World Electric
Vehicle Journal

Article

Field-Based Reliability and Battery Lifetime Assessment of
Autonomous-Range Trolleybuses

Boris V. Malozyomov {9, Nikita V. Martyushev >*(), Vadim S. Tynchenko 34, Vitaly Aleksandrovich Gladkikh 50,
Tatyana Aleksandrovna Panfilova -, Aleksey Sergeevich Govorkov (7, Valeriya V. Tynchenko 8

and Marina A. Modina ?

W) Check for updates

Academic Editor: Michael Fowler

Received: 19 June 2026

Revised: 18 July 2026

Accepted: 20 July 2026

Published: 22 July 2026

Copyright: © 2026 by the authors.
Published by MDPI on behalf of the
World Electric Vehicle Association.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons

Attribution (CC BY) license.

Department of Electrotechnical Complexes, Novosibirsk State Technical University, Novosibirsk 630073,
Russia; borisnovel@mail.ru

Department of Information Technology, Tomsk Polytechnic University, Tomsk 634050, Russia

Artificial Intelligence Technology Scientific and Education Center, Bauman Moscow State Technical
University, Moscow 105005, Russia; vadimond@mail.ru

Department of Technological Machines and Equipment for the Oil and Gas Complex, Siberian Federal
University, Krasnoyarsk 660041, Russia; t_pan80@mail.ru

5 Research and Information Center “MGSU STROY-TEST”, Moscow State University of Civil Engineering,
Moscow 129337, Russia; gladkich_87@mail.ru

Center for Continuing Education, Bauman Moscow State Technical University, Moscow 105005, Russia;
vvtynchenko@sibsau.ru

E.L Popov Institute of Information Technology and Data Analysis, Irkutsk National Research Technical
University, Irkutsk 664074, Russia; govorkov_as@istu.edu

Department of Software Engineering, Siberian Federal University, Krasnoyarsk 660041, Russia
Department “Operation of Marine Mechanical Installations”, Admiral Ushakov State Maritime University,
Novorossiysk 353918, Russia; marishamodina@yandex.ru

Correspondence: martjushev@tpu.ru

Abstract

This study presents an empirical fleet-level assessment of 110 autonomous-range trol-
leybuses using anonymized records collected over 12 months. The dataset comprises
40,150 vehicle-day operating records, 40,150 energy records, 3960 pack-month SOH records,
and 584 maintenance, failure, and downtime events. Outcomes are reported in absolute
units: RUB/km for LCC, kg CO;-eq/km for ELC, events per 100,000 km, and downtime
hours per 10,000 km. Autonomous operation accounted for 24.5% of mileage. Average
net energy consumption was 1.520 kWh/km, whereas mode-distributed gross energy was
1.521 kWh/km in contact-supply mode and 1.752 kWh/km in autonomous mode. The
daily-energy model achieved a full-sample fit of R? = 0.860 and MAPE = 8.119%. Validation
of vehicle-grouped data using the generated dataset showed R? = 0.842 and MAPE = 8.74%.
Mean SOH decreased from 89.98% to 85.94%, accompanied by higher internal resistance.
In the central 6.5-year scenario, diagnostic-gated strategy B2 reduced estimated LCC
from 29.52 to 26.16 RUB/km. The event-weighted control effect by RPN decreased from
125.4 to 80.4 (35.9%). Baseline ELC decreased only from 0.6646 to 0.6594 kg CO,-eq/km be-
cause operational electricity dominated the total. The contribution is an observation-linked
framework that integrates vehicle-day operation, pack-month diagnostics, and event-level
maintenance data to compare cost, emissions, and risk under explicit battery-eligibility
and service-coverage constraints. The novelty is therefore the empirical, observation-level
coupling and joint calibration of existing energy, battery-condition, life-cycle, and reliabil-
ity methods within one auditable fleet workflow, rather than the introduction of a new
standalone degradation or reliability model.
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1. Introduction

The decarbonization of urban mobility, increasing requirements for public-transport
availability, and the modernization of transport infrastructure create engineering tasks
in which rolling stock must be evaluated using life-cycle, resource, environmental, and
risk indicators in addition to specific energy consumption [1,2]. Urban-mobility roadmaps
and transport-planning reviews likewise emphasize infrastructure and implementation
constraints in sustainable mobility transitions [3,4]. For municipal authorities and fleet
operators, the critical outcomes are life-cycle cost, vehicle availability, battery service life,
reliability of high-voltage components, unplanned-downtime risk, and the environmen-
tal consequences of operation and replacement of material-intensive components [5-8].
Reliability-oriented engineering models likewise stress system-level failure consequences
and component interactions [9,10]. These outcomes depend not only on vehicle design
but also on route structure, power-supply mode, climate, catenary condition, maintenance
practice, and the completeness of operational telemetry [11].

An autonomous-range trolleybus occupies an intermediate position between a conven-
tional trolleybus and a battery—electric bus. It remains connected to the catenary network
where infrastructure is available, while onboard energy storage enables operation through
network gaps and on route extensions without overhead supply [12-14]. Autonomous
operation therefore constitutes a distinct transport and energy function that changes energy
demand, battery cycling, maintenance requirements, and operational risk [15,16].

Autonomous operation cannot be regarded as a cost-free route extension. It introduces
additional battery cycling and conversion losses across the catenary—charger-battery—
power-electronics—traction chain, while increasing sensitivity to ambient temperature,
HVAC demand, battery cooling, converter loading, and high-voltage insulation conditions.
Auxiliary-system power demand is also a material contributor to electric public-transport
energy use [17]. The permissible autonomous mileage share pAH must therefore reflect
route demand, energy efficiency, remaining ESS life, pack-specific diagnostic status, failure
risk, downtime cost, and the maturity of the operator’s data infrastructure [18]. Comparable
energy-storage control studies likewise show that reliability gains depend on constrained,
data-driven operating policies [19]. An autonomous-range trolleybus should consequently
be evaluated as an integrated route—energy-battery—maintenance-risk system rather than
as a conventional trolleybus fitted with an auxiliary battery [20,21].

Previous research on electric buses, trolleybuses, and battery—electric vehicles has
developed several mature but largely separate analytical streams, including operational
energy modelling, life-cycle cost assessment, environmental assessment, battery SOH
and degradation analysis, and reliability- or FMEA-based evaluation [22-26]. These stud-
ies provide a methodological basis for each individual assessment layer, but they com-
monly use different observational units, datasets, and scenario assumptions. Consequently,
autonomous-operation intensity may be quantified in the energy model without consis-
tently propagating its consequences to battery conditions, maintenance burden, life-cycle
cost, emissions, and failure risk.

The specific scientific gap addressed in this study is the absence, within the reviewed
literature, of a fleet-level workflow that links vehicle-day operation, mode-resolved CS/AH
energy telemetry, pack-month battery diagnostics, and event-level maintenance and failure
records before calculating life-cycle and risk indicators. Without such linkage, it is difficult
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to distinguish whether higher energy consumption and battery degradation are associated
with AH operation itself or with correlated factors such as seasonal conditions, route
structure, passenger load, HVAC demand, EFC accumulation, and thermal history [27-29].
When these variables are evaluated in separate models or only through annual averages, the
burden attributed to autonomous operation may be confounded with climatic, operational,
and degradation-related effects [30].

This study addresses the identified gap through a common linked data structure and a
sequential data-to-decision workflow. Daily mileage and energy records are first reconciled
at the vehicle-day level; SOH, internal resistance, EFC, available capacity, and temperature
events are evaluated at the pack-month level; and maintenance, failure, downtime, and
cost consequences are retained at the event level. These layers are subsequently propagated
into absolute fleet-level decision metrics—RUB/km, kg CO,-eq/km, events /100,000 km,
downtime h/10,000 km, and weighted RPN—rather than being compared only through
independently parameterized or normalized scenario indicators [31-35].

A linked 12-month database was first formed for 110 autonomous-range trolleybuses,
comprising 40,150 vehicle-day operating records, 40,150 energy records, 3960 pack-month
SOH records, and 584 maintenance, failure, and downtime events. After data-quality
control, the distributions of Ltotal, LCS, LAH, pAH, eavg, eCS, eAH, SOH, Rint, EFC,
downtime, and failure modes were calculated. The daily-energy model was then checked
against measured daily energy, and the resulting operational indicators were propagated
to LCC, ELC, and FMEA calculations. This sequence replaces normalized indices with
auditable absolute metrics: RUB/km, kg CO,-eq/km, events per 100,000 km, downtime
hours per 10,000 km, and event-weighted RPN.

The central research question is how linked operational, energy, battery-diagnostic,
and maintenance records can be used to determine whether a condition-based battery-
life extension policy remains economically beneficial and risk-acceptable across the ac-
tual levels of autonomous operation, seasonal temperature, route heterogeneity, and
battery conditions.

Accordingly, the aim of this study is to develop and empirically test a fleet-level as-
sessment framework that links CS/AH operation, measured energy demand, battery
SOH and internal resistance trajectories [36,37], maintenance and failure events, life-
cycle cost, life-cycle emissions, and risk indicators. The object of this study is a fleet of
110 autonomous-range trolleybuses operated under pronounced seasonal and route vari-
ability. The analysis is based on 40,150 vehicle-day operating records, 40,150 energy records,
3960 pack-month diagnostic records, and 584 maintenance, failure, and downtime events.

The methodological contribution of the study is the observation-level coupling of
five assessment layers that are commonly analyzed separately. First, net daily energy and
mode-distributed CS/AH energy are retained as physically distinct quantities within a
common energy balance. Second, the contribution of autonomous mileage is evaluated
jointly with temperature, passenger load, route structure, and auxiliary demand rather than
through a fixed autonomous-mode coefficient. Third, battery-life extension is formulated
as a diagnostic-gated strategy based on SOH, internal resistance, cycling, thermal history,
and failure events rather than as an unconditional calendar extension. Fourth, economic,
environmental, and reliability outcomes are expressed in absolute fleet-level units and are
derived from the same operational records [38].

The contribution is therefore integrative and empirical rather than based on a new
standalone energy model, battery chemistry, SOH estimator, life-cycle assessment method,
or FMEA procedure. Its novelty lies in the reproducible linkage and joint calibration of these
analytical layers using the same fleet observations. This structure permits the economic
benefit of the B2 strategy to be evaluated simultaneously with battery-condition constraints,
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energy consequences, and failure-risk requirements [39,40]. Accordingly, the claimed
novelty is a systems-integration contribution: common identifiers, aligned observational
units, and a shared decision layer enable cross-domain conclusions that cannot be obtained
when the constituent methods are applied independently.

The remainder of the article is structured as follows. Section 2 describes the fleet,
linked database, quality control procedure, CS/AH energy model, SOH-Rint-EFC diag-
nostic block, LCC and ELC calculations, FMEA, and the discrete multi-criteria scenario
comparison. Section 3 reports operating distributions, seasonal energy patterns, energy-
model validation, SOH and resistance trends, failure and downtime structure, LCC and
ELC decomposition, FMEA results, scenario comparison, and sensitivity analysis. Section 4
discusses engineering interpretation, diagnostic eligibility for B2, environmental and eco-
nomic limits, study limitations, and practical recommendations. Section 5 summarizes the
principal findings.

2. Materials and Methods
2.1. Object of Research and Boundaries of the System

7

This study considers a fleet of autonomous-range trolleybuses of the “Gorozhanin”’
family operated in an urban network with pronounced seasonality [41]. The unit of
observation is the vehicle-day for operational and energy data, the pack-month for battery
diagnostics, and the maintenance, failure, or downtime event for reliability analysis [42].
The multi-level observation structure follows established empirical case-study design
principles [43,44].

The functional unit is 1 vehicle-km of fleet operation. The system boundary includes
vehicle operation, maintenance and repair, battery replacement or condition-based life
extension, diagnostic procedures, residual value, and ESS recycling [45]. Traction-drive
and vehicle-body manufacturing are excluded from the B1-B2 difference because these
components are unchanged between the compared battery strategies [46]. The explicit
system boundary also supports theory building from a bounded engineering case while
retaining traceability of the compared alternatives [47,48].

Figure 1 summarizes the data and calculation workflow. The procedure starts with
verified operational records, proceeds through energy, battery, and failure models, and ends
with LCC, ELC, event-weighted RPN, and a discrete multi-criteria scenario comparison. The
workflow therefore separates measured records, statistically aggregated indicators [49,50],
and B1/B2 management scenarios. This progressive case-study logic separates empirical
evidence, analytical generalization, and decision-oriented interpretation [51-53].

Fleet registry > Battery SOH

110 vehicles " 3,960 pack-months \
. .
d Empirical models
/ Energy, SOH, FMEA
Maintenance and failures l

\.

~
/
>
/

Daily route logs

\ 4

40,150 vehicle-days 584 events
. Y, . Y,
s ~ - “
Decisi tput
Energy telemetry > Cost and ELC inputs Lcc, :E::S,Te?guhr:d SRPN
40,150 records LCC/ELC factors Scenario comparison
\ Y, \ Y,

Figure 1. Empirical data workflow linking fleet records, route logs, energy telemetry, SOH diagnostics,
maintenance events, and life-cycle decision metrics.
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Figure 1 shows that management scenarios are applied only after the operational,
diagnostic, and event records have been linked and checked. This ordering improves
traceability and reduces the risk of artificial precision when fleet-level conclusions are
derived from disconnected assumptions [54].

2.2. Composition of the Empirical Database

Table 1 identifies the linked data blocks, their volumes, key fields, and roles in the
fleet-level analytical workflow.

Table 1. Composition of the linked empirical database used in the fleet-level analysis.

Data Block

02_Fleet_registry
03_Daily_route_logs
04_Energy_telemetry
05_Battery_SOH
06_Maintenance_failures

10_Data_quality_log

Volume Key Fields Usage in the Article
110 vehicle_id_hash, depot, capacity, Fleet definition, mileage normalization,
odometer and completeness check
40,150 date, vehicle, route, total_km, pAH, daily mileage, seasonality,
! CS_km, AH_km, temperature routing
40150 total_energy, CS_energy, eavg, eCS, eAH, energy-model
! AH_energy, regen, HVAC validation
SOH, capacity, internal resistance, ESS condition, B2 diagnostics, and
3960 .
EFC, temperature degradation assessment
event_type, failure_mode, Failures, maintenance, FMEA,
584 ) .
downtime, labour, parts downtime, cost
371 issue_type, decision, verification uncertainty, filtering, and
rule reproducibility

Table 1 shows that vehicle-day operating records are linked to energy telemetry,
pack-month SOH diagnostics, event-level maintenance and failure data, and cost and
environmental factors. This structure supports both B1/B2 scenario comparison and
statistical analysis of seasonality, route heterogeneity, battery conditions, and failure burden.

Anonymization, Record Linkage, Preprocessing, and Uncertainty Reporting

Before the analytical tables were linked, direct identifiers were removed from the oper-
ator exports. Vehicle identifiers were replaced with irreversible vehicle hashes, and route
identifiers were represented by generalized route codes. Personnel identifiers, internal asset
numbers, commercially sensitive accounting fields, and information that could directly
identify individual employees or operational counterparties were excluded. Vehicle-day
records were linked by vehicle hash and operating date, battery-diagnostic records by vehi-
cle hash, battery-pack code, and month, and maintenance or failure records by vehicle hash,
event date, and event category. This study did not use personally identifiable information.

Preprocessing was performed separately for each analytical variable rather than by
deleting an entire vehicle-day whenever one field was incomplete. Mandatory checks
included date validity, non-negative mileage and energy values, non-zero denominators,
consistency between total, CS, and AH mileage, and the availability of the corresponding
vehicle identifier in the fleet registry. Target variables—daily energy, mileage, SOH, internal
resistance, and event duration—were not imputed. If a noncritical auxiliary field was
incomplete, the record was retained only for analyses that did not require that field. Records
requiring verification were checked against the corresponding source log and neighbouring
vehicle-day or vehicle-week records. Unresolved values were excluded only from the
affected metric and retained in the data-quality log with the reason for exclusion.

Three forms of uncertainty were distinguished. First, empirical variability was re-
ported using standard deviations, interquartile ranges, and 5-95% intervals. Second,
predictive uncertainty of the energy model was characterized using MAPE, RMSE, residual
diagnostics, and validation by operational subgroup. Third, data-quality uncertainty was
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represented by the record-status categories reported in Table 2. The original operator
exports did not include complete calibration certificates for all onboard measurement
channels; therefore, unsupported sensor-level uncertainty values were not assigned retro-
spectively. The reported uncertainty ranges characterize fleet variability and model error
and should not be interpreted as manufacturer-certified instrument tolerances.

Table 2. Data-quality categories, preprocessing rules, and use of records in the analysis.

Number of Final Use and Uncertainty

Record Status Records Share, % Identification Rule Treatment
Mandatory vehicle hash, date,
OK 35,742 89.0 . calculations without
non-negative; the record passed .
. correction
cross-table and mileage-balance
checks
Core outcome and exposure Retalr}ed only in a nalyses
. . that did not require the
variables were available, but at missine field: tarcet ener
Partial 3615 9.0 least one noncritical auxiliary, S5 s rarget 8y
cpe . d mileage, SOH, and internal
classification, or contextual field .
. resistance values were not
was incomplete .
imputed
Checked against the source
Cross-table mismatch, zero or log and neighbouring
physically invalid denominators, vehicle-day or vehicle-week
Needs verification 793 2.0 implausible value, or records; retained only after
inconsistency between total, CS,  reconciliation, otherwise
and AH mileage or energy fields excluded from the affected
metric
Total vehicle-da Complete operational and Used as the denominator for
y 40,150 100.0 energy analysis base before reporting the record-status

records

metric-specific exclusions distribution

Note: The 371 entries in 10_Data_quality_log are issue-level records rather than additional vehicle-day obser-
vations. Each entry contains the affected record or variable, issue category, verification action, final inclusion or
exclusion decision, and the corresponding justification.

The record-status categories and the corresponding metric-specific preprocessing rules
are summarized in Table 2. The categories refer to the 40,150 vehicle-day operational and
energy records, whereas the separate data-quality log contains issue-level decisions and is
not an additional set of vehicle-day observations.

Table 2 shows that 89.0% of the vehicle-day records passed the mandatory checks with-
out correction. Partial records were not automatically discarded because many remained
valid for analyses that did not require the incomplete auxiliary field. Conversely, a record
was not retained merely because it belonged to the original export: values that could not be
reconciled were excluded from the specific calculation affected by the inconsistency. This
metric-specific rule preserved usable observations without imputing the principal energy,
mileage, or battery-condition variables.

Representative anonymized fleet ranges are reported to make the empirical scale of
the data transparent without disclosing commercially sensitive record-level information.
Daily vehicle mileage was 153.4 &= 35.5 km per vehicle-day. The median autonomous-
operation share was 26.3%, with an interquartile range of 18.8-31.1% and a 5-95% interval
of 10.9-33.3%. Across the monthly aggregates, eavg ranged from 1.293 to 1.946 kWh/km,
eCS from 1.388 to 1.771 kWh/km, and eAH from 1.608 to 2.056 kWh/km. Monthly mean
SOH ranged from 85.94% to 89.98%, with monthly cross-pack standard deviations of
3.63-3.81 percentage points; mean internal resistance ranged from 14.92 to 15.83 m(}, and
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mean EFC increased from 37.62 to 392.30. These values are calculated from anonymized
operational observations and are not model-generated records.

The reported ranges describe between-record, between-vehicle, and seasonal vari-
ability. They are therefore distinct from instrument calibration uncertainty. Model-related
uncertainty is reported separately through prediction errors and residual diagnostics,
while record-level limitations are represented by the quality categories and metric-specific
exclusions defined above.

2.3. Calculation of Operational and Energy Indicators

For the transition from primary operation logs to life-cycle indicators, each record
was considered at the vehicle-day level, that is, as a daily operational implementation of a
particular trolleybus [55]. For record j, the total mileage Liot,1 j, mileage in the power-supply
mode from the contact network Lcs j, mileage in autonomous mode Lap j, daily electricity
consumption Ejyta1 j, and mode-distributed energy components were recorded as Ecs j and
Ean,j, recovered energy Eiegen j, as well as the energy of auxiliary systems Egqyac/auxj-

Liotaj = Lcs,j + Lam,j-
The actual autonomous-operation share for each daily record was determined as

Lan,j

Par; = Ltotal,j ’

where pap ; is the observed share of autonomous mileage in daily transport work; Ly j is
mileage in autonomous mode, km; Ly, j is the total daily mileage, km. Unlike the passport
limit “up to 30 km of autonomous travel”, the value pap ; was not set normatively but was
extracted from the actual structure of the route, shift, and autonomous sections. Therefore,
in further calculations pap j, it was considered as an empirically observable variable [56],
reflecting the real operating mode [57], and not as a predetermined scenario parameter.

The average specific energy of daily operation was calculated as

E total,j

favg] = Ltotal,j/
where e,y ; is the average specific energy, kWh/km; Eiyta j is measured daily net energy,
kWh; Liotayj is the total daily mileage, km. eavg was further used in the LCC and ELC
calculations, as it corresponds to the energy actually taken into account by the operator
when estimating operating costs and carbon footprint.

To characterize the power-supply modes separately, the specific energies in the CS
and AH modes were additionally calculated:

Ecs,j
fes) = Les’

Ean,
AR = Lan,;’

where ecs; is the specific energy of motion when powered from the contact network,
kWh/km; ean j is the specific energy of autonomous motion, kWh/km; Ecsj and Eap,j
are mode-distributed energy components, kWh; Lcs; and Lap,; are the corresponding
mileages, km. A mode-specific energy indicator was not calculated when its corresponding
mileage denominator was zero, negative, or unresolved after verification. Such a record was
excluded only from the affected ratio—for example, from eAH when LAH = 0—and could
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remain available for other valid calculations. Each metric-specific exclusion was retained in
the data-quality log together with the affected variable and the reason for exclusion.

It is fundamentally important that eayg, ecs,j, and e AH,j are not three interchangeable
ways of describing the same energy. In this work, eayg refers to the measured daily net
energy, while it characterizes ecs j ean,j the mode-distributed gross energy of motion before
the final accounting of recuperation and auxiliary loads. Therefore, the energy balance of
the daily recording was given in the form of

Eiotalj = Ecs,j + EaH,j — Eregenj + EHvac/auxj + OF,js

where Ei,; is the measured daily net energy, kWh; Ecg is the energy related to the
movement in the contact-network mode, kWh; Eap ; is the energy related to autonomous
motion, kWh; Ejegen j is the recovered energy, kWh; Egyac/aux,; i the energy of HVAC
and auxiliary systems, kWh; g ; is the residual member of the energy balance, including
rounding, measurement errors, and time boundary mismatches of individual telemetry
channels. With correct data synchronization, d ; should remain small compared to Eiyal ;-

Such a notation eliminates the apparent discrepancy between eavg, ecs, and ean.
The average value eayg does not have to be a simple linear mixture, ecs and ea, since it
normalizes the net energy, which already includes the effect of recuperation and auxiliary
systems. At the same time, ecg eayy, it is possible to assess the difference in driving modes,
including the increased energy load of the autonomous sections associated with the storage
cycle, route profile, temperature, and operation of auxiliary consumers [58].

To test the energy model, a regression formulation was used, in which the dependent
variable was the daily energy in absolute units, kWh:

Eday,j = Po + P1Lotalj + B2Lan,j + P3Ltotal jDcold,j + BaLtotal i Dhot,i+
+B5 Ltotal,j Imedium,j + Be Ltotal,]' Ihigh,]' +¢j

Here, Ejay,; is the calculated or measured daily energy, kWh; f is a free term that
reflects the inevitable daily energy expenditure that is not scalable directly with mileage;
B1 is the basic mileage component of energy consumption, kWh/km; ; is the additional
energy contribution of autonomous mileage, kWh/km; Ly, j is the total daily mileage,
km; Lap,; is the autonomous daily mileage, km; Dq,; is the cold load indicator; Dyt
is the heat load indicator; Inedium, and Ihigh ; are binary indicators of medium and high
passenger/mass load, respectively; ¢; the coefficient B3 characterizes the additional energy
associated with the cooling load and has the dimension kWh/(km-°C); it shows the increase
in energy consumption by 1 km when the temperature decreases by 1 C below the accepted
reference level. The coefficient f4 similarly describes the additional energy at the heat load
above the reference temperature level and also has the dimension kWh/(km-°C). 85 and
B reflect the effect of the vehicle load: fs5 sets additional energy per 1 km at an average
load, and B¢ at a high load relative to the basic category of low load. Therefore 3 and 4
are interpreted as temperature-mileage coefficients, and 5 and B¢ as mileage corrections
for the operating load.

Temperature variables were calculated using formulas

Dcold,j = maX(O, 18 — T]),

Dhotj = max(0, T; — 20),

where Tj is the average daily outdoor temperature, °C; Dyq j is the cold-degree component,
°C; Dpo,; is the hot-degree component, °C. The first value describes the additional energy
load at low temperatures associated with cabin heating, battery temperature preparation,
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and increased losses in electrical components. The second value reflects the additional load
at high temperatures associated with air conditioning, ventilation, and thermal limitation
of the storage device [59].

Binary load indicators were set as follows:

I 1, if the entry is related to average load,
dium,j = .
mediumy] 0, in other cases.

1, if the entry is related to high load,
Inigh,j = .
0, in other cases.

The low-load category was used as a base and therefore was not introduced as a
separate indicator to avoid a linear relationship between dummy variables. The coefficients
Bs and B show the additional energy per 1 km at medium and high load relative to
the baseline.

The choice of the model for Eday,j, rather than directly for eavg, is due to the fact that
daily energy is the primary measurable quantity and correctly scales with mileage. After
evaluating the model, the predicted specific energy can be obtained as

éavg ji= M/
" Ltotal,j

where the first term is the predicted daily energy from the regression model, kWh, and the
second is the corresponding predicted specific energy, kWh/km. This two-stage formula-
tion preserves the physical interpretation of the daily energy balance while providing the
kWh/km indicator required for subsequent LCC and ELC calculations.

The regression is intentionally parsimonious and linear in its parameters. It does not
explicitly resolve traffic congestion, stop density, road gradient and surface conditions,
intersection delay, acceleration and braking style, driver-specific behaviour, catenary-
voltage variation, or nonlinear interactions among route, temperature, passenger load,
and battery conditions. Route grouping and subgroup validation capture only part of
this heterogeneity. Accordingly, the AH-mileage coefficient is interpreted as an adjusted
fleet-level association within the observed operating domain, not as a universal causal or
physics-complete coefficient. Future work should compare generalized additive, mixed-
effects, and tree-based models using route geometry, traffic state, speed and acceleration
traces, and driver-level random effects.

Energy-Model Validation, Statistical Inference, and Subgroup Analysis

To prevent information leakage caused by repeated vehicle-day observations, the
revised validation design assigns all records from the same trolleybus to a single fold.
A vehicle-grouped 10-fold scheme therefore keeps approximately 11 complete vehicle
histories in each test fold and fits the model on the remaining vehicles. Coefficients,
preprocessing rules, and categorical encodings are recalculated independently within each
training fold.
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Predictive accuracy is evaluated only from out-of-fold predictions using the coefficient
of determination R2, mean absolute error MAE, root mean square error RMSE, mean
absolute percentage error MAPE, and mean prediction bias:

1 N
MAE = -Y |E;, — E;|,
n2| j ]|

1 A2
RMSE = EZ(E]—]f"]),
MAPE = 205 50
n E]'

, 1. 4
Bias = EZ (Ej — Ej),
where E; is measured daily net energy, kWh; Ej is the corresponding out-of-fold prediction,
kWh; and n is the number of observations in the evaluated validation subset.

The out-of-fold errors are reported separately by season, daily autonomous-operation
share, and route group. Seasons are defined as winter (December-February), spring (March—
May), summer (June-August), and autumn (September-November). Daily AH-share
classes follow the empirical quartiles: low (pAH < 18.8%), medium (18.8% < pAH < 31.1%),
and high (pAH > 31.1%). Routes are divided into low-, medium-, and high-AH groups
using tertiles of the annual route-level mean pAH.

Because records from the same trolleybus are not statistically independent, coefficient
uncertainty is evaluated using vehicle-clustered robust standard errors. The reporting set
comprises the coefficient estimate, clustered standard error, 95% confidence interval, two-
sided p-value, and variance inflation factor. Residual diagnostics include residuals versus
fitted values, standardized-residual quantiles, subgroup mean bias, and the dependence
of absolute error on predicted daily energy. Ninety-five-percent prediction intervals are
estimated by vehicle-cluster bootstrap resampling, and empirical coverage is compared
with the nominal 95% level.

2.4. SOH Diagnostics, Cross-Check Procedure, and Degradation Indicators

For each pack-month observation, the diagnostic block retained battery age, the BMS-
reported state of health, measured available capacity, internal resistance, equivalent full
cycles, mean depth of discharge, maximum and minimum cell temperatures, thermal-
event count, and the corresponding maintenance and failure history. Individual pack
records were preserved throughout preprocessing and were not replaced by vehicle-level
or fleet-level averages before the diagnostic checks were completed.

When a periodic capacity-check result was available, the capacity-referenced state of

health was calculated as
meas,j

C
SOHC; = 100 x ,

nom

where SOHC; is the capacity-referenced state of health for pack-month observation j, %;
Cineas,j is the measured available capacity obtained during the periodic capacity check, Ah
or kWh; and Cyy, is the corresponding nominal beginning-of-life capacity expressed in the
same units.

The uncertainty of the capacity-referenced SOH was propagated as

2
M(SOHC]) = SOHC] X (Ll(cmms,j)> + <M<Cnom>>2,

Cmeus,j Cnom
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where u(SOHC;) is the standard uncertainty of the capacity-referenced SOH, percentage
points; 1(Cyeqs ) is the uncertainty of the measured available capacity; and u(Cpom ) is the
uncertainty associated with the nominal reference capacity.

The BMS-reported SOH was treated as an operational diagnostic estimate rather than
as a self-validating ground-truth value. Where capacity-check data were available, the
consistency between the two estimates was evaluated using

ASOH,,1,; = SOHgws j — SOHc j,

where ASOH, ; is the BMS-to-capacity diagnostic discrepancy, percentage points; SOHp s j
is the SOH reported by the onboard battery-management system; and SOHc is the
capacity-referenced value.

Pack-to-pack dispersion was retained explicitly because the fleet-average SOH may
conceal a limiting pack within one vehicle. For vehicle-level diagnostic screening, the limit-
ing condition was characterized by the minimum pack SOH, maximum internal resistance,
and maximum thermal-event count. The within-vehicle SOH spread was calculated as

ASOHpack,i,t = maxk(SOHi,k,t) - mink(SOHi,k,t)/

where ASOH ¢+ is the SOH spread between packs installed in vehicle i at time ¢, per-
centage points; SOH; ;. ; is the SOH of pack k; and k denotes the individual battery packs
associated with that vehicle.

Battery age was used as a proxy for calendar exposure, EFC and mean DoD as indi-
cators of cyclic loading, and maximum/minimum cell temperatures and thermal-event
counts as indicators of thermal history. The available fleet exports did not contain complete
cell-level current trajectories, charging cut-off voltage histories, exact charge and discharge
C-rates, or a manufacturer-resolved electrochemical identification for every pack. Conse-
quently, these factors were not reconstructed retrospectively, and the observed SOH and
resistance trajectories are interpreted as fleet-level diagnostic associations rather than as
direct identification of one electrochemical degradation mechanism.

Electrochemical impedance spectroscopy was not part of the routine fleet dataset used
in the present analysis. It is considered a potential future diagnostic extension because
impedance-domain features can supplement capacity-based SOH checks and can support
compact onboard SOH-estimation models [60,61]. The current B2 evaluation therefore
remains based on the available multiparameter combination of SOH, measured capacity,
internal resistance, EFC, DoD, temperature history, thermal events, and failure records.

The B2 decision was formulated as an all-gates eligibility rule rather than as a weighted
average of favourable and unfavourable indicators. For each diagnostic criterion m, the
binary eligibility indicator was defined as

1 if criterion m is satisfied,
m,it — . .
0 otherwise.

The overall B2 eligibility indicator was calculated as
M
GBip = [ Imit
m=1

where GB,;, is the B2 eligibility indicator for vehicle i at diagnostic time ¢; I, ;; is the
pass/fail result for diagnostic criterion m; and M is the number of mandatory diagnostic
gates. Battery-life extension was allowed only when GB, ; ; = 1. Failure of any mandatory
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gate resulted in suspension of B2 eligibility and transfer of the battery pack to additional

diagnostics, derated operation, repair, or replacement.
The diagnostic gates used for the illustrative B2 decision workflow are summarized in

Table 3.

Table 3. Diagnostic eligibility matrix for the B2 battery-life extension strategy.

B2 Eligibilit Action When the
Diagnostic Domain Indicator 8 y Verification Interval Threshold Is Not
Threshold .
Satisfied
Monthly BMS review; Suspend B2; perform
Capacity condition BMS-reported SOH SOHgpms > 80% quarterly formal capacity test and
decision diagnostic review

Capacity condition

Diagnostic consistency

Degradation rate

Resistance condition

Pack uniformity

Cyclic loading

Thermal condition

Low-temperature
charging

Thermal-event history

Failure history

Functional reserve

Risk condition

Capacity-referenced
SOH

BMS-to-capacity
discrepancy

Three-month SOH
trend

Internal resistance

Within-vehicle SOH
spread

Accumulated EFC

Maximum cell
temperature

Minimum charging
temperature

Repeated derating
events

Critical battery /HV
events

Available autonomous
range

Weighted failure-only
RPN

At least annually and
whenever the BMS
threshold is
approached

SOHc > 80%

IASOH ;| <1.5
percentage points

Decline < 0.60
percentage
points/month
Ript <18.0 mQ) and
increase < 20% relative
to the verified pack
baseline

ASOHpsex < 3.0
percentage points

EFC < 1500, with the
projected 6.5-year value
below the approved
manufacturer limit

After each capacity test

Rolling three-month
assessment

Quarterly

Quarterly

Quarterly projection

Routine operation
<45 °C; no unresolved
event > 50 °C

Continuous BMS
monitoring

No charging below
0 °C unless verified
preheating is active

Each charging event

<3 unresolved
thermal-derating
events per quarter

Quarterly

No unresolved F1, F2,
or F4 critical event
during the preceding 6
months
Verified range >
maximum assigned AH
section + 15%
operational reserve

B2 weighted RPN <
corresponding B1 value

At each formal B2
review

Seasonal route
reassessment

Quarterly or after a
critical event

Reject extension if
confirmed below the
threshold

Recalibrate or verify
BMS estimation before
a B2 decision
Suspend B2 and
investigate accelerated
degradation
Additional
impedance/resistance
diagnostics; reject B2 if
confirmed
Balance, repair, replace,
or isolate the limiting

pack

Shorten the permitted
extension horizon

Suspend B2 until
cooling and
thermal-control
systems are verified
Block charging or
activate the approved
preheating procedure
Perform
thermal-system
inspection; suspend B2
if recurrence continues

Reject or suspend B2
until corrective action
is completed

Reduce the assigned
AH section or remove
the vehicle from B2
operation
Return to B1 or
introduce additional
risk controls

Table 3 converts the B2 strategy from a general condition-based concept into an
auditable pass/fail procedure. The 80% SOH threshold is treated as a minimum capacity-
retention gate rather than as the only replacement criterion. A pack with SOH > 80% may
still be rejected when internal resistance, degradation rate, pack imbalance, thermal history,
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autonomous-range reserve, or failure history is unacceptable. Conversely, the fleet-average
SOH cannot be used to approve all vehicles because the B2 decision is made for the limiting
pack associated with each vehicle.

The 6.5-year horizon is therefore not interpreted as a guaranteed physical battery
lifetime. It is the central economic scenario evaluated only for packs that continue to satisfy
every mandatory gate at successive quarterly reviews. The actual extension may be shorter
when a diagnostic gate is violated.

The deterministic all-gates rule was selected for three practical reasons. First, it is
directly auditable during workshop and quarterly fleet reviews. Second, it prevents a
favourable indicator from compensating for a safety-critical failed gate. Third, the available
12-month dataset is insufficient to calibrate reliable failure probabilities or vehicle-specific
hazard functions for every eligibility threshold. The resulting rule is therefore intentionally
conservative and transparent rather than statistically optimal.

This design also has explicit limitations relative to probabilistic or risk-based ap-
proaches. Binary thresholds discard distance-to-threshold information, treat uncertainty
near a cut-off discontinuously, do not model dependence among SOH, internal resistance,
EFC, thermal history, and failure records, and cannot quantify the probability of safe op-
eration over a future extension horizon. A probabilistic extension would estimate the
conditional probability of safe operation to horizon h, propagate measurement uncertainty,
and authorize B2 only when expected cost and risk remain below operator-defined limits.
Such calibration requires multi-year post-implementation data containing false alarms,
missed detections, withdrawals, and time-to-failure outcomes; these data were not available
for the present study.

2.5. LCC, ELC, FMEA, and Multi-Criteria Scenario Comparison

Life-cycle cost was calculated in RUB/km as the sum of energy cost, maintenance and
repair cost, downtime cost, the annualized battery replacement component, and condition-
monitoring expenditure [62]. Strategy Bl used a fixed 5.0-year calendar-replacement
horizon. Strategy B2 used a variable condition-based horizon hp;, evaluated from 5.5 to 7.0
years, with 6.5 years adopted as the central scenario rather than as a guaranteed service life.

The annualized battery replacement contribution was calculated as

Cpart(h) =
and total LCC as
LCC(I’Z) = Cenergy + CMRO + Cdown + Cbatt (h) + Cdiag(h)/

where Cp,t (1) is the battery replacement contribution at service-life horizon /1, RUB/km;
Kpatt is the replacement cost of the battery set, RUB; L, is the annual fleet mileage,
km/year; Cenergy is the energy-cost component, RUB/km; Cyiro is the maintenance and re-
pair component, RUB/km; Cyown is the downtime-cost component, RUB/km; and Cdiag(h)
is the diagnostic and condition-monitoring component associated with horizon h, RUB/km.

Under B2, the adopted horizon was reassessed quarterly. If any mandatory criterion
in Table 3 was not satisfied, the assumed horizon was truncated at the corresponding with-
drawal, repair, or replacement date. Consequently, the LCC benefit of B2 was conditional
on continued diagnostic eligibility.

Life-cycle emissions were calculated in kg CO,-eq/km by separating operational
electricity, maintenance-material, and battery-related contributions. The operational term
retained the monthly structure of energy use and grid emission factors rather than applying
one annual factor to all records.
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The operational contribution was calculated as

Y En- EPgrid,m
ELCpp = " ——

7

Ltotul

where ELC,), is the operational electricity contribution, kg CO-eq/km; E;; is measured
fleet electricity use in month m, kWh; EF 4, is the month-specific grid emission factor, kg
COy-eq/kWh; and Ly is total fleet mileage, km.

For strategy s, total life-cycle emissions were calculated as

ELCs = ELCop + ELCpmrO + ELChpatt grosss * (1 —7rec),

where ELCpro is the maintenance-material contribution, kg COz-eq/km; ELCpast gross,s
is the gross battery-production contribution for strategy s before end-of-life credit, kg
COy-eq/km; and 7y, is the assumed recycling credit fraction. Sensitivity was evaluated by
scaling all monthly grid factors by 0.80 and 1.20 while preserving their seasonal pattern, by
considering weighted grid factors from 0.200 to 0.600 kg CO,-eq/kWh, and by varying the
recycling credit from 0% to 20%.

Only failure and defect modes F1-F5 were included in FMEA: F1, battery degrada-
tion; F2, battery thermal derating; F3, traction power-electronics failure; F4, high-voltage
insulation or charging-contact fault; and F5, auxiliary or high-voltage control-system fault.
Scheduled-maintenance events were retained in LCC, downtime, and availability calcula-
tions but excluded from RPN so that preventive activities were not treated as failures.

For failure mode k and strategy s, the risk priority number was calculated as

RPNy = S - Ogs - Dy,

where Si is the severity score; Oy ; is the occurrence score under strategy s; and Dy ; is the
detection score. Each score ranges from 1 to 10, and a lower detection score denotes a
higher probability of identifying the developing fault before functional loss. Severity was
held constant between B1 and B2 because diagnostic controls do not change the physical
consequence of a failure once it occurs. B2 was allowed to change only occurrence and
detection scores when a specific preventive or monitoring control was assigned to the
failure mode.
The failure-event-weighted fleet indicator was calculated as

L NkRPNy
K

RPNy = ———,
’ 2 Nk
x

where N is the observed number of events assigned to failure mode k.
The relative change was calculated as

RPNy, 1 — RPNy, >

ARPN, =1
w =100 RPNy, p1

The multi-criteria comparison used LCC, ELC, and failure-only event-weighted RPN
as three criteria to be minimized. Six predefined combinations of AH intensity and battery
strategy were evaluated. Scenario a was classified as dominating scenario b when its LCC,
ELC, and weighted RPN were no greater than those of b and at least one criterion was
strictly lower. This dominance check was applied only to the evaluated scenario set; it does
not constitute continuous multi-objective optimization and does not generate an optimized
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frontier. Because AH intensity also determines transport coverage, numerical dominance
was interpreted only after applying the required service-coverage constraint.

3. Results
3.1. Generalized Operational Profile of the Fleet

Table 4 reports the principal absolute operating and energy indicators used to charac-
terize the fleet-level case study.

Table 4. Absolute operational and energy indicators of the fleet for 12 months.

Indicator Significance Unit
Trolleybuses in the sample 110 vehicles
Vehicle-day records 40,150 records
Total mileage 6,158,529.4 km
Mileage in AH mode 1,509,073.3 km
Observed AH share 24.50 Y%
Mean daily mileage 153.4 + 35.5 km/vehicle-day
Total net energy 9,362,614.3 kWh
eavg 1.520 kWh/km
eCS 1.521 kWh/km
eAH 1.752 kWh/km
Recuperated-energy share 9.7 % of total energy
HVAC /auxiliary share 6.0 % of total energy

Table 4 shows that autonomous operation accounts for approximately one quarter of
fleet mileage and that eAH exceeds eCS by 15.2%. AH operation is therefore not an energy-
neutral addition to contact-network operation; it must be evaluated together with battery
conversion losses, seasonal auxiliary demand, and the distribution of autonomous sections.

Figure 2 presents monthly fleet mileage and the observed autonomous-operation
share. The persistence of pAH throughout the year confirms that AH operation is a regular
transport function that must be included in LCC, ELC, and FMEA calculations.

B Monthly mileage  —@— AH share
2575
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-25.0
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o 2385, <
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=
-23.0
100 A
12245
0 .
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month
Figure 2. Monthly fleet mileage and actual autonomous-mode share over the 12-month
observation period.
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Figure 2 shows that monthly mileage remains approximately 0.47-0.53 million km,
while pAH varies from about 22% to 25%. The lower pAH in the coldest months
is consistent with restricted autonomous operation and greater heating and auxiliary
energy demand.

The distribution of pAH across all vehicle-day records was also examined because the
annual mean can conceal route- and shift-level heterogeneity, as shown in Figure 3.

5000 -

= = Mean = 24.5%

4000 -

3000 A

2000 A

Number of vehicle-days

1000 +

0 5 10 15 20 25 30 35 40
Daily AH share, %

Figure 3. Distribution of daily autonomous-mode share across 40,150 vehicle-day records.

Figure 3 confirms that autonomous operation is distributed across a substantial pro-
portion of vehicle-day records rather than being sporadic. Median pAH is 26.3%, the
interquartile range is 18.8-31.1%, and the 5-95% interval is 10.9-33.3%. These results justify
analysis of route- and shift-level variability in addition to the fleet mean.

3.2. Seasonality of Energy and Temperature Sensitivity

To reveal seasonality and the relationship between temperature and specific energy,
Table 5 shows the monthly aggregates for mileage, pAH, temperature, eavg, eCS, eAH,
HVAC, and recuperation.

Table 5. Monthly mileage, autonomous-operation share, ambient temperature, and specific-energy

indicators.
Month Mileage, km PAH, % T, °C eavg, kWh/km eCS, kWh/km eAH, KkWh/km HVAC, % Regen, %
Jan 524,085 225 —14.245 1.946 1.771 2.056 12.9 7.2
Feb 470,466 22.3 —11.211 1.810 1.693 1.958 11.3 8.1
Mar 525,107 25.3 —5.945 1.630 1.576 1.825 8.6 9.2
Apr 505,692 25.2 5.377 1.321 1.401 1.625 1.0 11.3
May 522,502 25.2 14.484 1.298 1.392 1.613 0.0 11.6
Jun 504,467 254 21.160 1.314 1.397 1.615 0.9 11.4
Jul 522,243 25.2 23.429 1.360 1.420 1.648 24 11.0
Aug 522,511 25.1 19.565 1.313 1.398 1.619 0.6 11.4
Sep 508,326 25.2 11.203 1.293 1.388 1.608 0.0 11.6
Oct 526,233 25.2 3.106 1.367 1.426 1.655 2.4 11.0
Nov 506,861 25.3 —-7.173 1.687 1.610 1.859 9.7 8.9
Dec 520,036 224 —14.629 1.920 1.760 2.038 12.4 7.3

Table 5 shows that the maximum eavg is in January and the minimum is in September.
In winter, the increase in specific energy is accompanied by an increase in the share of
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HVAC/aux, while in the warm period, the relative share of recuperation increases. This
confirms that the energy model must contain a temperature block, not just a pAH.
Figure 4 compares monthly eavg, eCS, eAH, and ambient temperature.
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Figure 4. Seasonal specific energy by traction mode and monthly ambient temperature.

Figure 4 shows that eAH is consistently higher than eCS in all months. At the same
time, the shape of the eCS and eAH curves is similar, which indicates a common seasonal
factor—climatic load.

The difference between eAH and eCS reflects both battery conversion losses and the
operating characteristics of autonomous sections, including stops, acceleration frequency,
regenerative braking opportunity, and power limitations.

To quantify the contribution of mileage, AH mileage, temperature load, and passenger
load, the daily-energy regression coefficients were estimated together with vehicle-clustered
statistical inference. Table 6 reports the coefficient estimates, clustered standard errors, 95%
confidence intervals, significance levels, and variance inflation factors.

Table 6. Daily-energy regression coefficients with vehicle-clustered statistical inference.
Predictor Estimate Clustered SE 95% CI p-Value VIF Unit

Intercept —0.231 0.482 —1.176 to 0.714 0.631 — kWh/day

Total mileage 1.036 0.018 1.001 to 1.071 <0.001 241 kWh/km
AH mileage increment 0.181 0.014 0.154 to 0.208 <0.001 1.86 kWh/AH-km
Cold-degree mileage 0.022 0.0014 0.019 to 0.025 <0.001 1.38 kWh/(km-°C)
Hot-degree mileage 0.043 0.0032 0.037 to 0.049 <0.001 1.21 kWh/(km-°C)

Medium passenger load 0.076 0.009 0.058 to 0.094 <0.001 1.32 kWh/km

High passenger load 0.204 0.015 0.175 to 0.233 <0.001 1.35 kWh/km

Table 6 separates coefficient magnitude from statistical uncertainty. A predictor was
interpreted as statistically distinguishable from zero only when its vehicle-clustered 95%
confidence interval did not include zero. The variance inflation factors were used to verify
that the separate effects of total mileage, AH mileage, temperature load, and passenger load
were not dominated by excessive multicollinearity. The positive AH-mileage coefficient
indicates an additional daily-energy contribution associated with autonomous operation
after adjustment for total mileage, seasonal temperature load, and passenger load; however,
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this coefficient is interpreted as an adjusted association rather than an isolated causal effect.
Overall out-of-fold performance and the stability of prediction errors across operational
subgroups are reported in Table 7.

Table 7. Vehicle-grouped cross-validation performance of the daily-energy model.

Validation Subset Test Records, n R2 le\\f/[hl{/&]])E’a v kg\II;\/I/?)E;y MAPE, % Bias, kWh/Day Co?rser/;gPeI, o
Overall gr"cu\ll’ed 10-fold 40,150 0.842 19.64 25.18 8.74 0.18 94.1
Winter 9900 0.829 23.78 30.42 9.63 —0.84 93.2
Spring 10,120 0.851 17.46 22.47 8.20 0.12 94.5
Summer 10,120 0.846 17.93 23.05 8.38 0.41 94.0
Autumn 10,010 0.858 16.87 21.96 7.92 0.07 94.8
Low daily AH share 10,038 0.853 17.29 22.61 8.08 —0.12 94.7
Medium daily AH share 20,074 0.848 18.83 24.18 8.51 0.09 94.3
High daily AH share 10,038 0.821 22.36 28.97 9.46 0.62 929
Low-AH route tertile 13,265 0.856 17.51 22.74 8.11 —0.08 94.6
Medium-AH route tertile 13,560 0.847 18.94 24.31 8.55 0.17 94.2
High-AH route tertile 13,325 0.826 21.87 28.41 9.32 0.49 93.1

Table 7 shows that the overall illustrative grouped-validation result was R? = 0.842,
MAE = 19.64 kWh/day, RMSE = 25.18 kWh/day, and MAPE = 8.74%. Seasonal MAPE
ranged from 7.92% in autumn to 9.63% in winter, while the range across daily AH-share
classes was 8.08-9.46% and the range across route-AH tertiles was 8.11-9.32%. The largest
error was observed in winter, whereas the smallest error occurred in autumn. This pattern is
consistent with the higher variability of HVAC demand, battery thermal conditioning, and
traction load under cold-weather operation. The illustrative prediction-interval coverage
of 94.1% was close to the nominal 95% level, although coverage decreased to 92.9% for the
high-AH subgroup.

Figure 5 summarizes the out-of-fold predictive performance and residual diagnostics
of the vehicle-grouped validation procedure.
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Figure 5. Validation and residual diagnostics of the daily-energy model: (a) measured versus
predicted daily energy with the 1:1 line; (b) residuals versus fitted values; (¢) quantile-quantile

plot of standardized residuals; and (d) subgroup MAPE by season, daily AH-share class, and
route-AH tertile.
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Figure 5a shows that the out-of-fold predictions remain concentrated around the
1:1 line, with the largest absolute deviations occurring in the upper daily-energy range.
Figure 5b indicates mild heteroscedasticity without pronounced mean residual drift, while
the mean out-of-fold bias was 0.18 kWh/day. Figure 5c shows limited tail departures from
normality, indicating that extreme residuals are slightly heavier than the ones predicted by a
Gaussian distribution. Figure 5d confirms that prediction accuracy was not uniform across
all operating conditions: MAPE was highest in winter and lowest in autumn. Accordingly,
the model is suitable for demonstrating the fleet-level LCC and ELC validation workflow
within the illustrated operating domain, but subgroup-specific error must be retained when
it is transferred to extreme seasonal or high-AH operating conditions.

3.3. Three-Dimensional Energy Surface pAH-T-eavg

A three-dimensional fitted response surface was used to examine the joint association
of eavg with pAH and ambient temperature. This visualization is useful because the energy
effect of autonomous operation varies with climatic load.

Figure 6 shows that the lowest eavg values occur at moderate positive temperatures
and low-to-medium AH shares. Under sub-zero conditions, eavg increases, and higher
pAH is associated with an additional increase in specific energy consumption. Autonomous-
operation intensity should therefore be evaluated jointly with seasonal temperature rather

than as an independent route parameter.

Specific energy, kWh/km

Figure 6. Three-dimensional fitted empirical energy response surface as a function of autonomous-

mode share and ambient temperature.

Figure 6 also supports season-specific operating limits: the same pAH in January
and September has different energy consequences. Route-planning rules should therefore
include seasonal operating ranges rather than a single annual threshold.

3.4. Route and Inter-Vehicle Heterogeneity
To identify the routes that form the main load of the autonomous mode, Table 8 shows
eight routes with the highest average pAH and their energy indicators.

https:/ /doi.org/10.3390/wevj17070377


https://doi.org/10.3390/wevj17070377

World Electr. Veh. ]. 2026, 17, 377 20 of 43

Table 8. Routes with the highest average share of autonomous mode.

Route Records Mllljzge, PAH, % eavg eCS eAH
R_16 2872 438,074 31.2 1.523 1.512 1.744
R_13 1960 291,069 31.2 1.533 1.518 1.750
R_08 1929 296,236 31.2 1.536 1.521 1.754
R_04 1508 241,462 31.2 1.533 1.520 1.746
R_01 2008 292,583 31.2 1.537 1.523 1.754
R_03 2463 390,445 31.1 1.541 1.526 1.753
R_12 2069 304,866 311 1.539 1.526 1.748
R_10 2739 430,594 28.8 1.529 1.519 1.752

Table 8 shows that routes with high pAH also have higher mean specific energy.
The result demonstrates the need for route-level analysis because one fleet can exhibit
materially different energy profiles depending on route assignment and the configuration
of autonomous sections.

The relationship between route-level pAH and eavg is shown in Figure 7. The size of
the point is proportional to the annual mileage of the route.
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Figure 7. Route-level relation between autonomous-mode share and annual mean specific energy.

Figure 7 shows a strong positive route-level association between pAH and eavg. This
does not imply that AH operation should always be minimized, because it extends service
beyond the catenary network. Instead, the figure quantifies the energy cost of this transport
function and supports service-coverage-constrained planning.

Table 9 summarizes inter-vehicle variability to determine whether fleet averages
conceal materially different operating and SOH trajectories.
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Table 9. Inter-vehicle variability in annual operating and SOH performance.
Indicator Mean SD Min Max Unit
Vehicle annual mileage 55,987 5519 47,314 66,215 km/year
Vehicle AH share 24.5 4.0 125 31.3 %
Vehicle eavg 1.520 0.012 1.487 1.541 kWh/km
SOH drop 4.06 1.19 1.70 6.90 percentage
points/year
Final SOH 85.95 3.79 78.90 93.14 %

Table 9 shows substantial inter-vehicle differences in annual mileage and pAH,
whereas annual mean specific energy varies less. The dominant differences are therefore asso-
ciated with route assignment and operating intensity in addition to vehicle-specific conditions.

The minimum final SOH reported in Table 9 is 78.90%, which is below the illustrative
80% B2 eligibility threshold. Therefore, the observed fleet cannot be transferred to B2 as
one homogeneous group. At least the limiting vehicle or battery pack requires additional
verification and cannot be approved solely from the fleet-average SOH of 85.95%. This
result illustrates why the proposed strategy is pack-specific and why economic savings
calculated for the central B2 scenario should not be interpreted as automatic savings for
every vehicle.

Figure 8 shows the distribution of annual mean specific energy by depot. The plot does
not establish causality, but it identifies the organizational level at which route allocation,
shift patterns, auxiliary-system control, storage conditions, and maintenance practice may
contribute to differences.
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1.49 4
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Figure 8. Inter-vehicle heterogeneity of annual mean specific energy grouped by depot.
Figure 8 shows that inter-depot differences are smaller than seasonal variability, al-
though several vehicles remain outliers. These vehicles are candidates for targeted diag-

nostics because elevated eavg at comparable pAH may indicate deterioration of auxiliary
systems, tyres, brakes, or contact-network interfaces.

3.5. Dynamics of SOH, Internal Resistance, and ESS Cycling

Table 10 reports monthly SOH, internal resistance, EFC, maximum cell temperature,
and thermal-derating events for assessment of ESS service-life trends.
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Table 10. Monthly dynamics of SOH, internal resistance, and cyclic load of battery packs.

Month

SOH Mean, %

SOH SD, pp. Rjnt, mQ EFC Mean Max Cell T, °C Thermal Derating Events

Jan

Feb

Mar
Apr
May
Jun

Jul
Aug
Sep

Oct
Nov
Dec

89.98
89.66
89.24
88.94
88.55
88.24
87.80
87.49
87.03
86.67
86.24
85.94

3.67 14.92 37.62 34.95 102
3.67 14.99 69.01 34.77 102
3.64 15.07 101.47 35.01 11
3.63 15.14 132.13 35.00 17
3.63 15.24 162.67 35.71 16
3.71 15.31 197.45 40.24 78
3.71 15.40 232.79 41.48 100
3.69 15.46 261.14 41.36 96
3.73 15.58 291.31 34.99 17
3.76 15.67 321.54 35.27 15
3.80 15.79 356.53 35.18 17
3.81 15.83 392.30 34.88 99

SOH, %

94

Table 10 shows a monotonic decrease in fleet-average SOH and an increase in EFC
over the 12-month period. Mean SOH decreased from 89.98% to 85.94%, corresponding
to 4.04 percentage points. The battery pack is therefore the principal service-life-limiting
component of the autonomous-range trolleybus.

Table 10 reports both the monthly fleet mean and the between-pack standard deviation.
The SOH standard deviation remains within 3.63-3.81 percentage points over the observa-
tion period, indicating that the annual mean decline of 4.04 percentage points should not be
interpreted as a uniform degradation rate for every pack. Some packs therefore approach
the limiting condition earlier than would be inferred from the fleet-average trajectory alone.
This is the reason why the B2 screening procedure retains individual pack records and uses
the limiting pack condition rather than only the monthly fleet mean.

The simultaneous decrease in SOH, increase in internal resistance, and accumulation
of EFC are consistent with a mixed calendar—cyclic ageing pattern. However, the monthly
aggregates do not uniquely distinguish loss of cyclable lithium, active-material degradation,
electrolyte ageing, contact-resistance growth, or temperature-induced side reactions. The
result is therefore used as a diagnostic trend for condition-based maintenance, not as direct
electrochemical mechanism identification.

Figure 9 shows the average SOH and internal resistance by month. The shaded zone
reflects the interblock spread of the SOH.
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Figure 9. Battery SOH and internal-resistance dynamics over the 12-month observation period.
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Figure 9 shows that declining SOH is accompanied by increasing internal resistance.
SOH alone is therefore insufficient for service-life decisions because packs with similar
SOH but different Rint may have different heat generation, voltage sag, and derating risk.

Figure 10 presents a three-dimensional nonlinear SOH response surface as a function
of EFC and maximum cell temperature. Unlike a planar approximation, this representation
illustrates the accelerating degradation trend associated with simultaneous increases in
cyclic and thermal exposure.

Observed SOH records

©
)
%

Fitted SOH,

Figure 10. Three-dimensional nonlinear fitted SOH response surface showing the combined effect of
equivalent full cycles and maximum cell temperature.

Figure 10 shows a nonlinear fitted relationship among SOH, EFC, and maximum
cell temperature. SOH declines gradually at low-to-moderate EFC, whereas the fitted
surface becomes steeper at higher cyclic and thermal exposure. The surface supports
joint consideration of EFC and temperature history in B2 screening but does not, by itself,
identify a causal electrochemical mechanism.

The relationship between SOH and internal resistance from individual pack-month
observations is shown in Figure 11.
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Figure 11. SOH versus internal resistance with colour-coded equivalent full cycles.

https://doi.org/10.3390 /wevj17070377


https://doi.org/10.3390/wevj17070377

World Electr. Veh. ]. 2026, 17, 377

24 of 43

Figure 11 shows a negative association between SOH and Rint together with substan-
tial dispersion. The B2 diagnostic gate must therefore combine SOH, internal resistance,
thermal-event history, and measured-capacity verification rather than rely on one indicator.

The scatter in Figure 11 is also methodologically important. A given SOH value
may correspond to different internal resistance levels and different accumulated EFC
values, while a similar resistance value may occur for packs with different remaining
capacities. Therefore, neither SOH nor internal resistance should be used as a single-variable
replacement criterion. The figure supports a multiparameter diagnostic interpretation but
does not establish that resistance growth alone caused the observed capacity loss.

3.6. Failures, Downtime, and Empirical FMEEA

To make the FMEA reproducible, the score anchors were fixed before comparing B1
and B2. Table 11 defines the severity, occurrence, and detection scales used in the analysis.

Table 11. Severity, occurrence, and detection score anchors used in the FMEA.

Score Severity S Occurrence O Detection D (Lower Is Better)

1 No service 1nterrupt10n or <0.05 events,/ 100,000 km .Cont1.nuous autorr}atlc detec.tlon and
measurable operational consequence isolation; >99% prior detection

2 Minor indication without functional 0.05-0.14 events /100,000 km AL}tomatlc e}larm or protection; >95%
loss prior detection
Short derating below 1 h; no route Scheduled or online monitoring

3 withdrawal 0.15-0.29 events/100,000 km usually detects the trend early

4 Temporary functional loss or 14 h 0.30-0.39 events,/ 100,000 km Moder.ate d.etectab}llty from trend
repair analysis or inspection

5 Route withdrawal for 4-8 h or 0.40-0.59 events /100,000 km Fault generally becomes visible after
moderate repair cost without recurrent clustering performance deterioration

6 Repeated derating or 8-24 h 0.40-0.59 events/100,000 km with  Low probability of detection before
subsystem loss recurrent or seasonal clustering functional impact

7 Prolonge.d dowr}tlme of 1-2 days and 0.60-0.89 events /100,000 km Fault usually detected at event onset
substantial repair rather than beforehand

8 Severe.subsyste.m fallurg, >2 days 0.90-1.29 events /100,000 km Detectlor} difficult without advanced
downtime, or high repair burden diagnostics

9 Potg ntially h?zardogs even t with 1.30-1.99 events /100,000 km Very low prior detectability
major operational disruption

10 Safety-critical HV, insulation, fire, or >2.00 events/100,000 km No reliable prior detection

loss-of-control consequence

mechanism

Scores from 1 to 10 serve as engineering benchmarks for this decision-making model.
The event rate metric uses the observed frequency of events along with recurrence or
seasonal clustering.

Table 11 separates the three FMEA dimensions. Severity reflects the consequence
after failure, occurrence reflects the observed frequency band and recurrence pattern, and
detection reflects the probability of identifying the developing condition before service
interruption. The same anchors were applied to both strategies.

Table 12 makes the origin of every RPN explicit. Severity remains unchanged be-
tween strategies. For F1, B2 reduces occurrence from 5 to 4 and detection from 4 to 3
through capacity checks, SOH-trend monitoring, and resistance screening. For F2 and F4,
thermal and high-voltage controls reduce occurrence, while F3 and F5 primarily benefit
from improved detection. These changes are scenario assumptions rather than observed
post-B2 frequencies.
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Table 12. Event-informed FMEA scoring for Bl and B2 controls.
Failure Mode Empirical Event Basis B1 Scoring B2 Scoring RPN Reduction, %
28 events; 0.455/100,000 km;
F1. Battery degradation 1.229 h/10,000 km; 7 x5 x4=140 7x4x3=84 40.0
0.682 RUB/km
33 events; 0.536/100,000 km;
F2. Battery thermal derating 0.459 h/10,000 km; 8x6x2=96 8x3x2=48 50.0
0.284 RUB/km
20 events; 0.325/100,000 km;
F3. Power-electronics failure 0.666 h/10,000 km; 7x4x4=112 7x4x3=84 25.0
0.513 RUB/km
. . . 34 events; 0.552/100,000 km;
f;gg’t }gi‘ftla“on/ charging- 0.355 h/10,000 km; 10x5x3=150 10 x 3 x 3=90 40.0
0.235 RUB/km
29 events; 0.471/100,000 km;
F5. Auxiliary /HV-control fault 0.419 h/10,000 km; 5x5x5=125 5x5x4=100 20.0
0.279 RUB/km

The 144 observed failure events provide the weights for the fleet indicator. The B1
value is (28 x 140 + 33 x 96 + 20 x 112 + 34 x 150 + 29 x 125)/144 = 125.368. The B2
value is (28 x 84 + 33 x 48 + 20 x 84 + 34 x 90 + 29 x 100)/144 = 80.389. Therefore,
the modelled reduction is 100 x (125.368 — 80.389)/125.368 = 35.87%, reported as 35.9%.
Scheduled-maintenance events are excluded from both the numerator and denominator.

Figure 12 compares failure and scheduled-maintenance event counts with total down-
time by event group. It separates frequent scheduled interventions from less frequent but
operationally consequential failures.

Failure groups (F1-F5)
- Events (failures)
EEE  Downtime (failure)

Scheduled-maintenance group (F6)
B2 Events (scheduled maintenance)

Downtime (scheduled maintenance)

r 500
- 450
- 400
- 350
- 300
- 250
- 200
- 150
- 100

Number of events
N
S
1
Downtime, h

F1 F2 F3 F4 F5 F6
Event group

Figure 12. Failure and scheduled-maintenance event groups with total downtime.

Figure 12 shows that scheduled-maintenance events account for a large share of event
counts, whereas battery degradation and traction-system failures contribute disproportion-
ately to downtime. This separation prevents routine maintenance activity from distorting
the failure-risk ranking.

The distribution of the cost of events by failure and regulatory groups is shown in
Figure 13.
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Figure 13. Distribution of maintenance, failure, and downtime cost by event group.

Figure 13 shows a right-skewed event-cost distribution: median values do not rep-
resent the upper tail of expensive repairs and downtime. In the LCC calculation, a small
number of high-voltage failures can therefore contribute as much as numerous low-cost
scheduled interventions.

To analyze the seasonal concentration of events, a heat map of the month x event
group is constructed, as shown in Figure 14.
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Figure 14. Monthly concentration of failure and scheduled-maintenance events by event group.

Figure 14 shows seasonal clustering, particularly for thermal derating and auxiliary-
system events. B2 implementation should therefore include pre-season inspection of
heating and cooling circuits, BMS logs, high-voltage insulation, and derating settings.

3.7. LCC: Absolute Decomposition of Life-Cycle Cost

To address the lack of normalized results, Table 13 shows the absolute decomposition
of LCC in RUB/km by key components.
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Table 13. LCC decomposition for strategies Bl and B2 in absolute units.

Component B1, RUB/km B2, RUB/km Calculation base
Energy 9.066 9.066 Measured energy x seasonal rate
Maintenance and downtime 3.235 3.235 MRO events + downtime cost
Battery replacement 16.718 12.860 5 years vs. 6.5 years equivalent horizon
SOH diagnostics 0.500 1.000 BMS/ capacity test sessions
Total LCC 29.520 26.162 Sum of components
B2 reduction, % 11.38 Relative to B1

LCC, RUB/km

Table 13 shows that the principal difference between Bl and B2 is the annualized
battery replacement component. B2 increases diagnostic expenditure but reduces the
replacement equivalent; the economic effect therefore depends on battery cost, diagnostic
cost, the admissible service-life horizon, and controlled risk. Totals were calculated from
unrounded components and may differ by 0.001 RUB/km from the sum of the displayed
rounded values.

Figure 15 shows the absolute LCC decomposition for Bl and B2.

30
E Energy
a5 P Maintenance and downtime
B Battery replacement
B Diagnostics
20 A
15 1]
10
5 4
0 B

B1 calendar B2 condition-based
replacement extension

Figure 15. Life-cycle cost decomposition for the calendar-replacement strategy and the condition-
based battery-life extension strategy.

Figure 15 shows that energy costs are a significant, but not dominant, source of
difference between B1/B2 strategies. The main controllable component is the lifespan of
the battery kit. Therefore, the economic viability of B2 depends on the reliability of the
diagnostic barriers and on the actual cost of battery replacement.

3.8. ELC: Stage Structure of Life-Cycle Emissions

For environmental interpretation, Table 14 shows the stage structure of the ELC: opera-
tional electricity, maintenance and repair materials, and battery-conditioned
embedded contribution.

Table 14 shows that operational electricity contributes 0.6419 kg CO,-eq/km, or ap-
proximately 96.6% of baseline Bl emissions. Extending battery life reduces the battery-
related contribution from 0.0226 to 0.0174 kg CO,-eq/km, while total ELC changes from
0.6646 to 0.6594 kg CO,-eq/km, corresponding to 0.7824%. Totals are based on unrounded
components. Table 15 uses alternative network and waste processing scenarios to test the
direction and magnitude of output.
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Table 14. Decomposition of ELC for strategies B1 and B2 in kg CO,-eq/km.

Component B1, kg COz-eq/km B2, kg CO;-eq/km Calculation Base
Operation electricity 0.6419 0.6419 Measured energy x seasonal EFgrid
Maintenance materials 0.0001 0.0001 Cost of materials x material factor
Battery embodied net 0.0226 0.0174 Embodied factor + recycling credit
Total ELC 0.6646 0.6594 Sum of components
B2 reduction, % 0.7824 Relative to Bl

Table 15. Sensitivity of Bl and B2 life-cycle emissions to grid and recycling assumptions.

Recycling

Scenario Grid Emission Assumption oo B1 ELC B2 ELC B2 Reduction, %
Credit, %

Cleaner-grid case Z:Vélgzae/is\l;ﬁﬂd =0.200kg 10 0.3267 0.3215 1.59
-

Seasonal factors —20% Qﬂ@ﬁ?ﬁh&fg gridm % 0.80; 10 0.5362 0.5310 0.97

Baseline seasonal case Vovzisgefl‘t’:g monthly factors; 10 0.6646 0.6594 078

Seasonal factors +20% @giggz‘;hé%gf gridm % 120, 10 0.7930 0.7878 0.66

Carbon-intensive case \é\fggil;e/iafﬁﬂd =0.600kg 10 0.9347 0.9295 0.56
-

No recycling credit Baseline seasonal grid factors 0 0.6671 0.6613 0.87

Higher recycling credit  Baseline seasonal grid factors 20 0.6621 0.6575 0.70

Table 15 confirms that the absolute B1-B2 difference remains dominated by the avoided
battery-production burden, while the relative benefit depends on the denominator formed
by operational electricity. Under the cleaner-grid scenario, the relative ELC reduction
increases to 1.59%; under the carbon-intensive scenario, it decreases to 0.56%. Varying the
recycling credit from 0% to 20% changes the relative reduction only from 0.87% to 0.70%, so
the main conclusion is more sensitive to the grid factor than to the assumed recycling credit.

The stage structure of the ELC is shown in Figure 16.

B Operational electricity
I Maintenance materials
0.7 B Battery embodied net

0.6
0.5
0.4

0.3

ELC, kg COz-eq/km

0.2

0.1

0.0-

B1 calendar B2 condition-based
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Figure 16. Life-cycle emissions decomposition for the calendar-replacement strategy and the
condition-based battery-life extension strategy.

Figure 16 visually confirms the dominance of the operation stage. In practice, this
means that in order to reduce the ELC, the operator needs to work not only with the

https://doi.org/10.3390 /wevj17070377


https://doi.org/10.3390/wevj17070377

World Electr. Veh. ]. 2026, 17, 377

29 of 43

battery strategy, but also with energy: recuperation, HVAC, driving modes, the schedule of

autonomous sections, and the regional EF,;q coefficient.

gril

3.9. Risk, RPN, and Effect of the B2 Diagnostic Strategy

Figure 17 compares the event-informed B1 RPN values with the illustrative B2 values
obtained from the control assumptions in Table 12. B2 is considered acceptable only when
the specified diagnostics and preventive actions are actually implemented.

1505 B B1 baseline

W B2 diagnostic-gated scenario
160 A

140
1401
120 B
1001 %

80 1

60

Risk priority number, RPN
®
{

40 4

201

F1 F2 F3 F4 F5
Battery Thermal Power HV/contact Aux/HV-control
degradation derating electronics fault

Figure 17. FMEA risk priority numbers for Bl and B2 across five failure modes.

Figure 17 shows that the modelled RPN decreases for all F1-F5 modes, but the mecha-
nism differs by mode. F1 benefits from both lower occurrence and improved detection; F2
and F4 are reduced mainly through preventive thermal and high-voltage controls; F3 and
F5 are reduced mainly through earlier detection. Severity is unchanged because B2 does
not alter the consequence of a failure after it occurs.

The failure-event-weighted RPN decreases from 125.368 to 80.389, corresponding
to 35.87% (35.9% after rounding). This is a scenario-based risk-control result, not an
observed before-after reduction. Its operational validity must be verified after B2 im-
plementation by comparing normalized event rates, detection lead time, downtime, and
severity distributions.

3.10. Multi-Criteria Scenario Comparison and Sensitivity

Table 16 compares six predefined combinations of AH intensity and battery strategy us-
ing LCC, ELC, and failure-only event-weighted RPN. The final column reports dominance
status only within this discrete evaluated set.

Table 16 shows that low AH-B2 is the only non-dominated member of the six-scenario
numerical set because it has the lowest LCC, ELC, and weighted RPN. This result is
not automatically transport feasible: a lower AH share may fail to provide the route
coverage required on sections without catenary supply. Scenario selection must therefore
be performed within a specified service-coverage requirement rather than from the three
numerical criteria alone.

Figure 18 visualizes the six scenario positions in LCC-ELC coordinates; marker size
represents failure-only event-weighted RPN.
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Table 16. LCC-ELC-risk values for six discrete AH-intensity and battery-strategy scenarios.
. ELC, kg Risk, Weighted Status in
Scenario Strategy LCC, RUB/km CO;z-eq/km RPN (F1-F5) Evaluated Set
Low AH-B1 Bl 29.448 0.660 106.563 Dominated
Low AH-B2 B2 26.090 0.654 68.331 Non-dominated
Observed AH-B1 Bl 29.520 0.665 125.368 Dominated
Observed AH-B2 B2 26.162 0.659 80.389 Dominated
High AH-B1 Bl 29.592 0.670 169.247 Dominated
High AH-B2 B2 26.234 0.665 108.525 Dominated
High AH
amBl
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0.668
E
% 0.666 High AH Obseryed AH
: 2 1
o *
5 0664 1
5 0.662 1
0 Low AH
E 0.660 4 Ogserved AH ePl
s
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0.654{ W B s
26.0 26.5 27.0 275 28.0 28.5 29.0 29.5
Life-cycle cost, RUB/km
Figure 18. Cost—emission-risk map for six discrete AH-intensity and battery-strategy scenarios using
failure-only event-weighted RPN.

Figure 18 is a discrete scenario map rather than the output of a multi-objective opti-
mizer. B2 shifts each AH-intensity scenario toward lower cost and lower modelled risk,
whereas higher AH intensity is associated with a greater energy and emissions burden. The
preferred operating policy must therefore be selected from the service-feasible scenarios
according to the municipality’s coverage requirement and its acceptable cost, emissions,
and risk levels. Tables 17 and 18 then test the robustness of the economic result to uncertain
inputs and battery-life assumptions.

Table 17. One-way sensitivity of Bl and B2 LCC to key operating and cost assumptions.
. L. B1 LCC Range, B2 LCC Range, . o
Factor Assumed Variation RUB/km RUB/km B2 Saving Range, %
Battery service life horizon D1 = >0 ?‘;er Z" B2=65 29.520 26.162 11.38
Battery replacement cost +12% 27.513-31.525 24.618-27.704 10.52-12.12
Electricity tariff +4% 29.156-29.882 25.798-26.524 11.24-11.52
Labour and parts +8% 29.260-29.778 25.902-26.420 11.28-11.48
Downtime penalty +10% 29.196-29.843 25.838-26.485 11.25-11.50
AH share Observed to +5 29.520-29.592 26.162-26.234 11.35-11.38
percentage points
Diagnostic cost +30% 29.369-29.669 25.861-26.461 10.81-11.94
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Table 18. LCC sensitivity to the assumed battery service-life horizon.

Batte Battery Diagnostic
ery. Replacement 8 Total LCC, LCC Reduction .
Service-Life Component, . o Interpretation
. Component, RUB/km Relative to B1, %
Horizon, Years RUB/km
RUB/km
5.0 16.718 0.500 29.520 0.00 Bl calendar-replacement
baseline
5.5 15.198 0.750 28250 430 Short condition-based
extension
6.0 13.932 0.850 27.084 8.25 Intermediate B2 horizon
6.5 12.860 1.000 26.162 11.38 Central B2 scenario used in

the manuscript
Economic upper scenario;
7.0 11.941 1.150 25.393 13.98 not accepted without
additional ageing validation

Table 17 shows that the central B2 advantage remains positive over all tested one-way
variations. Battery replacement cost produces the widest LCC range, while electricity
tariff, labour, downtime, AH share, and diagnostic cost have smaller effects on the relative
advantage. The service-life horizon remains the dominant structural assumption and is
examined separately in Table 18.

Table 18 shows that the calculated LCC benefit increases monotonically as the assumed
battery horizon is extended. However, this mathematical trend does not demonstrate that
the longer horizon is technically admissible. The 7.0-year scenario produces the lowest
calculated LCC but is not selected as the central case because the available one-year
observation period does not validate safe operation at that horizon. The 6.5-year scenario
is therefore used as a conditional engineering scenario located between the conservative
5.5-6.0-year extensions and the insufficiently validated 7.0-year case.

Figure 19 summarizes the one-way sensitivity of LCC to the principal battery, tariff,
maintenance, downtime, and AH-share assumptions.

Battery lifetime 5-6.5 years

Battery replacement cost +12%

Electricity tariff +4%

Labor and parts +8%

Downtime penalty £10%

AH share +5 p.p.

0 2 4 6 8 10
Approximate impact on LCC, %

Figure 19. Sensitivity of life-cycle cost to battery, tariff, downtime, maintenance, and AH-
share assumptions.
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Figure 19 and Tables 17 and 18 show that the B2 result remains positive under the
tested tariff, labour, downtime, AH-share, diagnostic cost, and battery cost variations, but
its magnitude is strongly dependent on battery replacement cost and the admissible service-
life horizon. The B2 saving remains between 10.52% and 12.12% when battery replacement
cost varies by +12%, whereas the horizon analysis ranges from 4.30% at 5.5 years to 13.98%
at 7.0 years. The 7.0-year value remains an economic upper scenario and is not accepted
without additional ageing validation.

To cross-check the relationships between the key fleet-level indicators, a correlation
matrix is constructed, as shown in Figure 20.

1.00
AH share -0.02 -0.09 -0.02
0.75
Energy 0.01 -0.10 -0.01
- 0.50
Mileage 0.07 -0.00
- 0.25
AH mileage 0.01 -0.09 0.44 Z
o
-0.00 ¢
o
SOH drop - a
F -0.25
Final SOH -
- —0.50
Rint 4
-0.75
EEC
-1.00
v\.b

Figure 20. Correlation matrix of fleet-level mileage, energy, SOH, resistance, and cycling indicators.

Figure 20 shows that pAH is closely related to e,y and AH mileage, whereas SOH drop
is more strongly determined by individual resource state and cyclic load. This confirms
that the power and resource blocks cannot be reduced to a single pAH variable: a separate
SOH/Rint/EFC diagnostic is required for battery policy.

4. Discussion
4.1. Autonomous Operation as a Transport Function and a Controlled Operating Variable

Autonomous operation should be considered both an energy mode and a transport
function that provides route flexibility and service continuity beyond the catenary net-
work. The linked database in Table 1 enables the nominal capability of “up to 30 km
of autonomous travel” to be replaced by the observed vehicle-day variable pAH. This
distinction is important because actual AH mileage is determined by route assignment,
shift requirements, temperature, passenger load, and catenary configuration rather than by
vehicle capability alone.
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Relative to studies focused separately on long-term electric-bus energy monitoring [63],
total cost of ownership assessment [64,65], environmental life-cycle assessment [66,67],
battery end-of-life and degradation [68,69], or FMEA-based battery risk assessment [70],
the present framework advances through observation-level linkage rather than through a
new isolated submodel. The same fleet records connect autonomous mileage and seasonal
energy demand with SOH, internal resistance, EFC, maintenance events, downtime, LCC,
ELC, and failure risk. The methodological advance is cross-domain consistency: B2 is
considered acceptable only when its economic benefit is evaluated together with measured
battery-condition and explicit risk constraints.

According to Table 4 and Figure 2, the actual average share of autonomous mode
was 24.5%, and the total annual mileage of the analyzed fleet reached 6.16 million km.
The distribution of pAH across the daily records, shown in Figure 3, demonstrates that
the AH mode is used regularly rather than sporadically. Therefore, it cannot be excluded
from LCC, ELC, and risk calculations as a secondary mode. On the contrary, autonomous
travel should be included in the calculation model as a controllable variable that relates
infrastructure constraints, energy efficiency, and battery life.

The energy results confirm a systematic difference between CS and AH operation.
Fleet-average net energy consumption is 1.520 kWh/km, while mode-distributed gross
energy is 1.521 kWh/km in CS mode and 1.752 kWh/km in AH mode. This difference
is consistent with battery conversion losses and the greater influence of temperature and
auxiliary demand during autonomous operation.

Autonomous operation is therefore an engineering trade-off between additional energy
demand and expanded network functionality. The permissible pAH level should not be
selected solely by minimizing kWh/km; it should reflect life-cycle cost, required route
coverage, catenary investment alternatives, ESS condition, and operational risk. The
proposed LCC-ELC-risk scenario framework supports this decision without representing
autonomous operation merely as an energy penalty.

4.2. Energy Model and Seasonal Interpretation of Operational Data

The full-sample fit of the daily-energy model is R? = 0.860, RMSE = 23.615 kWh/day,
and MAPE = 8.119%. In the vehicle-grouped 10-fold validation based on the gener-
ated experimental-style dataset, the corresponding out-of-fold values are R? = 0.842,
RMSE =25.18 kWh/day, and MAPE = 8.74%. The moderate reduction in accuracy is
expected because complete annual histories of the test trolleybuses are excluded from
coefficient estimation, thereby preventing leakage between repeated vehicle-day records.

As reported in Table 7, the subgroup analysis indicates that seasonal MAPE ranges
from 7.92% in autumn to 9.63% in winter. Across daily AH-share classes, MAPE increases
from 8.08% in the low-AH group to 9.46% in the high-AH group; route-group errors
show a similar increase from 8.11% to 9.32%. This pattern is physically plausible because
winter operation and high autonomous mileage combine greater HVAC demand, thermal
conditioning, and higher traction-energy variability. The 94.1% empirical coverage of the
nominal 95% prediction interval indicates acceptable provisional calibration, although the
slight undercoverage in the winter and high-AH groups should be retained in uncertainty
propagation to LCC and ELC.

The seasonal pattern of energy consumption presented in Figure 4 shows that temper-
ature is one of the key drivers of change in eavg. At low temperatures, the contribution of
HVAC/auxiliary loads increases, and at high temperatures, the load on the cooling systems
of the battery and power electronics increases. The three-dimensional surface in Figure 6
clarifies this conclusion: the maximum eavg values are formed not simply by increasing
the pAH but by combining a high proportion of autonomous travel and unfavourable
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temperature conditions. This indicates the need for seasonal calibration of operational
standards and route tasks.

The practical interpretation is that the same pAH value is not energetically equivalent
in different months of the year. The 10-15 km long autonomous section in summer,
winter, and off-season places different loads on the ESS, the traction system, and auxiliary
consumers. Therefore, for the dispatching of autonomous trolleybuses, it is advisable to
use not only the standard of autonomous mileage but also correction factors that take
into account temperature, passenger load, and route profile. This approach improves the
accuracy of energy planning and reduces the risk of misestimating the residual life of
the battery.

Figures 7 and 8 show that inter-route and inter-depot heterogeneity also have engineer-
ing significance. Differences in eavg between routes and depots can be related to the length
of autonomous sections, the number of stops, the average speed limit, the quality of the
contact network, climatic conditions of storage, and maintenance features. Therefore, the
average fleet-level estimate is useful for strategic planning, but operational management
requires detailing by routes, depots, and groups of vehicles.

4.3. Economic Interpretation of B2 and the Limits of the Ecological Effect

The LCC results show that the condition-based battery-life extension strategy can be
economically significant for an autonomous-range trolleybus fleet. According to Table 13
and Figure 15, the central B2 scenario reduces LCC from 29.52 to 26.16 RUB/km, or by 11.4%.
For annual fleet mileage exceeding 6 million km, this difference is operationally material,
but it remains conditional on pack-level eligibility and the assumed service-life horizon.

The 11.4% reduction corresponds specifically to the central 6.5-year B2 scenario. It
should not be interpreted as a guaranteed fleet-wide saving because B2 eligibility is evalu-
ated separately for each vehicle and limiting battery pack. As shown in Table 18, shorter
admissible horizons of 5.5 and 6.0 years reduce LCC by 4.30% and 8.25%, respectively. The
calculated 13.98% reduction at seven years is an economic upper scenario only and is not
supported as a safe operating recommendation by the present one-year observation period.

The economic mechanism is transparent: B2 lowers the annualized battery replacement
component while increasing expenditure on diagnostics and preventive maintenance. It
therefore shifts expenditure from capital-intensive replacement toward condition-based
maintenance rather than eliminating maintenance costs [69,70].

Environmental outcomes require separate interpretation from LCC. As shown in
Table 14 and Figure 16, baseline ELC decreases from 0.6646 to 0.6594 kg CO;-eq/km, or by
0.7824%, because operational electricity accounts for approximately 96.6% of Bl emissions.
B2 mainly reduces the embodied battery contribution and cannot substantially change total
ELC while the electricity mix and operating energy demand remain unchanged [66,67].

The sensitivity results in Table 15 show how this conclusion changes with the grid
mix. When the weighted grid factor is reduced to 0.200 kg CO,-eq/kWh, the relative
B2 benefit increases to 1.59% because battery production represents a larger share of the
lower total. When the weighted factor rises to 0.600 kg CO,-eq/kWh, the relative benefit
decreases to 0.56%. Scaling the monthly factors by £20% produces a 0.66-0.97% reduction,
while changing the recycling credit from 0% to 20% produces a 0.70-0.87% reduction.
Thus, the direction of the B2 environmental effect is stable, but its magnitude is modest
and grid-dependent.

Therefore, the most effective environmental policy should combine B2 with energy
measures: HVAC optimization, improved recovery efficiency, reduced traction chain losses,
seasonal AH routing, and the use of low-carbon electricity. In this sense, B2 should be seen
as a necessary but not the only element in the decarbonization of the fleet. Its significance
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lies in the fact that the extension of the ESS service life reduces the material intensity of the
life cycle, increases the predictability of the technical condition, and creates a technological
basis for further reducing the environmental footprint.

4.4. SOH, Internal Resistance, and EFC for Diagnostics-Guided Battery Service-Life Management

The diagnostic results show that SOH is necessary but insufficient for deciding whether
a battery pack can remain in service. According to Table 10 and Figure 9, the fleet-average
SOH decreased from 89.98% to 85.94%, whereas internal resistance increased from 14.92 to
15.83 m) and the mean accumulated EFC increased from 37.62 to 392.30. At the same time,
the persistent between-pack SOH dispersion demonstrates that fleet-average values cannot
replace pack-specific screening.

From an electrochemical perspective, the observed trajectory may reflect interacting
ageing pathways. Calendar ageing may involve continued interphase growth and loss of cy-
clable lithium, whereas cyclic ageing may additionally involve active-material degradation,
particle cracking, electrolyte decomposition, and impedance growth. Larger DoD, ele-
vated charge or discharge rates, repeated high-temperature exposure, and low-temperature
charging can accelerate these processes. These mechanisms are well established, but they
cannot be separated uniquely from the available fleet records because chemistry-resolved,
C-rate-resolved, and cell-level charging histories were unavailable [71-73].

The charging strategy is relevant because the autonomous sections impose additional
charge—discharge throughput on the storage system. Nevertheless, the present dataset
supports reliable calculation of EFC, mean DoD, temperature exposure, and SOH trajecto-
ries but does not provide sufficiently complete high-frequency current data to reconstruct
the exact C-rate distribution for every charging event. For this reason, the study does not
attribute the measured annual SOH decline to a single charging regime. Instead, EFC, DoD,
thermal history, internal resistance, and failure records are used as observable fleet-level
stress indicators.

Charging conditions and calendar exposure can alter the diagnostic meaning of the
same SOH value. Long residence at high state of charge, elevated charging temperature,
high charge or discharge C-rates, deep cycling, frequent fast charging, incomplete pre-
heating, and charging at low cell temperature may accelerate interphase growth, lithium
plating, electrolyte degradation, active-material damage, and resistance increase. Calendar
ageing also continues during low-mileage or parked periods and depends strongly on
time, temperature, and state of charge. Because the fleet exports do not contain complete
event-level SOC, current, voltage, charging-temperature, cut-off, and dwell-time histories,
B2 eligibility cannot be interpreted as a chemistry-specific lifetime prediction. It is a con-
servative fleet-management screen that must be supplemented by manufacturer-specific
charging limits and periodic capacity and resistance verification.

Electrochemical impedance spectroscopy provides a non-destructive means of separat-
ing frequency-dependent resistive and electrochemical responses and is therefore relevant
to future pack-level validation of BMS-derived SOH. Recent compact and TinyML-based ap-
proaches also indicate that impedance features may be processed on resource-constrained
diagnostic hardware. These methods were not used to generate the present SOH results
and are discussed only as a future extension of the fleet diagnostic architecture [60,61].

At the cell and electrode-material level, recent in situ and operando studies show
how structural transformations, interfacial reactions, ion transport, and degradation can be
observed during cycling in two-dimensional-material energy-storage devices [74]. Phase
engineering likewise offers routes to modify conductivity, redox activity, ion diffusion, and
structural stability [75]. These studies motivate future chemistry-resolved validation but
do not provide direct evidence for the commercial packs analyzed here.
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The onboard energy-storage system also provides route flexibility, continuity of service
beyond the catenary network, and operational resilience. These benefits increase the impor-
tance of reliable condition assessment because an incorrectly extended battery lifetime can
convert economic savings into derating, loss of autonomous range, or unplanned down-
time. Energy storage improves system flexibility and reliability only when degradation
and operating constraints are explicitly controlled [76].

Accordingly, the B2 strategy should not be based on one SOH threshold. Its acceptance
logic must jointly consider SOH, measured available capacity, internal resistance growth,
EFC, DoD, thermal-event history, pack-to-pack dispersion, and the absence of critical
battery or high-voltage failure events. This formulation distinguishes a condition-based
service-life extension from an unconditional calendar extension.

In operational terms, the B2 decision is conjunctive rather than compensatory. A
favourable SOH value cannot compensate for an excessive resistance increase, repeated
thermal derating, insufficient autonomous-range reserve, or an unresolved critical fail-
ure. Extension is authorized only while all mandatory gates in Table 3 remain satisfied.
Any failed gate suspends the extension until corrective action and repeated verification
are completed.

The FMEA results support the need for diagnostic gating, but they must be interpreted
as an event-informed scenario rather than as an observed post-intervention effect. As
shown in Table 12 and Figure 17, the event-weighted RPN decreases from 125.368 to 80.389,
or by 35.9%, only under the illustrative B2 occurrence and detection assumptions. The
largest modelled reductions occur for F1 and F2, which are directly addressed by SOH-
trend, capacity, resistance, temperature, and derating controls. The smaller reductions
for F3-F5 show that preventive regulations for power electronics, HV insulation, control
systems, and auxiliary subsystems remain necessary.

4.5. Multi-Criteria Scenario Comparison and Managerial Interpretation

The analysis in Table 16 and Figure 18 is a comparison of six predefined scenarios, not a
continuous multi-objective optimization. Low AH-B2 is numerically non-dominated within
this set, but a low-AH policy may be infeasible when autonomous operation is required to
maintain route coverage beyond the catenary network. The relevant managerial choice is
therefore the best service-feasible scenario, not an unconstrained numerical minimum.

B2 improves the LCC and modelled risk position at each evaluated AH-intensity level,
while its influence on ELC remains modest because operational electricity dominates the
environmental total. This separation is useful for management: battery diagnostics and
replacement policy primarily affect LCC and risk, whereas grid carbon intensity, HVAC
demand, recuperation, and route operation primarily affect ELC.

The sensitivity analysis presented in Table 17 and Figure 19 shows that LCC is most
affected by battery replacement cost and the admissible battery service-life horizon. Elec-
tricity tariff, labour, downtime, AH share, and diagnostic cost produce smaller changes in
the relative B2 advantage. This gives the operator a specific management-priority map: a
higher battery-replacement cost strengthens the economic case for B2, whereas inadequate
diagnostics, unplanned downtime, or a shorter admissible horizon reduce the benefit.
Therefore, B2 requires full integration of diagnostics into the maintenance-planning system
rather than formal SOH monitoring alone.

The correlation matrix in Figure 20 complements the scenario comparison by showing
the relationships among pAH, eavg, SOH, Rint, EFC, and mileage. The main operational
implication is that autonomous mileage, energy efficiency, and ESS condition form an
interconnected system. Fleet management should therefore integrate daily operating logs,
energy telemetry, battery diagnostics, and failure events within one analytical environment.
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4.6. Limitations and Directions for Further Research

First, external validity is limited by the single-city, single-operator, and 12-month study
design. Climate, topography, stop density, route topology, catenary conditions, electricity
mix, maintenance practices, and procurement prices can change the absolute LCC, ELC,
energy, and failure results. The framework is transferable, but the numerical thresholds
and outcomes require recalibration before application to another fleet.

Second, the operator supplied anonymized exports rather than the original on-
board databases with complete calibration documentation for every measurement chan-
nel. Sensor-level measurement uncertainty could therefore not be reconstructed for all
40,150 vehicle-day records. The study reports record-quality categories, empirical ranges,
cross-vehicle variability, and model error instead of assigning unsupported retrospective
instrument tolerances.

Third, this study is observational. Associations among pAH, temperature, energy
consumption, SOH, resistance, EFC, and failures remain vulnerable to residual confound-
ing by route allocation, driver behaviour, passenger load, maintenance timing, charging
practice, and unrecorded hardware conditions. The reported associations should not be
interpreted as isolated causal effects. Multi-year matched before-after and intercity designs
are required for stronger causal inference. The linear specification also does not explicitly
resolve nonlinear interactions involving traffic congestion, stop density, road gradient
and surface condition, intersection delay, acceleration and braking style, driver-specific
behaviour, or catenary-voltage variation.

Fourth, several revision-stage results are illustrative rather than independently ob-
served. The vehicle-grouped validation values use a generated experimental-style dataset,
the B2 changes in FMEA occurrence and detection are ex ante control effect assumptions,
and the alternative LCC and ELC sensitivity cases are scenario inputs. These values
demonstrate the calculation workflow.

Fifth, the electrochemical resolution of the battery data is limited. The fleet exports
contain SOH, available capacity, internal resistance, EFC, DoD, temperature, and thermal-
event indicators, but not complete cell-level current and voltage trajectories, exact C-rate
distributions, charging-cut-off histories, chemistry-resolved pack metadata, or EIS and
operando spectra. The analysis therefore supports fleet-level condition monitoring but
does not identify individual electrochemical ageing mechanisms. Charging-regime and
calendar-ageing effects are therefore represented only indirectly through battery age, EFC,
DoD, thermal history, SOH, internal resistance, and observed failure records.

Sixth, B2 had not been implemented as a controlled fleet intervention during the
observation period. The 6.5-year battery horizon, diagnostic thresholds, and 35.9% mod-
elled RPN reduction are conditional engineering scenarios rather than verified post-
implementation outcomes. Their validation requires repeated eligibility reviews and
a multi-year comparison of matched Bl and B2 vehicles, including withdrawals, false
alarms, missed detections, and unplanned downtime. The deterministic eligibility rule is
not a probability-calibrated decision model and does not quantify threshold uncertainty,
dependence among diagnostic indicators, or the probability of safe operation over the
proposed extension horizon.

Seventh, the functional unit is one vehicle-kilometre. Passenger-kilometres, occupancy-
adjusted transport work, service regularity, catenary capital expenditure, and the economic
value of newly served areas were not monetized. Moreover, the multi-criteria analysis
evaluates six predefined scenarios rather than searching a continuous decision space.
Future work should include service-quality and infrastructure constraints and compare
only transport-equivalent alternatives.
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These limitations define the evidential boundary of the study. The present contribution
is a traceable fleet-level workflow and an internally consistent case analysis, not universal
battery thresholds or a validated post-intervention claim. The next stage should combine
verified record-level data, manufacturer-specific diagnostic limits, external fleet validation,
and a prospective B2 implementation study.

4.7. Practical Recommendations for the Operator and the Municipal Customer

The operator should record autonomous operation explicitly in the daily logs. Ltotal,
LCS, LAH, pAH, route, depot, temperature, passenger load, and abnormal-event indicators
are required to link route assignment with energy demand, battery conditions, and failures.
Without this granularity, fleet-average values cannot support pack-specific B2 decisions.

Energy telemetry should retain total net energy, mode-resolved CS/AH energy, re-
cuperation, HVAC and auxiliary loads, and derating indicators. This structure reduces
uncertainty in eCS and eAH and improves transfer of the operational results to LCC and
ELC. Data-system modernization can therefore improve routing, maintenance, and ESS
replacement decisions alongside hardware modernization.

For B2 implementation, the operator should conduct monthly BMS data screening
and a formal eligibility review at least once per quarter. The quarterly review should
include BMS-reported SOH, the most recent capacity-referenced SOH, BMS-to-capacity
discrepancy, three-month SOH trend, internal resistance growth, pack-to-pack SOH spread,
EFC, mean DoD, maximum and minimum cell temperatures, thermal-derating events,
autonomous-range reserve, and F1-F5 failure history. A standardized capacity test should
be performed at least annually and whenever the BMS SOH approaches 82%, the BMS-to-
capacity discrepancy exceeds 1.5 percentage points, or accelerated degradation is detected.

The service-life extension should be approved only when all mandatory gates in
Table 3 are satisfied. Failure of one gate should result in temporary suspension of B2,
additional diagnostics, route derating, repair, pack replacement, or return to the B1 calendar-
replacement policy. Thus, the 6.5-year horizon is not assigned once for the entire fleet but is
repeatedly confirmed for each eligible vehicle.

For the municipal customer, an autonomous-range trolleybus is both rolling stock
and an element of data-driven transport infrastructure. Its effectiveness depends on pur-
chase cost, rated autonomous range, data quality, diagnostic capability, maintenance rules,
and the operator’s ability to manage the battery condition at the fleet level. Fleet expan-
sion should therefore coordinate vehicle procurement, catenary development, telemetry
infrastructure, condition-based battery maintenance, and integrated LCC-ELC-risk mon-
itoring. Algorithmic condition-based control studies provide a complementary basis for
this data-to-decision architecture [77].

5. Conclusions

This paper presents a fleet-level study of 110 autonomous-range trolleybuses using
40,150 vehicle-day operating records, 40,150 energy records, 3960 pack-month SOH records,
and 584 maintenance, failure, and downtime events. Autonomous operation is treated as
a measurable mode that influences energy consumption, battery use, life-cycle cost, and
operational risk rather than as a nominal vehicle capability.

The daily energy consumption model provides a descriptive performance for the
entire sample with a determination coefficient of R? = 0.860, a root mean square error of
RMSE = 23.615 kWh/day, and a mean absolute percentage error of 8.119%. Validation by
vehicle group yields R? = 0.842, RMSE = 25.18 kWh/day, and MAPE = 8.74%, with MAPE
for subgroups ranging from 7.92% to 9.63%.
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The average SOH of the battery packs decreased from 89.98% to 85.94% over the
12-month observation period, corresponding to a fleet-average decline of 4.04 percentage
points. This mean trajectory was accompanied by an increase in internal resistance and
EFC, while the persistent between-pack SOH dispersion showed that degradation was not
uniform across the fleet. The diagnostic interpretation therefore combines BMS-reported
SOH, periodically measured available capacity, internal resistance, EFC, DoD, tempera-
ture history, thermal events, and failure records. Because complete chemistry-resolved
and C-rate-resolved charging histories were unavailable, the study does not attribute the
observed degradation to one electrochemical mechanism. The B2 strategy is consequently
formulated as a multiparameter, diagnostic-gated operating policy rather than as a simple
calendar-life extension.

In the central 6.5-year scenario, the condition-based battery-life extension strategy
reduces LCC from 29.52 to 26.16 RUB/km, corresponding to an 11.4% reduction. The
horizon sensitivity analysis shows reductions of 4.30%, 8.25%, 11.38%, and 13.98% for
assumed service lives of 5.5, 6.0, 6.5, and 7.0 years, respectively. These values demonstrate
the strong dependence of the economic result on the assumed battery horizon but do not
independently establish technical admissibility. The 6.5-year horizon is therefore treated as
a conditional central scenario, while actual extension is approved pack-by-pack only when
all diagnostic gates remain satisfied. The event-weighted RPN for F1-F5 decreases from
125.368 to 80.389, or 35.9%, with the presence and detection of B2; this decrease requires
prompt pre- and post-testing.

Baseline ELC decreases from 0.6646 to 0.6594 kg COj-eq/km, corresponding to
0.7824%. The cleaner-grid scenario increases the relative B2 benefit to 1.59%, whereas
the carbon-intensive scenario reduces it to 0.56%. The environmental advantage is therefore
directionally stable but modest because operating electricity dominates total emissions and
the battery strategy mainly affects the embodied component.

Taken together, this study contributes an observation-linked fleet assessment frame-
work rather than a new standalone battery or energy model. The framework preserves
a traceable sequence from vehicle-day operation through pack-month diagnostics and
event-level maintenance data to LCC, ELC, and event-weighted RPN. Battery-life extension
should only be approved for in-service vehicles whose limiting batteries continue to meet
the full set of diagnostic criteria.
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Notation

pAH is the observed share of autonomous mileage in total daily mileage (-);

CS is the contact-network power-supply mode;

AH is the autonomous-operation mode;

eavg, eCS, and eAH are the average net, contact-supply, and autonomous-mode-specific energy
values, respectively (kWh/km);

SOH is the battery-pack state of health (%);

Rint is the battery-pack internal resistance (m(2);

EFC is the number of equivalent full cycles;

DoD is the depth of discharge (%);

LCC is the life-cycle cost (RUB/km);

ELC is the life-cycle emissions (kg CO,-eq/km);

FMEA is failure mode and effects analysis;

RPN is the risk priority number, calculated as severity x occurrence x detection;

F1-F5 are the failure modes included in the fleet-level FMEA;

SM denotes scheduled-maintenance events included in LCC and availability calculations
but excluded from weighted RPN.
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