final step is often employed to suppress label flips; rapid, isolated
changes in predicted mode that typically arise from momentary noise or classifier uncertainty, such as
a single misclassified sample between two stretches of consistent labels (e.g., five seconds of loading,
a half-second of dumping followed by five seconds of loading). These include majority voting over
sliding windows and finite-state filtering approaches that impose temporal consistency by modeling
state transitions with memory [9,20].

3.2. Supervised Methods

Supervised cycle detection models begin with a training set in which every slice of sensor data
has been tagged as a mode (“loading”, “hauling”, “dumping,” etc.). By examining how signals behave
during each tagged period, the model aims to distinguish one activity from another.

3.2.1. Expert Systems

Early operational cycle detection systems relied on single-signal thresholds: if a measurement
crossed a preset limit, the system declared a mode change. Although conceptually elegant and
computationally frugal, these heuristic-based models falter when faced with vibration noise, sensor
failure, and ambiguous stops.

Polak [17] pioneered this approach with a two-stage routine tailored to hydraulic-bucket pressure
data sampled at 1 Hertz (Hz). First, the raw pressure trace was smoothed using a Kalman filter to
suppress noise while preserving the signal edges. After filtering, a 6 Mpa threshold was applied to
distinguish between full and empty bucket states. Subsequently, a variance drop detector segmented
the timeline into loading, haulage, and return phases. Despite relying on a single sensor channel, this
method achieved a classification accuracy of 75%.

Wodecki et al. [24] identified noise suppression as the primary performance bottleneck. Of the
methods tested, only robust linear and quadratic regressions applied over a 61-second window were
able to smooth a hydraulic pressure trace into a near square-wave form, successfully recovering all 20
ground-truth cycles.
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Building on this insight, Stachowiak et al. [27] combined LOWESS smoothing with a convolution-
based step detector, reaching 96% precision and recall in identifying haulage states across more than
300 cycles. However, the method still misclassified approximately one-third of the loading events.

Single-sensor systems can fail when the sensor is damaged or when multiple stoppage-like states
look identical on that channel [15]. Researchers therefore began to merge readily available variables
into more comprehensive data sets.

Krotetal. [15] compensated for a failed hydraulic pressure sensor in haul trucks by implementing
a set of four signal rules. A two-stage pulse filter, applied to brake pressure, engine RPM, gear position,
and travel speed, successfully identified 90% of unloading events with only 5% false positives, while
also delineating complete cycle boundaries.

Sliwinski et al. [21] analyzed 19 1 Hz sensor streams, first identifying those whose temporal
patterns correlated with the hydraulic-oil-pressure channel. They then filtered to stationary periods
(speed = 0, gear = 0) where fuel consumption exceeded 10% of peak. Using only three common
signals—speed, gear, and throttle position—they were able to reconstruct full work cycles even when
hydraulic pressure data was unavailable.

Wodecki et al. [24] adapted rule-based segmentation to drilling rigs, applying kernel density
thresholds to 10 Hz current-draw data to distinguish idle and drilling modes. In parallel, a Hilbert
envelope transform of 48 kHz acoustic data was used to verify the percussion frequency. This dual-
signal approach successfully segmented a full shift into 28 boreholes, and even flagged instances of
incorrect drilling.

In these studies, combinations of variables (for example, ‘brake engaged + neutral gear + RPM
spike = unload’) act as anchor points. These anchors are then expanded into dense, sample-level
annotations using simple temporal logic such as pulse counting, windowed autocorrelation function
similarity, or regime-specific thresholds. The result is a fault-tolerant, light calibration pipeline capable
of both online deployment and retrofitting historical datasets without manual labelling. However,
even multivariate rule sets falter when operator habits or machine variants break the underlying
hand-coded assumptions: Limitations that motivate a transition towards data-driven models.

3.2.2. Machine Learning

Unlike rule-based models, data-driven approaches replace hand-tuned thresholds with algorithms
that learn the mapping from sensor streams to operational states; in effect, building its own set of rules.
Their evolution mirrors the richness of the available data.

Timusk et al. [2] cast loaded vs unloaded-swing detection on an excavator as a supervised task.
Forty-five hours of speed—vibration data were manually labelled; time-domain & statistical features
were exhaustively pruned, and even elementary classifiers (k-Nearest Neighbors, Linear Discriminant
Analysis, Support Vector Machine (SVM)) reached 94% accuracy (6% error)—proof that judicious
features let simple data-driven models rival rule-based heuristics.

Jakobsson et al. [12] fed a one-dimensional CNN with 50-Hz accelerometer windows and labels
derived automatically from the mass and speed of the payload. The model hit 94% accuracy, beating
classic baselines without feature crafting.

Skoczylas et al. [20] adopted a fully off-board approach in which six axis-specific auto-encoders
compressed 360 Hz inertial IMU windows into low-dimensional codes. These representations were
then passed to a one-dimensional Visual Geometry Group 16-layer network, a convolutional neural
network (CNN) architecture widely regarded as one of the most influential and high-performing
models in computer vision [28]. Applying logical sequence rules to the raw outputs improved
classification performance, yielding an accuracy of 87.7%, with 91% precision and 96% recall.

Lewis [9] trained a compact CNN on 10 Hz telemetry from a Caterpillar LHD; camera-derived
labels plus morphological and Markov smoothing lifted accuracy from 66% to 80%.

Qietal. [18] paired Random-Forest Feature Selection with a Bi-LSTM network on five-second
Controller Area Network (CAN) snapshots from a Sandvik LHD, achieving 91.8% weighted accuracy.
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Skoczylas et al. [3] auto-searched neural network topologies that used a variety of sensor streams;
hydraulic pressure peaks served as weak labels. The best CNN scored 93% unloading accuracy for
haul trucks but only 57% for LHDs.

3.3. Unsupervised and Semi-Supervised Methods

A major challenge with supervised cycle detection methods is the requirement for every data
point be labelled in advance (e.g. ’loading’, "hauling’). Creating these labels is slow and difficult.
Experts usually need to carefully examine sensor data, cross-check them with operational logs, and
align the signals with specific events. In underground mines, this process is even harder due to rough
working conditions, faulty sensors, and constant changes in the way machines operate. These issues
often make reliable manual labelling unrealistic. To address these challenges, researchers have turned
to alternative approaches that reduce or eliminate this burden.

Unsupervised learning methods aim to infer structure in the data without relying on preexisting
labels, typically by grouping similar data points together (also known as clustering). Semi-supervised
learning offers a middle ground between unsupervised and supervised learning, by leveraging a small
amount of labelled data alongside a larger pool of unlabelled samples. In mining applications, this can
translate to significant annotation cost savings while still maintaining classification performance.

Wylomariska and Zimroz [25] pioneered a label-free approach to cycle detection on diesel LHDs
by monitoring a single channel: engine RPM. They computed two complementary second-moment
statistics—windowed variance (R) and cumulative energy (C)—to flag “trapping events” (stationary
periods) whenever both metrics fell below an empirical 50 RPM threshold. Used individually, R
tended to miss extended idle periods, while C tended to over-flag short stalling events. In combination,
however, they identified 95 robust events (approximately 18% of the total shift), which corresponded
almost exclusively to either idling at 700 RPM or sustained full-throttle operation at 2000 RPM.

While Wylomariska and Zimroz [25] demonstrated that careful signal analytics can eliminate
the need for manual labelling, the study also revealed two key limitations: (i) thresholds require
manual tuning for each machine, and (ii) subtle or multi-phase activities become indistinguishable
when relying on a single variable. To address these constraints, subsequent research has integrated
unsupervised or weakly supervised machine learning with domain expertise, aiming to balance
automation with interpretability.

Markham et al. [16] illustrate the most label-frugal end of the spectrum by converting five-second
GPS data from 25 haul trucks into a ten-symbol sequence that encodes vehicle speed and proximity
to shovels, stockpiles, and crushers. Without supplying a single hand annotation, they fit a Hidden
Semi-Markov Model (HSMM) whose transition matrix was constrained only by obvious physical rules
(e.g., a truck cannot jump directly from loading to empty transit). Compared to the mine’s curated fleet
management log, the HSMM recovered 99% of loading events and 91% of dumps, even uncovering 24
valid operational cycles that the official record had missed.

Rather than eliminating labels entirely, Gawelski et al. [11] focuses on identifying one mode
(unloading) with high confidence and letting that cue propagate through the data set. A compact
Support Vector Machine, trained on just two labelled shifts, recognized unloading whenever vehicle
speed was zero and engine RPM sat between 1200 and 2500 RPM. These unloading data points are
clustered with the Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm
to identify successive cycle boundaries; everything between two clustered unloads was treated as a
full operational cycle. The result was a complete cycle trace without consulting hydraulic or brake
pressure channels, which are often noisy or missing in legacy data acquisition systems.

Saari and Odelius [19] inverted the previous workflow: they allowed the algorithm to discover
latent patterns first, then injected semantic meaning. A variational Bayesian Gaussian mixture model
(VBGMM) ingested millions of 12.8 kHz vibration samples, augmented with speed, and clustered them
into ten groups entirely label-free. Subsequently, less than 1% of the samples received expert assigned
mode labels; the group that captured most of a label inherited that operational label. With just this
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single minute worth of labelled data, the VBGMM achieved 100% accuracy in identifying the idling

mode and produced clean, easily interpretable partitions for loading, hauling, and transiting modes.

An overview of the major semi-supervised and unsupervised approaches is covered in Table 2.

Table 2. Label-efficient learning strategies for operational cycle detection.

Strategy

Key Study & Method

Label Economy

Headline Result

Fully generative dis-
covery

Event-anchored

Markham et al. (2022) [16]:
Hidden Semi-Markov Model on
symbolised five-second GPS fixes;
physics rules only prune impossi-
ble transitions.

Gawelski et al. (2020) [11]: SVM
learns the unloading pattern; DB-
SCAN clusters unload flags to

0 manual labels

Labels for one

Retrieved 99% loading, 91%
dumping modes; uncovered 24
cycles missing from the fleet log.

Full duty-cycle trace generated
without hydraulic or brake-

seeding sub-event pressure channels.

bracket cycles.

Saari & Odelius (2018) [19]:
VBGMM finds ten vibration-
speed clusters; < 1% expert tags
“infect” clusters with regime
labels.

Identified idling at 100% accuracy;
clean partitions for loading, haul-
ing, transit.

Cluster-first infec-

tion

Minutes of tags

3.4. Diesel Specific Trends & Key Limitations

Early cycle detection work on diesel haulage equipment relied almost exclusively on single
channels (typically hydraulic cylinder pressure) mixed with fixed thresholds or simple statistical rules
[17,25]. Over the past decade, researchers have migrated toward multivariate inputs and increasingly
sophisticated learning algorithms.

“Virtual-sensor” rule sets now fuse standard electronic control unit (ECU) signals such as brake
pressure, gear, engine speed, and travel speed to withstand missing hydraulic pressure sensors [11,15],
while shallow classifiers demonstrated as far back as 2009 that well-curated features enable reliable
mode labelling without hand-tuned thresholds [2]. The latest generation of papers adopts deep
networks—CNNs on vibration streams [3,12] and Bi-LSTMs on five-second CAN snapshots [18]
to capture non-linear, context-dependent dynamics. However, only 4 of the 19 diesel studies run
rule-based and data-driven models side by side on a common dataset, leaving practitioners without a
benchmarked answer to the question "Which approach is best for my fleet?’

Despite this progress, LHDs remain underrepresented. Most high-quality validations still target
open-pit haul trucks; when loaders appear, performance often decreases (e.g., CNN accuracy drops
from 93% on trucks to 57% on loaders in [3]). Only two vibration or multi-sensor studies address
LHD directly [18,19], highlighting a data and methodology gap for the very machines that dominate
production in narrow-vein and block-cave mines.

Another consistent finding is the strong imprint of operator style on sensor signatures. Cycle
duration, braking patterns, and even average RPMs per mode change with individual driving habits
or changing haul routes, can erode model accuracy [9,11]. Few papers attempt domain adaptation or
style-invariant training; most simply caution that larger and more diverse datasets are needed.

The widespread fragility of hydraulic pressure sensors (frequently damaged or completely absent)
has made many legacy rule-based methods inoperable, prompting a shift to more reliable ECU-derived
signals such as brake pressure, engine speed, and gear selection [13,21].

Finally, the labour-intensive nature of supervised learning remains a significant bottleneck: high-
performing models often require extensive manual labelling, such as annotating 45 hours of excavator
operation [2] or frame-by-frame video analysis of underground LHDs [9]. This annotation burden
scales poorly and impedes fleet-wide deployment.
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4. Battery-Electric Vehicle Operational Cycle Detection: Evidence from Mining
and Lessons from the Automotive Sector

Only one peer-reviewed study specific to mining BEVs met the eligibility criteria. Its characteristics
(vehicle type, mine setting, sensor sources, method, data set size, and results) are included in Table 1.
Because no formal critical evaluation was performed, the findings of this study are descriptively
reported alongside three heavy-duty BEV analogues to contextualize the methodological approaches
and highlight transferability considerations.

4.1. Unique Challenges of BEV Duty Cycles

Battery electric vehicles (BEVs) exhibit operational cycle behaviour that differs fundamentally
from that of internal combustion engine vehicles due to their electric motors, regenerative braking capa-
bility, and auxiliary loads found in off-highway machinery. These differences compel the development
of BEV-specific cycle definitions.

BEV operational cycles introduce complexities that render many diesel-based techniques insuffi-
cient or misleading. Unlike diesel vehicles, BEVs feature the following:

e Aggressive speed transients: Instantaneous peak torque enables sharper accelerations and
decelerations. BEV acceleration phases can be up to 26% longer, and with 18% higher magnitude,
than comparable ICE phases—leaving less time for steady cruising and complicating phase
detection [29].

*  Regenerative-braking distortion: Deceleration profiles are structurally different due to regenera-
tive braking. These introduce negative power spikes and longer braking windows that alter the
temporal features classifiers must learn to recognize [8,29].

* Load asymmetry and State of Charge (SoC) variability: BEVs suffer from power derating under
low battery or high temperature, making the same task look different in different contexts (a
major challenge for supervised models that assume consistency).

Given these challenges, BEV cycle detection algorithms must not only infer vehicle activity but
also do so under conditions of high variability, noisy power signatures, and sensor inconsistency.
Mining-specific research in the BEV domain remains extremely sparse, with only one dedicated study
identified through the database search.

4.2. Electric Haul-Truck Duty-Cycle Classification

Zhang et al. [26] provide the only retrieved and published attempt to model a battery-electric,
mining truck cycle directly from onboard telemetry. Working with a 220 tonne electric-drive haul truck
on a 3.5 km open-pit route-two short ramps, one long incline, and a compacted-gravel surface with an
estimated 3% rolling resistance, the authors captured six complete load-haul-return cycles, plus an
additional idle transfer. These cycles were distilled into a single 1 500-second “representative” profile
and then subdivided it into 146 fixed, 10-second windows, each described by 10 energy-relevant
statistics that included speed, traction-power ratio and average road grade.

The resulting 146 by 10 feature matrix was standardized and reduced with Principal-Component
Analysis (PCA). In this three-dimensional space, the Density-Peak Clustering algorithm uncovered
three clear behavioural groups: high-power loaded hauling (C1), near-zero-power idling or coasting
(C2) and high-speed dynamic braking return runs (C3).

To reconstruct a realistic cycle, the researchers fixed the idle share at roughly 170 seconds, then
scaled the occurrences of C1 and C3 to preserve the measured loaded-haul/empty-return distance
ratio. The final template comprises 930 seconds of loaded haul, 170 seconds of idle, and 400 seconds of
regenerative return, covering 3.4 km loaded and 3.25 km empty-figures that align almost perfectly with
the original GPS data. Speed, power, and grade traces of the synthetic cycle mirrored field statistics so
closely that the authors deemed the reconstruction “strongly reflective” of real operation.

However, its scope is deliberately narrow: a single vehicle, one transport profile, and fixed length
windows leave unanswered questions about generalization and the ability to deploy the approach in
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the field. These gaps underscore how emerging BEV operational cycle research remains compared to
the more mature diesel literature.

4.3. Adjacent heavy-duty BEV studies

Although only one peer-reviewed study focusing specifically on underground BEVs was identi-
fied, this review also examines three additional operational cycle detection studies from non-mining
BEV domains. These works are included not to prescribe ready-made solutions, but to illustrate how
cycle detection techniques have been applied in contexts that share key operational characteristics with
mining BEVs, such as heavy-duty workloads, terrain variability, and prevalent regenerative braking.

Several heavy-duty electric cycle detection articles have begun to tackle analogous challenges:
high payload variation, steep gradients, and intense auxiliary loads. The three studies are summarized
in Table 3.

Table 3. Heavy-duty BEV analogues and their rationale for inclusion in the transferability lens.

Article Vehicle Studied Reason for Inclusion

Loader-centric segmentation that embeds variable-mass and
Ren et al. 2024 [30] 5 t electric wheel loader  shovel-resistance peaks; demonstrates a CAN-bus — PCA +

K-means pipeline with < 3.5% energy-error fidelity.

Double-layer Markov model captures dynamic payload pro-

Tong & Guan 2024 Counter-balanced files; large-scale (194 M points) micro-trip synthesis keeps 13
[31] battery-electric forklifts — performance metrics within +1%.
Gradient-aware micro-trip assembly reproduces

Tong & Ng 2023 [32] Battery-electric buses speed-acceleration statistics on +6% slopes—an analogue for
on steep Hong Kong deep-ramp haulage.
routes

* Percentages denote absolute error relative to measured values.

Ren et al. [30] begin with the classic “V-pattern” of construction loader work. After cleaning 20
CAN-logged cycles, they segment data by gear, speed, and hydraulic-pressure gradients, compress ten
variables into three principal components, and then cluster 200 segments with K-means. Representative
segments nearest each centroid are concatenated and scaled, yielding a synthetic cycle whose simulated
energy demand differs from field tests by only 0.01 kWh—proof that mass variation and shovel-load
peaks must be hard-wired into BEV loader cycles.

Tong and Guan [31] address the challenge of a forklift’s constantly changing cargo weight.
They process three months of 50 Hz telemetry by filtering it into 11,595 micro-trips, applying PCA
for dimensionality reduction, and clustering the results. These clusters are then sequenced using a
double-layer Markov chain—an 18 x 18 transition-probability matrix (TPM) at the macro-state level,
paired with velocity—acceleration TPMs at the micro-state level. A genetic algorithm further refines the
sequence until 13 statistical performance metrics match the ground truth within 1

Tong and Ng [32] extends the micro-trip idea to electric buses on steep urban routes. GPS data is
grouped into downhill, flat and uphill modes; gradient—sensitive vehicle-specific power is computed;
and sub-cycles are concatenated until weekday and weekend profiles match 13 speed acceleration
descriptors within 10%. The resulting Electric-Bus Driving Cycles with Road Gradient (EBDCRG)
expose how continuous 6% slopes dampen aggressive driver inputs, paralleling the ramp effects faced
by underground BEVs.

Crucially, each study isolates one mining-relevant complication: mass change, payload change, or
steep gradients. Cycle detection systems for mining BEVs, particularly underground mining BEVs,
must accommodate all three simultaneously. The techniques above provide a starting toolkit, but a
comprehensive mining solution will require fusing mass, gradient, and payload-aware features.

4.4. Emerging Trends and Limitations

Although only four heavy-duty BEV studies are reviewed, a converging workflow emerges. All
reject passenger vehicle operational cycles in favour of vehicle and context-specific templates that
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capture the dominant mechanical driver of energy use (whether it is shovel resistance, cargo mass,
road slope, or haul/return asymmetry). Continuous telemetry is first chopped into short kinematic
strokes or micro-trips, then passed through PCA, which typically compresses a dozen raw variables
into three axes explaining >80% of the variance. Clustering (usually K-means, though [26] employs
Density—Peak and [31] fuse a double-layer Markov model with a genetic algorithm) labels these
segments, after which representative windows are concatenated into a synthetic cycle. Fidelity is
judged quantitatively: loader and forklift cycles reconstructed in a simulated environment only deviate
<5% from measured energy use [30,31], setting an informal benchmark for future work.

The same papers also expose persistent limitations of current BEV operational cycle detection
techniques. Each cycle is tightly bound to a single machine, duty pattern, or route (i.e., one Hong
Kong bus line, one V-pattern loading task, one representative haul), so transferability remains untested.
Dataset sizes are modest, raising questions about statistical representativeness. Selective simplifications
creep in, such as omitting lift-lower episodes in forklifts or passenger load in buses, potentially biasing
energy estimates. Validation practices are also heterogeneous: while most report error rates, the
haul-truck study by Zhang et al. [26] rely on qualitative “good agreement”, underscoring the need for
standard metrics across platforms.

5. Cross-Domain Transferability

Advancing operational cycle detection for battery electric mobile mining vehicles could benefit
from techniques developed within the automotive domain. This section descriptively explores these
cross-domain methods using a structured Transferability Lens, which evaluates three criteria: transfer
distance, indicating similarity in vehicle and terrain; dataset shift, reflecting differences in data
distributions; and context alignment, assessing environmental similarity (high, medium, or low). This
framework clarifies the adaptation effort necessary for effective method transfer. In particular, all four
automotive studies rely on unsupervised clustering pipelines, reflecting a broader trend in passenger
electric vehicle cycle detection research toward data-driven discovery rather than supervised labelling.
A summary of the lens application to each article is presented in Table 4 below.

Table 4. Transferability assessment of selected automotive BEV studies using the Transferability Lens.

Context

Paper leansfer Covariate Shift Align- SensPr Retraining Feature Final Decision
Distance Mapping Eng.
ment
Berzi et al., Location-bound . . Promising—extra
2016 [33] Moderate (city vs. mine) Medium Medium Low Low work needed
Jing et al Region-specific Promising—needs
2022 [34] Moderate vehicle & traffic Medium Low Low Low fiurther
evelopment

Kreutz et Power-train Promising—strong
al., 2022 Moderate R . Medium Medium Medium Low on annotation

signal variance .
[35] reduction
Wang ef al Localized driver Promising—warrants

8 ” Moderate & traffic Medium Low Low Low mine-site

2021 [36] 1

patterns validation

Berzi et al. [33] proposed a methodology to generate representative electric vehicle driving cycles
for Florence using micro-trip clustering techniques. Their unsupervised approach used CAN bus and
GPS signals collected at 4 Hz from approximately 2,500 km of data that spanned 13 electric vehicles. Key
metrics included performance values, energy consumption accuracy, and Speed-Acceleration Probability
Density comparisons. Through the transferability lens, the approach has a moderate transfer distance due
to city-specific driving patterns, a covariate dataset shift from location-bound differences, and medium
context alignment since urban conditions differ notably from mining environments. Adaptation would
require medium effort for sensor mapping, low effort for retraining (due to procedural nature), and low
effort for feature re-engineering. This method is promising, but it needs additional work.
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Jing et al. [34] introduced an innovative hierarchical clustering pipeline to address the limitations
inherent to K-means clustering in electric vehicle cycle design. Their method processed GPS and On-
Board Diagnostics (OBD) data sampled at 1 Hz, covering 1,162 micro-trips from a single BEV in China.
It involved wavelet denoising, extracting fifteen kinematic features, applying PCA and agglomerative
hierarchical clustering. The evaluation considered relative error in characteristic features, power
efficiency simulations, and similarity of the velocity acceleration matrix. Under the transferability
lens, the method has a moderate transfer distance due to region-specific data, covariate shifts from
varying vehicle and traffic conditions, and medium context alignment owing to sparse environmental
details. The adaptation effort across sensor mapping, retraining, and feature engineering would be
low, positioning the approach as promising but requiring further development.

Kreutz et al. [35] demonstrated a significant advancement in discovering common driving events
from vehicle CAN data using a self-supervised learning approach combined with clustering. Using
Tesla Model 3 data initially sampled at 200 Hz and resampled to 10 Hz, the authors applied various
neural network encoders (such as Drive2Vec [37], followed by clustering algorithms to segment
driving data into meaningful events. The method’s effectiveness was evaluated against manually
annotated ground-truth events. This approach is assessed to have a moderate transfer distance due
to differences between passenger BEVs and mining BEVs, covariate shift from varied power train
signals, and medium context alignment given general road versus underground settings. A medium
effort would be needed in sensor mapping and retraining, while a feature engineering effort would be
low. The approach shows promise, particularly in addressing manual annotation difficulties and in
reducing sampling bias through its automated segmentation.

Wang et al. [36] developed a typical urban driving cycle for BEVs in Xi’an, China, using kernel
principal component analysis (KPCA) coupled with K-means and Random Forest clustering techniques.
Data collection employed GPS, OBD, and VBOX sensors at 1 Hz, resulting in 1,414 micro-trips from one
week’s operation of BEVs. Their unsupervised method featured fourteen kinematic parameters, KPCA
dimension reduction, and refined clustering. The validation included cluster validity metrics, relative
errors, and comparisons against standard legislative cycles. Evaluated through the transferability lens,
this method possesses a moderate transfer distance due to the specificity of urban driving in the city of
Xi’an, covariate data set shifts driven by localized traffic and driver behaviour, and medium context
alignment. Adaptation efforts in sensor mapping, retraining, and feature engineering would be low,
categorizing it as promising but requiring further evaluation and validation in mining applications.

6. Discussion

This review addressed the overarching question of which methods have been applied to detect
operational cycles in mobile mining equipment, how methodological assumptions differ, and how
transferable these approaches are across domains. In relation to the objectives set out in Section 1,
the evidence synthesis shows that: (i) diesel studies have evolved from rule-based thresholds to
multivariate deep learning architectures, (ii) the nascent BEV literature — both mining and heavy duty
analogs favor unsupervised clustering pipelines with PCA-based compression, and (iii) significant gaps
remain around open datasets, evaluation standards, and readiness for deployment. These findings
inform both methodological practice and future research directions.

6.1. Trends in Operational Cycle Detection
Four overarching trends in operational cycle detection methodologies have been identified.

1.  Shift from Thresholds to Learned Representations: Across both diesel and BEV platforms, there
is a clear progression from hand-crafted rule sets to learned representations. Diesel studies have
moved from single-variable and threshold-based, to supervised deep learning architectures such
as CNNs and Bi-LSTMs [3,18]. Similarly, BEV studies employ PCA-based feature compression

and clustering pipelines that allow for flexible, data-driven phase discovery without predefined
thresholds [30,31].
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2. Emergence of Modular, Pipeline-Oriented Architectures: A common architectural pattern is
becoming apparent: segmentation, then dimensionality reduction, then clustering or classification,
ending with post-processing or synthesis. This modular structure is evident in both unsupervised
and supervised workflows, including [21] for diesel and [26,30] for BEVs. It offers a flexible
foundation for adapting classifiers across platforms and signal types.

3. Toward Quantitative, Simulation-Based Validation: Earlier work often reported only qualitative
agreement or raw cycle counts. Recent studies are trending toward more standardized, simulation-
based validation: diesel classifiers are now evaluated using segment-level precision and recall
[9,18], while BEV studies benchmark reconstructed cycles using energy-consumption errors < 5%
[30,31]. This shift improves comparability and promotes methodological rigour.

4. Vehicle and Context Specific Operational Cycle Design: Diesel and BEV cycle detection pipelines
are increasingly tailored to the operating conditions and mechanical realities of specific vehicle
classes. Diesel studies differentiate loaders from haul trucks in both signal use and model
architecture [3,18], while BEV research encodes domain-specific constraints such as gradient bins
[32], shovel-resistance [30] or payload mass [31]. This marks a clear departure from generalized
or automotive-style operational cycles.

6.2. Cross-domain Lessons

Recent passenger BEV duty-cycle literature increasingly adopts unsupervised and self-supervised
methods, predominantly relying on clustering of raw telemetry data to identify recurring operational
patterns without costly labels. Approaches range from classic partitioning methods, such as K-means,
to advanced embedding-based clustering techniques. Although effective in generating representative
cycles for on-road BEVs, the key unresolved challenge for underground mining BEVs remains: trans-
lating statistically derived clusters into specific and operationally meaningful activities. Currently, this
critical mapping step is mainly performed manually, limiting the transition from descriptive analytics
to actionable insights in mining operations.

Also, the four automotive studies demonstrated that algorithmic robustness is governed as much
by hyperparameter choice as by model architecture. In future mining BEV cycle identification studies,
the first step should therefore be a rapid global sensitivity analysis to isolate the most important
parameters before committing to exhaustive tuning. Systematic ablation studies, largely absent from
the mining literature, can then clarify which signals and design choices actually drive performance.
Road vehicle research underscores the stakes. Jing et al. [34] showed that K-means is acutely sensitive
to cluster count and random seeding; switching to agglomerative clustering delivered policy-coherent
speed regimes without an onerous grid search. Kreutz et al. [35] demonstrated that window length and
embedding dimension choice directly affect unsupervised event discovery, with dimensions of 10-20
and windows of 5-15 samples found to be optimal. Together, these findings advocate for a disciplined,
empirically grounded hyper-parameter workflow in mining deployments.

Finally, while Markov chain-based approaches appear to be an attractive modelling choice, their
practical limitations—especially around scalability and reproducibility—become apparent as both
dataset size and system complexity grow. Wang et al. [36] achieved a plausible urban BEV cycle using
a Markov model, yet replication proved tenuous and computational costs escalated as state—space
complexity grew, motivating a shift toward lighter PCA and clustering pipelines. Earlier safeguards
proposed by Tong and Guan [31] (state-space pruning, transition-probability regularization, and
validation against held-out trips) remain instructive. For mining BEVs, where cycle modes change
abruptly and data volumes are large, either reinstating these robustness measures or abandoning the
Markov framework may be prudent. Ultimately, method selection should account for scalability and
reproducibility, ensuring that results generalize across fleets and mine sites.

6.3. Research Gaps and Limitations

Several significant limitations remain unaddressed. A critical data-related gap is evident in the lack
of publicly available datasets for mobile mining machinery, starkly contrasting the automotive industry,
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which benefits from numerous open datasets and standardized benchmarks [38,39]. This shortage
hampers reproducibility, prevents meaningful comparative analyzes, and limits the engagement of the
larger research community.

Inconsistencies in metrics and evaluation practices also present significant hurdles. No stan-
dardized duty cycles currently exist for specific classes of mining vehicles, and even among identical
machine types, the authors diverge in defining precise operational states and transition points. For
example, when defining LHD operational cycles, ambiguity often arises around transitions between
loading and loading modes due to overlapping mode signals.

From a modelling perspective, the potential of semi-supervised learning approaches remains
significantly under utilized, despite their promise in addressing label scarcity and leveraging large
volumes of unlabelled operational data.

Moreover, the application of explainable machine learning techniques is notably absent from
existing research; methods such as SHAP values for interpretability [40], have not been explored
within published cycle detection studies, representing a critical research gap that could otherwise
enhance practical adoption of current models.

Finally, substantial deployment challenges persist, marked by a notable gap between research
demonstrations and production-ready, real-time cycle detection systems (only 3 out of the 20 cycle
detection papers found through the search could be considered as evaluated in real time). Addressing
real-world constraints, such as computational resource limitations, sensor noise, and latency requirements,
is essential to transition promising research results into robust and reliable tools that mining operators
can practically adopt and integrate into existing fleet management and maintenance workflows.

Limitations of the review process: Beyond the field-level gaps identified above, the review process
itself carries limitations. Only one bibliographic database (Lens) was searched, which may have
excluded relevant studies indexed elsewhere. The review was limited to English-language publications,
and all screening and data extraction was carried out by a single reviewer, which introduces potential
selection bias. To mitigate these risks, backward and forward citation chasing of sentinel papers and
expert hand-searching of BEV exemplars were performed. However, it remains possible that some
relevant studies were missed.

6.4. Future Research Opportunities

The primary barrier limiting progress in the detection of mobile mining equipment operational
cycle is the absence of open data sets, preventing meaningful comparison between studies. Developing
and releasing a mining cycle identification benchmark data set (similar in style to the Turbofan Engine
Degradation Simulation Data Set provided by NASA [41], pairing annotated CAN and inertial streams
with clear metrics would enable consistent evaluations and facilitate direct comparison of methodologies.

Expanding research into unsupervised, semi-supervised, and self-supervised learning techniques
(similar to the push seen in driving cycle literature for passenger vehicles) presents a promising
opportunity. For instance, adopting techniques inspired by natural language processing (such as the
Double Articulation Analyser method [42]) could help better identify and characterize operational
modes without extensive manual labelling.

Finally, there is considerable value in moving toward deployment-focused research, involving
models tested in real-life operational settings. Future work could explore reinforcement learning-based
post-processing techniques [43] to continuously refine the models initially trained offline, as well as
the development and validation of real-time data pipelines. Incorporating lightweight, latency-aware
model architectures, such as those demonstrated in Tiny-scale Machine Learning anomaly detection
applications [1], could significantly enhance model suitability by allowing models to be deployed
onto mobile mining equipment.

7. Conclusions

This review charted the evolution of operational cycle detection for mobile mining equipment,
tracing the field’s shift from single-sensor thresholds to multivariate, machine learning-based pipelines
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for diesel fleets, and examining the nascent literature on battery-electric mining vehicles. By applying
a purpose-built three-axis Transferability Lens, we also gauged how state-of-the-art automotive BEV
techniques might be adapted to mobile mining equipment. In doing so, the paper fulfills its stated
objectives: (i) synthesizing and contrasting diesel and BEV methodologies, (ii) evaluating the cross-
domain applicability of non-mining BEV approaches, and (iii) exposing critical gaps—including the
scarcity of open datasets, limited use of semi-/self-supervised learning, and the need for real-time,
edge-ready solutions. Addressing these gaps will accelerate robust, easily deployed cycle detection
systems for next-generation battery-electric mining fleets.
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Abbreviations

The following abbreviations are used in this manuscript:

BEV Battery-Electric Vehicle

CAN Controller Area Network (vehicle data bus)
CNN Convolutional Neural Network

DBSCAN Density-Based Spatial Clustering of Applications with Noise
ECU Electronic Control Unit

GPS Global Positioning System

VBGMM Variational Bayesian Gaussian Mixture Model
HSMM Hidden Semi-Markov Model

IMU Inertial Measurement Unit

KPCA Kernel Principal Component Analysis

LHD Load-Haul-Dump (vehicle)

LOWESS Locally Weighted Scatterplot Smoothing

LSTM Long Short-Term Memory network

Bi-LSTM Bidirectional Long Short-Term Memory network
OBD On-Board Diagnostics

PCA Principal Component Analysis

PRISMA-ScR  Preferred Reporting Items for Systematic Reviews and Meta-Analyses — Scoping Review extension
RPM Revolutions Per Minute

SVM Support Vector Machine

SoC State of Charge (battery)

TPM Transition Probability Matrix
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Appendix A. Search Strategy
The full Lens query executed on 27 June 2025 was:

year_published: [2000 TO 2025] AND

("duty cycle" OR "work cycle" OR "haulage cycle" OR

"load-haul cycle" OR "machine cycle" OR "operating mode" OR
"machine state" OR "regime detection" OR

"cycle segmentation" OR "cycle identification" OR

"state detection" OR "state recognition" OR

"usage characterisation") AND

(loader* OR truck* OR haul* OR "load haul dump" OR LHD* OR
scooptram* OR bogger* OR "wheel loader" OR vehicle* OR machinex*) AND
(abstract: (mining OR underground OR "surface mine") OR

title: (mining OR underground OR "wheel loader" OR "load haul dump"
OR LHD%*))

NOT ("urban driving cycle" OR "traffic cycle")
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