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Abstract

Fair allocation in an integrated charging-swapping station depends on both how an event
defines value and how evidentiary uncertainty propagates into settlement. Existing vehicle-
to-grid (V2G) studies commonly treat contribution attribution and trusted transaction
recording as separate problems. We formulate an event-conditioned cooperative game in
which service requirements, available capabilities, and a service prior shape the charac-
teristic function before Shapley attribution. An evidence—confidence vector further links
measured performance to attributable performance. A calculation-provenance certificate
and an evidence-dependency matrix then connect attributed amounts to component-level
settlement states under dispute. Under the stated budget and dependency conditions,
the formulation establishes conservation and dispute locality. In reproducible synthetic
cases, event conditioning produced distinct allocations across three service types and a
smaller normalized core deficit than the equal-weight game in 86.4% of sampled events.
A position-balanced estimator reduced Shapley RMSE by factors of 2.6-3.4 relative to
random sampling and 1.6-1.9 relative to antithetic sampling, although position-stratified
sampling remained more accurate. Missing dependency edges released unsupported com-
ponents, whereas spurious edges froze otherwise releasable amounts. The framework
therefore connects event-specific cooperative attribution with evidence-dependent settle-
ment and identifies dependency specification as a first-class condition of dispute-aware
V2G revenue allocation.

Keywords: vehicle-to-grid (V2G); Shapley value; revenue allocation; charging station;
battery swapping; blockchain; smart contract; trustworthy computing; dispute-aware
settlement
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controllable resources for peak shaving, renewable-energy integration, balancing, and other

flexibility services [1]. Recent field and data-driven studies show that grid-interactive
Copyright: © 2026 by the authors.

charging can operate under network constraints and at urban scale [2,3]. The economic
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el . value of this flexibility nevertheless depends on more than delivered energy. Mobility con-
This article is an open access article ) ) . . ) A
distributed under the terms and straints, battery costs, response speed, availability, tracking accuracy, and service reliability

conditions of the Creative Commons ~ all shape the value perceived by EV owners, aggregators, and grid-side actors [4-7].
Attribution (CC BY) license.

Energies 2026, 19, 4885 https:/ /doi.org/10.3390/en19204885


https://crossmark.crossref.org/dialog?doi=10.3390/en19204885&domain=pdf&date_stamp=2026-10-15
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/energies
https://www.mdpi.com
https://doi.org/10.3390/en19204885

Energies 2026, 19, 4885

20f27

This attribution problem becomes sharper in an integrated charging-swapping station.
A single station may coordinate photovoltaic generation, a stationary battery energy storage
system (BESS), bidirectional V2G fleets, smart charging loads, and a battery swapping
station (BSS). These resources provide different combinations of power, energy, timeli-
ness, and tracking performance. Co-optimization can determine how they should be
dispatched [8,9], but it does not determine how the benefit created by a completed event
should be attributed among them.

Cooperative game theory offers a principled answer to the attribution problem.
The Shapley value assigns each participant its expected marginal contribution over all
coalition-entry orders [10]. It has been applied to V2G carbon benefits [11], energy commu-
nities [12], fairness-aware aggregation [13], integrated energy systems [14], and charging
or swapping incentives [15,16]. These studies clarify how a given coalition value can
be distributed. They do not, however, remove a prior modeling question: whether the
characteristic function represents the technical objective of the event. A Shapley allocation
may satisfy its axioms while rewarding the wrong capability if an energy-centric value
function is used for a fast-response event, or a response-centric value function is used for
sustained energy support.

A second question arises after attribution. Blockchain and smart-contract studies have
improved the traceability of V2G trading, charging records, and scheduling decisions [17-19].
Permissioned ledgers can make recorded states difficult to alter [20,21], and recent platforms
have demonstrated blockchain-anchored flexibility markets and auditable proof-of-charge
receipts [22,23]. Yet an immutable record does not establish which data snapshot, metric
definition, algorithm version, and execution state produced an attributed amount. It also
does not determine which payment components remain supported when only part of the
evidence is disputed. Attribution and transaction recording therefore leave a common
problem unresolved: how the evidentiary validity of an allocation should propagate into
the state of settlement.

The central argument of this paper is that fair post-event settlement is not a property
of the allocation rule alone. It depends jointly on how event-specific value is defined and
how evidentiary uncertainty is mapped to releasable or frozen payment components. We
address this problem through a unified event-level chain from cooperative valuation to
dispute-aware settlement.

The methodological contribution is defined explicitly as follows:

e  Event-conditioned valuation. Service requirements, available capabilities, and a
service-semantics prior determine the characteristic function before Shapley attri-
bution; evidence-adjusted service vectors make measurement support part of at-
tributable performance.

¢ Evidence-dependent settlement. A binary dependency relation maps disputed evi-
dence to component-level freeze states. Under non-negative component amounts and
an explicit budget constraint, the formulation proves conservation and dispute locality,
while versioned releases provide idempotent and append-only settlement updates.

*  Auditable computation. A position-balanced Shapley estimator and a structured
provenance certificate connect the numerical result to its inputs, algorithm, execution
state, and output.

The independent theoretical innovation is therefore the composition of these operators
into one event-level settlement map: the event specification changes the cooperative game,
evidence confidence changes the effective service before attribution, and the same evidence
state is propagated through a component dependency algebra after attribution. This gives a
formal bridge between valuation and dispute handling that is not supplied by a standalone
Shapley rule, a blockchain record, or a payment ledger. The numerical study examines

https://doi.org/10.3390/en19204885


https://doi.org/10.3390/en19204885

Energies 2026, 19, 4885

3 0f27

how these constructions alter allocation, approximation error, and settlement behavior in
reproducible synthetic cases.

Positioning relative to the related literature. Table 1 positions the proposed formula-
tion against closely related V2G and integrated-energy allocation studies. The comparison
follows four analytical dimensions: heterogeneous resources at a common allocation level,
adaptation to the service event, binding to an evidence record, and component-level dis-
pute propagation. Prior work has developed important parts of this chain, but these
parts are usually studied as allocation, transaction integrity, or market operation problems.
The present study examines their connection within a single event-level attribution-to-
settlement formulation.

Table 1. Positioning of the proposed framework against related V2G and integrated-energy allocation
work; the dominant allocation mechanism of each work is given in parentheses. “Hetero.” denotes
multi-resource heterogeneity at the same allocation level; “Event-adapt.” denotes an allocation rule
that changes with the service event type; “Evidence-bound” denotes binding of the result to a frozen
data and algorithm record; “Componentised” denotes evidence-dependent local settlement freezing.
A checkmark indicates that the feature is explicitly addressed; a dash indicates that it is not addressed;
partial indicates partial coverage.

Work Application (Allocation Rule) Hetero. Event-Adapt. Evidence-Bound Componentized
Yu 2024 [11] V2G carbon benefits (Shapley) v — — —
Li 2026 [15] V2G scheduling (mod. Shapley) — — — —
Wang 2026 [14] Integrated energy (semi-tensor) v — — —
Liang 2025 [13] Prosumer fairness (aggregation) v partial — —
Volpato 2024 [12] Energy community (multi-rule) v — — —
Chen 2024 [19] V2G trading (smart contract) — — v —
Hossain 2024 [18] V2V energy trading (PKI protocol) — — v —
Fan 2024 [24] P2P energy trading (BPET framework) partial — v partial
Khan 2024 [25] (review) EV P2P trading (review) — — — —
Shi 2025 [16] Truck swapping stations (adaptive Shapley) v partial — —
Dagoumas 2026 [22] DER marketplace (blockchain-anchored) — — v —
Sejfuli-Ramadani 2026 [23] Charging receipts (proof-of-charge) — — v —
This work Charging-swapping V2G (event-cond. v, + Shapley) v v v v

Study Scope and Operational Context

The formulation addresses post-event attribution after an external market or con-
tractual process has determined the event benefit pool. Dispatch optimisation, bidding,
and participant recruitment are treated as upstream processes. The workflow is informed
by operational concerns in integrated charging—swapping services, including heteroge-
neous metering, data correction, reconciliation, and dispute handling. The numerical cases
are reproducible and synthetic, while operational calibration is considered in Section 5.4.

2. Framework Formulation

The methodology is presented in five parts: the event and evidence representation
(Section 2.1), the event-conditioned cooperative value (Section 2.2), the Shapley attribution
and its structured approximation (Section 2.3), the calculation-provenance construction,
and the evidence-dependent settlement formulation. Every construction is defined at the
event level and versioned with the event specification, so that a valuation is always tied to
an explicit, reproducible state of its inputs.

2.1. Event and Evidence Representation

Let the participant set of flexibility event e be

Ne={1,2,...,1} 1)
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A participant can represent a stationary BESS, a V2G vehicle fleet, an operator-
controlled smart-charging portfolio, a battery-swapping load, or another dispatchable
station resource. Each participant is linked to one or more physical assets, but settlement is
performed at the participant level after asset-level measurements have been aggregated
and verified.

An event is represented by

e = (Te/ Se,Te,ae, Ne, De, Oc, Pe)/ )

where T, is the event time window, s, denotes the service type, 1. is the requested service
vector, a. is the available-capability vector, N, is the participant set, D, denotes the frozen
input data snapshot, 6, denotes the valuation algorithm and parameter version, and p.
denotes the settlement-rule version. The event-level representation prevents measurements
from different event windows or different rule versions from being silently mixed.

Evidence-Adjusted Service Representation

For participant i, the physical-performance service vector is

-
phys _ [ _Pphys _E,phys _T,phys _Q,phys
xi,e - [xi,e 4 xi,e ’ xi,e ’ xi,e ’ (3)
where the four components are, respectively, the normalized delivered power, the normal-
ized delivered energy, the normalized response timeliness, and the normalized trajectory-
tracking quality, as observed from the station measurement stack. The evidence-confidence
vector is -
P E T 4
Cio = [ci,e, Ciror Cier leJ € [0,1]%, 4)

where each component aggregates the data completeness, the time-synchronisation quality,
the meter-calibration status, the data-source provenance, and the cryptographic-signature
verification of the corresponding physical measurement. The effective service vector is then

xi{f = xf I;y goxp” ®)
where ® denotes element-wise multiplication. The valuation is computed on x*/f rather
than on x”¥* alone, so that a contribution is credited only when both the physical response
and the evidentiary support are present. This decomposition is what allows the framework
to bind the value computation to the evidence state without conflating physical performance
with measurement quality. The proposed framework does not require these four dimen-
sions to be universal; additional dimensions can be introduced as long as their definitions,
data sources, directions, and normalization versions are frozen with the event. The frame-
work deliberately does not propose a universal estimator for ¢; .: the evidence-confidence
vector is a versioned input generated by the deployment system’s evidence-quality policy
(completeness, time-synchronization, calibration, provenance, and signature checks per di-
mension); Section 3.2 verifies that the allocation responds continuously and monotonically
to its degradation.

All four physical dimensions are converted to dimensionless scores before Equation (5),
with larger values meaning better service. In the synthetic cases, power and energy are
clipped delivered-to-request ratios, x” = clip(P%¢! / P"*9,0,1) and xF = clip(E%! /E",0,1).
Timeliness is an inverse response-time score, xT = clip((tmax — t"*?)/ (tmax — tmin),0,1),
so that a smaller physical response time gives a larger score. Tracking quality is
xQ = clip(1 — nMAE, 0, 1), where nMAE is the normalized trajectory error. The bounds,
reference values (fmin, fmax ), clipping rule, and measurement windows are versioned in
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the metric-definition root R, ’; hence, the same normalization is used for all participants in
one event and cannot be changed after attribution.

2.2. Event-Conditioned Cooperative Value

The event specification consists of two vectors. The event requirement t. € ng)' and the

available capability a, € RLDO‘

are versioned with the event snapshot. The dimension set D = {P,E, T, Q} corresponds

are both provided as inputs to the valuation at event time and

to power, energy, timeliness, and tracking quality, but the framework is agnostic to the
choice of dimensions; additional dimensions such as ramping, state-of-charge, or network
location can be added as long as their definitions, data sources, and normalization versions
are frozen with the event.

The technical constraint pressure on dimension d is the logarithmic ratio

poa = log(1+ ), ©
where € > 0 prevents division by zero. The logarithmic form is preferred over the raw
ratio 7,4/ (a, 4 + €) because the raw ratio is unbounded as a,; — 0, which makes the
downstream softmax brittle when a capability is temporarily unavailable. The log form
saturates gracefully and remains well-defined across the full range of r, ; and a, 4.

Before mixing the four pressure components into a single weight vector, we apply a
small calibration: the raw log-pressure already lives on a comparable scale across dimen-
sions, and a z-score standardization was found to compress all dimensions toward zero
and effectively suppress the service-semantics prior. The implementation therefore uses
the raw log-pressure directly in the softmax, and the service-semantics prior 7 € RLDOl enters
as a multiplicative factor:

77 eX
West = softmaxy(Bpoq +10g 7a) = Zkelj ﬂkigi?p(%dij k)’ X wed =1 @
e, deD

where B > 0 controls the sensitivity to the per-dimension scarcity term. The prior 7
encodes the operational fact that some dimensions are intrinsically more important for a
given service type regardless of the instantaneous scarcity level: a fast-response event is by
definition more about timeliness than about sustained energy, and a peak-shaving event is
by definition more about power than about tracking quality. Without the prior, the weight
vector would be entirely determined by the realized scarcity, which can produce counter-
intuitive weights when one dimension is simultaneously abundant and operationally
important. With the prior, the event weight vector is the product of service semantics and
real-time scarcity:

service semantics + real-time scarcity — we. (8)

In the representative cases below, peak shaving, fast response, and energy support
are characterized by 7 = (1,1,1,1), (0.6,0.4,1.4,1.0), and (0.4,1.4,0.4,0.8), respectively.
The pressure vector (r, a,) is propagated through Equations (6) and (7) with B = 3 to
obtain the event weight vector. Section 3.1 examines the response of this mapping across
500 synthetic events and through controlled counterfactuals. The prior 7w remains an
operator- and policy-defined input that is versioned with the event specification.

Coalition Value

For coalition S € N,, the coalition value is decomposed into a separable per-dimension
component and a small set of physically meaningful interaction terms:
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0e(S) = ) Weqtta ri + ) akta(S), )

deD, ed (dk)ec

where C is a small set of dimension pairs that the operator declares to be physically coupled,
and D, = {d € D : 1,4 > 0} is the active dimension set: dimensions on which the event
places no requirement (r, ; = 0) are excluded from the value construction, which keeps the
normalization ) ;g x?;f Ay 70,4 well-defined. The single-dimension utility is a continuous,
saturating concave function with a hard clip:

ug(z) =1 —exp(— agmin(z, zmax)), Zmax > 1, (10)

which replaces the hard cap min(-, 1) used in the preliminary version of this framework.
The utility is strictly increasing and concave on [0, zmax| and constant beyond zmax (it is
Co'butnot Cl atz = Zmax); it has three desirable properties: (i) it is strictly increasing up
t0 Zmax, SO early resources have a non-trivial marginal value; (ii) it is concave on [0, Zmax|,
so diminishing returns are first-class; and (iii) it is bounded, so the total coalition value
remains finite even if a coalition oversupplies a dimension. The parameter a; > 0 is the
steepness of the utility on dimension d, with the convention that a smaller a; corresponds
to a more elastic demand on that dimension.

The interaction term upg captures the physical coupling between power and energy: a
coalition that supplies enough power for the duration of the event but insufficient energy
(or vice versa) cannot fully deliver the response. We define
N Yies xf,];f'P Yies xff;f'E

upg(S) = mi ,
Ve p Ye E

7 1 4 (11)

weighted by a small coupling coefficient #pg so that the interaction adds at most a modest
correction to the separable sum. The framework is intentionally conservative in the number
of interaction terms: most flexibility events in integrated charging—swapping stations admit
a single power—energy interaction, and additional couplings can be added at the cost of
additional operator-supplied coefficients.

2.3. Shapley Attribution and Approximation
The exact Shapley value of participant i is then

S]1(ne — || - 1)!
Ne!

¢i(ve) = [0e(SU{i}) — ve(9)]. (12)

SCN\{i}
If the allocation pool assigned to contribution is BS"'®, the contribution component is

A;ontrib —_ BCOHtI‘ibL. (13)
e ¢ YjeN, ¢j

Equation (12) makes the participant-level marginal attribution explicit. The stan-
dard Shapley efficiency property guarantees that the value of the grand coalition is fully
distributed with respect to the defined game v,.

The sum over dimensions in Equation (9) is deliberately additive after normalisation.
It represents separable marginal service benefits: one unit of normalised power, energy,
timeliness, or tracking quality contributes according to its event weight, while the concave
utility captures diminishing returns within that dimension. Timeliness and tracking quality
are therefore not assumed to be physically identical; they are measured on distinct, common-
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direction scales and are additive only at the benefit-accounting layer. Cross-effects that
are material for a deployment are represented explicitly by uy (the present study uses
the power—energy term upg). This assumption makes the contribution of each dimension
auditable and can be relaxed by adding a versioned interaction term rather than by silently
changing the sum.

If all effective service volumes vanish, the Shapley vector is zero and the normalisation
in the contribution allocation is defined by the following convention:

- (Pl/ Zj ¢j/ Zj (Pj > €, Agontrib — Bcontrib . (14)
ie 0, 24) < epr ie e Gie-
] ]

When the second branch applies, the pre-established contribution pool is not silently
attributed: it is recorded as an unreleased reserve BLeserve — peontrib _ v~ A;‘e’“trib and is
handled by the contract’s fallback rule (for example, returned to the market or held pending
verified service). The same convention covers an all-zero evidence—confidence vector and
makes the attribution rule in Equation (14) well-defined without inventing service value.

Exact calculation requires evaluating exponentially many coalitions. The permutation
form of the Shapley value is

¢i = Exfve(PT U {i}) —ve(P)], (15)

where P is the set of participants preceding i in permutation 7t and 7t is uniform over the set
Iy, of all permutations of N,. We use a variance-reduction strategy designed for heteroge-
neous event participants and for saturating coalition functions of the form of Equation (9).

Definition 1 (Event-Oriented Position-Balanced Estimator). Let 7t ~ Unif(Ily;,) and let Cy
denote the cyclic-shift operator that maps a permutation to its k-th rotation. A balanced batch of
size n, is the multiset {Co(7), C1(7),...,Cpy,—1(7T)}. Given M such batches, the estimator is

. 1 M nefl

$i

= Mnp 1 L Ai(Celmtm)), A7) = vo(PTU{i}) — ve(P]Y). (16)

Proposition 1 (Unbiasedness of the Event-Oriented Position-Balanced Estimator). For any
i € N, E[gi] = ¢i.

Proof. For any fixed cyclic shift Cy, the image Cy(77) is uniform over Iy, whenever 7 is.
Therefore E[A;(Cy())] = E[A;(7T)] = ¢; for every k. The estimator is a finite average of
these equal-mean terms, so its expectation is also ¢;. [

The estimator is therefore theoretically unbiased. The cyclic construction guarantees exact
position balance within each complete batch: each participant occupies each coalition-entry
position exactly once per batch. Whether this structural balance reduces variance depends on
the covariance structure induced by the coalition-value landscape; no general covariance sign
is assumed here, and the variance effect is therefore evaluated empirically in Section 3.3.

For operational use, we augment the estimator with a confidence-interval stopping
rule based on the independent batch means. Define the batch mean for batch m as

1 ne—1
bui = — Y M(Ci(7tm)), (17)

e 1 =o

so that different batches correspond to independent random base permutations. After M batches,
the standard error of @i = ﬁ 2%21 by, i is computed from the M independent batch means.
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SE;(M) = (jﬁ) a8)

where s(b.;) is the sample standard deviation of the M batch means for participant i.
The worst-case relative half-width is

R(M) = max to.975, M—1 SE;(M)

= 19
i€N, il + € )

where f( 975 A1 is the 0.975 quantile of the Student-t distribution with M — 1 degrees of
freedom; because the standard error is itself estimated from the M batch means, the Student-
t quantile is used instead of the normal approximation 1.96. The sampling loop terminates
as soon as R(M) < 1 for a target T € (0,1) (default T = 0.05), and reports the smallest
M that satisfies the criterion together with the resulting ¢. This is an auditable empirical
stopping criterion, not a claim of fixed-sample 95% coverage under optional stopping:
repeated monitoring of an ordinary Student-f interval can alter its unconditional coverage.
The criterion is useful for transparent computation because the batch means, threshold,
and stopping batch are recorded in the certificate. Note that the standard error is computed
from the M independent batch means rather than from the Mn, correlated rotation samples,
which would underestimate the true variance.

Section 3.3 empirically compares the proposed estimator against plain random, anti-
thetic, and position-stratified baselines on RMSE and runtime at equal marginal-evaluation
budget; the batch-mean confidence criterion is demonstrated separately through the adap-
tive stopping rule.

2.4. Calculation Provenance

A fair allocation is insufficient if the result cannot be reproduced from the exact data
state used at the time of calculation. Therefore, the raw operational database is separated
from the frozen event snapshot. Let

RE’) = H(canonicalize(De(v) )) (20)

denote the snapshot root for version v, where H(-) is a cryptographic hash function.
High-frequency data remain off-chain; only digests and indices need to be anchored in a
permissioned ledger.

The framework distinguishes proof-of-charge platforms, which establish that a charging
record is authentic and tamper-evident [23], from valuation provenance, which records how
a particular attributed monetary amount was computed from the data, metric, algorithm,
and parameter state. The proposed certificate is the latter. Formally, the calculation
certificate for event e at version v is the ordered 9-tuple

¢ = {H(E), RY), RY, R, H(A), H(O), @), RY, RS}, @)

with the following interpretation:

e H(E.)—the digest of the event state (T,, s, I, a,): the time window, the service type,
the requirement vector, and the available-capability vector.

. Rg)—the frozen data-snapshot root, covering both the raw measurements and the
operator-declared evidence-confidence vector ¢; .

. R%j)—the participant-set root: the Merkle root of the canonicalized identifier, role,
and service-vector list of N,.

. Rg\? —the metric-definition root, binding the dimension set D, the normalization con-
stants, the utility parameters (&, Zmax, 7/4x ), and the measurement-to-normalization rules.
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*  H(A)—the digest of the valuation-algorithm artifact (exact enumeration or struc-
tured sampling), so that the same computation can be re-executed byte for byte;
the settlement-mechanism artifact H(.Aset) is anchored in the same way but lives as a
row of the dependency matrix (Section 2.5).

*  H(O®,)—the parameter digest of all valuation parameters that are not part of the event
state, namely 7., B, &4, Zmax, and #4; the event state and the parameter state are
thereby committed separately and without overlap.

e 5(®—the structured execution descriptor, recording the computational mode (exact
enumeration, or a named stochastic estimator together with its randomisation state and
sample count). The descriptor must truthfully characterise the execution that produced
Rg’ ) ; Section 4.6 verifies that even a minimal change to the recorded execution state
breaks certificate verification.

. R(Tv) —the calculation-trace root, namely the Merkle root of the per-step partial results
during the valuation.

. Rg ) —the output root, the Merkle root of the per-participant contribution vector and
the per-component settlement vector.

The nine components distinguish the questions that arise in an attribution audit:
which event was evaluated, which data and participants were included, which metric
and algorithm versions were applied, how the calculation was executed, and which trace
produced the output. The certificate therefore represents valuation provenance rather
than transaction integrity alone. A prototype implementation of canonicalization, hashing,
and Merkle combination accompanies the paper. Section 4.6 evaluates the construction
through five single-field mutation checks. A permissioned ledger can provide an external
immutable anchor for the resulting digests, while detailed telemetry and calculation traces
remain off-chain. Figure 1 summarizes the resulting connection between source systems,
frozen evidence, cooperative attribution, commitment, and dispute handling.

- High-frequency telemetry

Plane 1 pa =] = Ay ~

metered events J-=2} 3 a () remains off-chain;

& telemetr, Source & ~ = i i
y " only evidence commitments
station systems BV
generation Stationary V2G chargers  Smart charging Swapping and state are
BESS

anchored on the
permissioned ledger.

—®

frozen inputs Plane 2
pzen Inp o eyt Data quality Evidence Snapshot root Off-chain (operational)
(3, Xppys € q y + compleleness contidoncec A, snapshot ) Rp
frozen event « consistency 0.1 E version v W) ashof frozen Il On-chain (anchor)
snapshot « timeliness ' inputs)
l Pl Weights )
N Sre S s Shapley value Allocation Rule version
versioned Event valuation & 3 Yy D AR P
commitments settlement {from @i g (parameters & ¢ |
. -+ dioned Jovel amets
services capabiltes. attribution) settiement) configuration)
B pressures, prior) | dispute 7
| (disputed evidence
————————————— permissioned-ledger boundary — — — — — — — — — — — | or components)
I/ \
9-tuple e - - - _Q |
anchored state [LCCLIE certificate Contract refease.id/ Append-only | N
PITRS  Permissioned c state G (empatent mtao g of dependency #
evidence anchor (event, data (versioned component (immutable log of |
o, dat, o ) release commitments & propagates z
execution, result) identifier) comections) | tofreeze mask m
Pl 5 Dependency Correction ]
ane .
. 1, graph Freeze mask m a4; Ewde’m? ex?on ]
Audit, dispute & adjustments & audit trail | e
B (component-level (adj
iliati dispute impact) under L1 (reports, logs,
edges) frozen explainability)
components)
—» Forward data & commitmentflow ~ — B Dispute feedback (locality via 2) — — — Permissioned-ledger boundary Snapshot freezing 1) Cryptographic commitment Immutable ledger state
0

Figure 1. Proposed event-level valuation and evidence-bound settlement framework. Five planes
connect the source and station systems (Plane 1), data quality and snapshot freezing (Plane 2),
and event valuation with componentized settlement (Plane 3) to the permissioned evidence anchor
(Plane 4) and the audit, dispute, and reconciliation layer (Plane 5). Solid arrows trace the forward
data and commitment flow, the dashed line marks the permissioned-ledger boundary, and the red
dashed path shows a dispute z propagating through the dependency structure B into a component-
level freeze mask m. High-frequency telemetry remains off-chain; only evidence commitments and
settlement state are anchored.
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2.5. Evidence-Dependent Settlement
The gross event benefit B, is decomposed into components:
. d'
Ai,g — Aligse + Alg’(e)ntrlb + Af,(gst + A?,e]’ (22)

where the terms represent, respectively, a base/guaranteed component, contribution-based
allocation, verified cost compensation, and a non-negative bonus component. The settle-
ment components used in Equations (25) and (26) satisfy A;¢ > 0. A penalty is stored
separately as a non-negative debit AE :n > 0 and the participant’s net payable amount
is Agjt = Aj, — AE :,n; it is not represented by a negative settlement component. Thus,
U; and F; are releasable and frozen monetary amounts, respectively, while SCR and FR
are the corresponding aggregate ratios of actual gross payable funds; penalty recovery is
reconciled in a separate ledger. Equation (22) is not merely financial bookkeeping: each
component is attached to its own evidence dependencies.

Let m be the number of evidence items (frozen data records, metric roots, algo-
rithm/parameter digests, and calculation-trace commitments) and g the number of set-
tlement components for the event. The dependency structure is encoded in a binary

dependency matrix
B e {0,1}"*¢, Bj; =1 <= component ¢ depends on evidence item j. (23)

B can be derived from a directed acyclic dependency graph, but the matrix form is
more convenient for both analysis and implementation.

A dispute over evidence item j is encoded by a binary vector z € {0,1}" with z; = 1
if and only if item j is disputed. The set of disputed-dependent components is then the
column-wise OR of B along the disputed rows:

m=IB"z>0)€{0,1}$, mg=1<= Jj:Bjy=1Az =1 (24)
The participant-level releasable and frozen amounts are

Ui =) (1—mg)Aig, Fi =) mgAig, (25)
3 3

so that U; + F; = A; for every participant.

The columns of B are settlement-component types and the rows are event-wide evi-
dence items. Consequently, a dispute in one row freezes that component for every partici-
pant whose A; ¢ is supported by the row. This common freeze is intentional: the contribu-
tion component is a Shapley allocation whose participants are mutually coupled through
the same event snapshot and valuation algorithm. If evidence is genuinely participant-local,
the row is split into participant-specific items (for example, “telemetry-V2G fleet”) and the
same equations then freeze only the affected participant’s component. The granularity is
therefore explicit in the evidence-item definition rather than implicit in the matrix algebra.

Throughout, the versioned component decomposition is assumed to satisfy the settle-
ment budget constraint

() _ gl
i.e., the component amounts of version v exhaust the versioned event pool exactly; this
constraint is an explicit input to the conservation property (Proposition 2).

Let Kﬁ”) denote the allocation commitment of version v: the Merkle root of the canoni-

calized allocation matrix {Al(?} over all participants and components. A unique release
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identifier is derived from the event, the settlement version, the participant, the released
component set, the released amount, and the allocation commitment:

release_id = H{ H (Ee) | 0[il|Greteasea | LHIIKS” ). (27)

Binding U; and Kév) into the identifier means that the same event, version, participant,
and component set with an altered amount yields a different identifier; the identifier
therefore commits to the event, the version, the participant, the component set, the amount,
and the settlement state together. The deterministic hash guarantees identical identifiers
for identical canonical inputs; distinct inputs are expected to produce distinct identifiers
under the usual collision-resistance assumption for H. Equation (27) therefore supports
idempotent retries, but the downstream payment system must still enforce uniqueness and
reject a second execution of an already-consumed release identifier.

Finally, the settlement mechanism itself (the executable mapping that applies
Equations (24) and (25)) is an evidence item like any other: its digest H(Aset) is anchored
alongside the valuation-algorithm artifact H(Ay,), and both appear as rows of B. A dis-
pute over the valuation algorithm freezes only the contribution component, whereas a
dispute over the settlement engine freezes every component; Section 3.4 exercises both.

2.6. Formal Settlement Properties

The matrix-driven settlement is supported by four properties stated as formal proposi-
tions. They are the contract that the framework offers to a station operator.

Proposition 2 (Conservation). For every event e and every version v,

YU+ =y AY =B (28)

iEN, iEN,

Proof. Direct from the definitions: U; = Yo (1 —mg)A;gand F; = Y, mgA; g, so U; + F; =

Y. Aig = A; for every participant, and }; A; = Bgv)

Equation (26). O

by the settlement budget constraint of

Proposition 3 (Dispute Locality). If a settlement component g does not depend on any disputed
evidence item, i.e., ):]- ng zj =0, then mg = 0 and the component is not frozen. Equivalently,
mg = 0 whenever the row-projection supp(Blg) Nsupp(z) = @, where 14 is the indicator of
column g.

Proof. Direct from Equation (24): mg = 1requires at least one j with Bj; = landz; =1. [
Proposition 4 (Idempotent Release). The mapping
(e,0,1, Greleased Uiy KE(U)) — release_id (29)

is a deterministic function of its six arguments. Two release instructions with identical arguments
therefore produce identical identifiers, and any downstream settlement system can use the identifier
as a deterministic unique key.

Proof. H(-) is a deterministic function on the canonicalised concatenation of its inputs,
which is itself canonical; the inputs include the released amount U; and the allocation
(v)

commitment K,
participant, component set, amount, and allocation state all coincide. [

, S0 two release instructions coincide if and only if the event, version,
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Proposition 5 (Append-Only Correction). If late telemetry or an accepted dispute changes the
frozen snapshot, a new version v + 1 is created and the historical version v is preserved verbatim.
The monetary correction for participant i is

AA(U+1) _ A(vﬂ) . A(v)

i i i 7

(30)

and the corresponding release instruction carries the version tag v + 1 so that the new identifier
does not collide with the old one.

Ce(v+1)

Proof. The new certificate is computed independently from the new snapshot,
and the version tag enters release_id through the second argument v, so the two identifiers

are distinct even if the released component set coincides. [

Together, the four properties guarantee that the settlement is conservative (no funds
created or destroyed by disputes), local (no spurious freeze), idempotent (safe against
external retries), and append-only (no destructive recalculation). Section 3.4 reports the
quantitative dispute-scenario experiments; a prototype implementation accompanies the
paper in the supplementary reproducibility package.

3. Numerical Evaluation Design

The experiments are organized into four groups, each answering a distinct method-
ological question; all groups use the same physical-performance service vectors and the
same coalition-value parameters, so that the results are mutually consistent. Because the
cases are synthetic, the parameterized service vectors are not treated as observations from
which an empirical effect size can be inferred. Instead, the design separates model response
from parameter artifact through fixed-input counterfactuals, one-factor-at-a-time sweeps,
confidence degradation experiments, and comparisons with energy-proportional and static-
Shapley baselines. These controls identify which reported differences are generated by
event conditioning or evidence adjustment and which are simply inherited from the delib-
erately ordered resource vectors. All experiments were executed on a single commodity
x86-64 CPU (16 logical cores) with a fixed random seed; the complete reproduction script,
the generated result files, and the pinned software environment are provided in the supple-
mentary reproducibility package. Appendix A provides the synthetic inputs and reference
dependency matrix.

3.1. Event-Conditioning and Counterfactual Design

The event-conditioning analysis examines how the weight map of Equations (6) and (7)
responds to technical pressure and the service-semantics prior. Three complementary tests
separate internal consistency from the allocation consequences of the mapping. Table 2
summarizes these three analyses.

Weight-response internal-consistency check. For each dimensiond € {P,E, T, Q},
the Pearson correlation between the pressure p, ; = log(1+ 7,4/ (a,4 + €)) and the result-
ing weight w, 4 is computed across 500 random events. Because w; = softmax,;(Bp + log )
is monotonically increasing in p; when the remaining inputs are held fixed, this anal-
ysis checks the numerical implementation of the mapping. The measured values are
corr(pp,wp) = 0.78, corr(pg, wg) = 0.67, corr(pr, wr) = 0.73, and corr(pg, wg) = 0.80.
Figure S1 overlays the closed-form response on the synthetic-event scatter.

Service-prior sensitivity. The unconstrained sweep mixes prior and pressure varia-
tion. We therefore use a controlled counterfactual in which 7 is fixed at the peak-shaving
representative value and a varies in [0.3,1.5]. The between-cluster centroid distance is
0.299, the average within-cluster spread is 0.073, and their ratio is 4.09. Figure S2 projects
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the samples and service-type centroids onto the first two principal components. This test
isolates how the specified service priors differentiate the weight space; it does not estimate
the priors from operational observations.

Controlled counterfactual. Two effects compete in the unconstrained sweep. A larger
wp increases the importance of power in v(S) and favors the power-strongest resource,
whereas a larger rp reduces the normalized satisfaction x;f ’y rp. Figure S3 shows their
combined effect. The controlled analysis fixes » and varies 4, thereby isolating the pathway
from capability pressure to allocation. In the strict one-factor-at-a-time (OFAT) case, only
ap varies over [0.30,1.50], while ag, ar, and ag remain fixed. Figure 2 therefore traces the
computational pathway ap — pp — wp — ¢ppss without co-variation in the remaining
capability dimensions. Figure S5 compares the combined, pressure-only, and prior-only
mappings on the same sweep.

Table 2. Event-conditioning analyses. The weight-response internal-consistency check reports the
correlation between p, ; and w, ; over 500 synthetic events. The service-prior sensitivity analysis
reports centroid separation under fixed r and varying a. The controlled counterfactual varies only ap,
with the remaining capability dimensions fixed.

Analysis Type Quantity Value
Weight response corr(pp, wp) 0.78
Weight response corr(pg, wg) 0.67
Weight response corr(pr, wr) 0.73
Weight response corr(pg, wg) 0.80
Prior sensitivity between-cluster centroid distance 0.299
Prior sensitivity average within-cluster spread 0.073
Prior sensitivity cluster-separation ratio 4.09
Controlled OFAT BESS share at ap = 0.30 2236.9%
Controlled OFAT BESS share at ap = 1.50 ~35.0%

A3 OFAT counterfactual: r fixed, only ap varies

Lo.9
36.75
_36.50 Los
2 £
'@ 36.25 g
© F0.7 o
@ oy
5 36.001 5
o L =
8 35.75 062
2 g
9 ] 2
@ 35.50 Los @
om w
35.25
o4
35.00

0.4 0.6 0.8 1.0 1.2 1.4
Available power capability ap (other a dimensions fixed)

—8— BESS share (left axis) —H- wp (right axis)

Figure 2. One-factor-at-a-time counterfactual in which only ap varies over [0.30,1.50]. The event
requirement and the remaining capability dimensions are fixed. The BESS share and wp decrease
together, tracing the computational pathway from capability pressure to marginal attribution.

3.2. Allocation Sensitivity, Evidence Adjustment, and Coalition Properties

Two allocation baselines are compared with the proposed Event-Adaptive Shapley
on the 4-resource representative service vector under random multiplicative noise on the
physical-performance components: (i) Energy proportional and (ii) Static Shapley with
equal weights. For each rule, we record (a) the mean allocation under 200 noise realizations,
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(b) the per-resource rank stability (standard deviation of the rank over the 200 realizations),
and (c) the maximum coalition excess (core deficit), defined as

i€S

€core = Max [U(S) - 2471-1 , (31)

which measures the largest coalition-level shortfall of the Shapley allocation. The quantity
distinguishes marginal-contribution attribution from coalition-stable allocation. The re-
ported ratio normalizes €core by v(N). In the representative peak-shaving event, the adap-
tive game gives €core = 0.446, or 41.8% of v(N), whereas the equal-weight game gives
€core = 0.576, or 53.7%. These quantities compare the Shapley outcomes of two different
characteristic functions; they characterize how event conditioning changes the game rather
than establishing core membership. A nucleolus or core-constrained rule would be required
when coalition stability is itself the allocation objective.

All three rules preserve the dominant share ordering under most perturbations, but oc-
casional BESS/V2G rank exchanges occur under both the static and the event-adaptive
Shapley, and occasional exchanges between smart charging and swap load under the
energy-proportional rule; event conditioning moderately increases this sensitivity (per-
resource rank std = 0.10 for the adaptive rule vs. ~0.07 for static). The cost is a small rank
fluctuation; the benefit is a meaningful response to the event context. The percentage of
perturbations that change each resource’s nominal rank makes the sparse rank changes
directly visible.

Two additional analyses examine the cooperative and evidentiary dimensions of
the formulation. First, the normalized core deficits of the event-conditioned and equal-
weight games are compared across the same 500 synthetic events. Second, the V2G fleet’s
confidence vector is reduced across ¢ € {1.0, 0.9,0.8,0.7, 0.5} under all-dimension, energy-
only, and timeliness-only degradation. The latter analysis quantifies how evidence quality
enters marginal attribution through the effective-service vector.

3.3. Approximation Benchmark

The 12-participant scalability case (two BESS, four V2G, three smart-charging, three
swap-load, with role-specific service vectors perturbed by 10% multiplicative Gaussian
noise and clipped to [0.005,0.4]) is used as a tractable exact-reference benchmark. Four
estimators are compared against the exact Shapley value:

1.  Plain random permutation Monte Carlo.

2. Antithetic permutations: each random base permutation is averaged with its reverse.

3.  Position-stratified sampling: for every participant and every entry position k, prede-
cessor coalitions are sampled conditional on that position. Since B full permutations
correspond to Bn, marginals, K = B/n, samples are allocated to each of the 12
participant—position strata, giving the same total marginal-evaluation budget. This
implements the position/cardinality stratification principle used in the Shapley sam-
pling literature [26].

4.  Event-Oriented Position-Balanced (proposed): M full cyclic batches, each of size n,,
so that every participant occupies every entry position once per complete batch.

For each estimator and each total-permutation budget B € {720, 1440, 2880, 5760, 11520}
(equivalently M = B/n, complete cyclic batches for the proposed estimator), we record the
RMSE against the exact Shapley vector and the per-replicate runtime. Two-sided Welch'’s t-tests
compare the proposed estimator against plain random MC at each budget. The confidence-
interval stopping rule in Equation (19) is exercised separately on the 4-resource representative
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case to demonstrate that the algorithm can self-terminate once the worst-case relative half-
width falls below 5%.

3.4. Dependency and Provenance Evaluation

The dependency-matrix settlement is exercised under six synthetic dispute scenarios
on a CNY 100,000 event, plus a no-dispute reference scenario. The scenarios and the
component affected by each dispute are summarized in Table 3:

1.  Local cost-evidence dispute.

2. Contribution-wide telemetry dispute.

3. Valuation-algorithm dispute (the valuation-artifact row H(.A,)) feeds only the contri-
bution component).

4. Rule-version dispute (a single bonus/penalty component is disputed).

5. Valuation-snapshot dispute (the event inputs used by the valuation).

6. Settlement-mechanism dispute (the settlement-artifact row H(Aset) feeds all four
components; used as the global-dependency scenario).

7. No dispute (reference).

Table 3. Synthetic dispute scenarios and their event-wide evidence scope. A component is frozen for
all participants supported by the disputed evidence row; participant-local evidence is represented by
splitting that row by participant.

Scenario Disputed Evidence Item Components Frozen

Local cost-evidence dispute verified cost record cost

Contribution-wide telemetry data snapshot contribution

Valuation-algorithm dispute valuation artifact H(Ay,) contribution

Rule-version dispute bonus/penalty rule adjustment

Valuation-snapshot dispute event and valuation inputs contribution
Settlement-mechanism dispute settlement artifact H(Aset) base, contribution, cost, adjustment
No dispute (reference) none none

For each scenario, we report four ratios:

e  Settlement Continuity Ratio (SCR) = }_; U;/}; A;, the share of the grand pool that
remains releasable.

*  Freeze Ratio (FR) = ) ; F;/Y; A;, the share of the grand pool that is frozen; conserva-
tion implies SCR 4 FR = 1.

*  False Freeze Ratio (FFR) = (amount frozen despite having no dependency on the
disputed evidence)/); A;, the share of the pool that is frozen unnecessarily.

* Erroneous Release Ratio (ERR) = (dispute-dependent amount incorrectly re-
leased)/(total dispute-dependent amount), the share of genuinely disputed-dependent
money that leaks out.

Under a correctly specified dependency matrix, Propositions 3 and 2 imply
FFR = ERR = 0. The correctly specified cases therefore check the implementation of
the freeze algebra. The more informative cases perturb the dependency structure itself:
a missing edge (Bj; : 1 — 0) and a spurious edge (Bj; : 0 — 1) are evaluated against the
reference relation. The calculation-provenance certificate is examined separately through
five single-field mutations of the certified state.

4. Results

The results follow the conceptual chain of the framework. We first examine how event
conditions reshape the cooperative game and how evidence quality enters attribution.
We then evaluate the computational support for Shapley estimation. Finally, we analyze
how evidence dependencies determine settlement states under correctly specified and
misspecified relations.
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4.1. Event Conditions Reshape the Cooperative-Game Geometry

The analyses in Table 2 first confirmed the numerical response summarized by
Equation (8). The log-pressure and service-prior mapping then produced three differ-
entiated characteristic functions (Table 4). Peak shaving concentrated value on power
(wp = 0.758), fast response concentrated value on timeliness (wr = 0.824), and energy
support concentrated value on energy (wp = 0.858). Because these weights enter v,(S)
before attribution, the event definition changes the marginal-contribution landscape rather
than post-processing a fixed allocation. Figure 3 shows the resulting participant shares.

Table 4. Event weights and resulting event-adaptive Shapley allocations for the representative
4-resource case (%).

Event wp wWE wr wg BESS V2G Smart Charge Swap Load
Peak shaving 7584 1050 6.83 6.83 36.36 28.86 20.63 14.15
Fast response 318 326 8239 1117 4316 3327 15.65 7.93
Energy support 339 8578 221 862 37.62 28.76 20.03 13.60

40

30 1

20 A

Event-adaptive Shapley share (\%)

\oad

eSS fleet g\ng

N2e gart & cweP

B Peak shaving I Fast response  WEEE Energy support

Figure 3. Event-adaptive Shapley share for the three event types. The BESS dominates in the fast-
response event because the saturating coalition value rewards fast dispatch, while in the peak-shaving
and energy-support events the allocation is closer to the static-Shapley baseline.

Table 5 and Figure S7 in the Supplementary Materials compare the proposed event-
adaptive Shapley with two baselines on the peak-shaving event: energy-proportional
allocation and static Shapley with equal weights. The weighted-proportional rule is not
a third baseline in this version; the comparison is intentionally limited to these two inter-
pretable alternatives and the proposed rule.

Table 5. Allocation comparison for the representative peak-shaving event (%).

Resource Energy Prop. Static Shapley EA Shapley
BESS 39.68 34.49 36.36
V2G fleet 28.57 29.73 28.86
Smart charging 19.05 21.61 20.63
Swap load 12.70 14.17 14.15

4.2. Evidence-Adjusted Attribution and Coalition Properties

Table 6 reports rank sensitivity and coalition excess for the three allocation rules.
The dominant ordering was retained in most of the 200 perturbations. The BESS and V2G
fleet exchanged ranks in two cases under event-conditioned Shapley and in 1 case under
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equal-weight Shapley. Smart charging and swap load exchanged ranks once under energy-
proportional allocation. The corresponding rank standard deviations were approximately
0.10, 0.07, and 0.07 for the affected resource pairs. Event conditioning therefore retained
the dominant ordering while remaining responsive to changes in the service vectors.

The event-conditioned and equal-weight games also produced different coalition-
excess profiles under Equation (31). In the representative event, the event-conditioned game
gave €core = 0.446, or 41.8% of v(N), whereas the equal-weight game gave €core = 0.576,
or 53.7%. These values do not establish core membership because each allocation is
evaluated in its own characteristic function. A normalized deficit of 0.418, for example,
means that at least one coalition can identify a shortfall equal to 41.8% of the grand-
coalition value relative to the sum of its Shapley shares; it is a diagnostic of possible
coalition dissatisfaction, not money that is missing from the conserved pool. In practice,
a large deficit warns that a subset of resources may prefer to renegotiate or withdraw,
so operators should pair Shapley attribution with a stability-oriented rule (such as the
nucleolus or a core-constrained allocation) when participation stability is critical. Figure 4
displays the rank-change percentages as a heatmap.

Table 6. Allocation sensitivity and coalition excess for the three rules. Rank standard deviations are
reported in the order (BESS, V2G, Smart charging, Swap load) over 200 perturbations. The heatmap
in Figure 4 reports the corresponding rank-change percentages; the absolute maximum coalition
excess and its normalised value are reported separately.

Allocation Rule Rank Std. (per Resource) €core €core/v(N)
Energy proportional (0,0,0.07,0.07) — —
Equal-weight Shapley (0.07,0.07,0,0) 0.576 53.7%
Event-conditioned Shapley (0.10,0.10,0, 0) 0.446 41.8%

Rank changes relative to the nominal allocation ordering1
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Figure 4. Percentage of the 200 physical-performance perturbations that change each resource’s
nominal rank under the three allocation rules. The heatmap makes sparse BESS/V2G and smart-
charging /swap-load exchanges visible even when the dominant ordering is preserved.

Across the same 500 synthetic events, the normalized core deficit of the event-
conditioned game had a median of 0.344 (IQR 0.298-0.400), compared with 0.398 (IQR
0.357-0.441) for the equal-weight game. The event-conditioned deficit was smaller in
86.4% of cases. The remaining deficits were substantial, which distinguishes the proposed
marginal-contribution interpretation from a coalition-stability criterion.

The evidence-confidence analysis links provenance quality to marginal attribution
before any settlement dispute is raised (Table 7; Figure 5). Reducing the V2G fleet’s confi-
dence vector from 1.0 to 0.5 changed its share from 28.86% to 19.00% under all-dimension
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degradation, to 27.96% under energy-only degradation, and to 28.54% under timeliness-
only degradation. The response followed the event weights: energy- and timeliness-only
changes had a smaller effect in the power-dominated peak-shaving event. Within the for-
mulation, evidence quality therefore modifies the attributed physical service continuously
rather than acting only as a post-allocation acceptance flag.

Table 7. Evidence-confidence sensitivity on the representative peak-shaving event: V2G-fleet allo-
cation share (%) as its evidence-confidence vector is degraded from ¢ = 1.0 to ¢ = 0.5 under three
degradation modes.

Degradation Mode c=10 ¢=09 ¢=08 ¢c=07 c=05
All dimensions (provenance loss) 28.86 27.31 25.59 23.65 19.00
Energy only (completeness) 28.86 28.74 28.60 28.43 27.96

Timeliness only (time synchronisation)  28.86 28.83 28.79 28.74 28.54

Evidence-confidence sensitivity on the peak-shaving representative event

o— @ —— — o
28] e—m

26 A

24 A

22 A

V2G-fleet allocation share (\%)

20 A

0.5 0.6 0.7 0.8 0.9 1.0
Evidence confidence c of the V2G-fleet participant

—8— All dimensions (provenance loss) —@— Energy only (completeness)  —@— Timeliness only (time-sync)

Figure 5. Evidence-confidence sensitivity: V2G-fleet allocation share vs. its evidence—confidence
level under the three degradation modes of Table 7. The response is continuous and monotone in
every mode.

4.3. Sensitivity to the PE-Coupling Weight #pg

The PE-interaction term in Equation (11) carries weight #pg in the coalition value.
To assess its influence, 17pg is varied over {0,0.05,0.10,0.20,0.40} (Table 8). The grand-
coalition value increases linearly with #pg, and the BESS share increases because the BESS
contributes strongly to both dimensions. The slower resources lose a small share as the
coupling grows. The default 7pg = 0.10 lies in a range where the interaction remains a
modest correction to the separable value. Figure S6 visualises the sweep.

Table 8. Sensitivity of the event-adaptive Shapley allocation to the PE-coupling weight #pg on the
representative peak-shaving event (%).

NPE v(N) BESS V2G Fleet Smart Charging Swap Load
0.00 0.966 35.72 28.97 20.94 14.37
0.05 1.016 36.05 28.91 20.78 14.26
0.10 1.066 36.36 28.86 20.63 14.15
0.20 1.166 36.89 28.77 20.37 13.97
0.40 1.366 37.72 28.63 19.97 13.68
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4.4. Computational Support for Shapley Attribution

Table 9 and Figure 6 report the approximation-accuracy results at equal total-
permutation budget B. Random and antithetic sampling draw B independent permutations
directly; the position-stratified estimator allocates K = B/n, samples to each of the n2
participant—position strata, so that all estimators consume the same Bn, marginal evalua-
tions; the position-balanced estimator draws B/n, base permutations and uses the n, cyclic
rotations of each. A genuine position-stratified estimator materially changes the interpreta-
tion relative to a plain-random baseline: it achieves the lowest RMSE at every tested budget,
consistent with the variance-reduction literature [26,27]. The proposed position-balanced
estimator remains substantially better than plain random sampling by a factor of 2.6-3.4
and better than antithetic sampling by a factor of 1.6-1.9, but its RMSE is 1.8-2.2 times that
of the fully position-stratified estimator. The position-balanced method should therefore be
viewed as a simple, batch-structured estimator with an elementary unbiasedness proof and
a natural batch-mean stopping rule, not as a universally optimal Shapley sampler. The run-
time of the proposed estimator at the largest budget is ~0.17 s per replicate, still within an
interactive budget. Runtime comparisons exclude the coalition-value-table construction
that is shared by all four estimators and precomputed once per event; the position-stratified
baseline additionally precomputes the full per-stratum marginal populations. The reported
runtimes therefore measure estimator execution only and are not intended to establish the
deployment-time superiority of any baseline.
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Figure 6. RMSE convergence for the four estimators on the 12-participant case (log-log scale).

Two-sided Welch’s t-tests gave p < 1078 for the difference in mean RMSE be-
tween the position-balanced and random estimators at every tested budget. In the
4-resource representative case, the stopping rule of Equation (19) met the selected thresh-
old after M = 30 independent balanced batches, with a worst-case relative half-width of
0.048 < T = 0.05.
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Table 9. Approximation accuracy: RMSE (mean + SD over 20 replicates) on the 12-participant
scalability case, at equal marginal-evaluation budget. The position-balanced column uses
B/n, = B/12 base permutations (each contributing 7, cyclic rotations); the position-stratified column
allocates K = B/n, samples to each of the n? participant—position strata. Bold marks the lowest

RMSE per row, which is attained by the position-stratified estimator at every budget.

B (Permutations) Random Antithetic Position-Stratified Position-Balanced
720 0.00350 £ 0.00076  0.00207 4 0.00060  0.00060 + 0.00010  0.00108 = 0.00021

1440 0.00258 + 0.00076  0.00150 4 0.00034  0.00042 =+ 0.00008  0.00090 =+ 0.00020

2880 0.00200 £ 0.00052  0.00110 4 0.00024  0.00027 £ 0.00006  0.00059 + 0.00015

5760 0.00114 4 0.00023 0.00072 + 0.00021  0.00021 £ 0.00006  0.00044 =+ 0.00010
11,520 0.00089 £ 0.00018 0.00051 4 0.00011  0.00016 £ 0.00004  0.00031 =+ 0.00009

4.5. Evidence Dependencies Determine Settlement Locality

Table 10 and Figure 7 show how the dependency relation maps evidence disputes
to settlement states under the properties of Section 2.6. Conservation held in every case,
with SCR + FR = 1. Under the reference dependency matrix, FFR = ERR = 0 by construc-
tion. A cost-evidence dispute left 85% of the pool releasable, while a rule-version dispute
left 95% releasable. Telemetry, valuation-snapshot, and valuation-algorithm disputes each
froze the 70% contribution component. A dispute over the settlement mechanism propa-
gated to all four components and froze the full pool. The comparison shows that settlement
locality is determined by the structure of the evidence dependencies, not by the existence
of an immutable record alone.

Table 10. Settlement Continuity Ratio (SCR), Freeze Ratio (FR), False Freeze Ratio (FFR), and Erro-
neous Release Ratio (ERR) for six dispute scenarios and the no-dispute reference. Short labels are
used in the plot for readability; the full scenario names and evidence scopes are given in Table 3.
The synthetic event pool is CNY 100,000. Under the reference dependency matrix, conservation gives
SCR + FR = 1 and locality gives FFR = ERR = 0.

Dispute Scope SCR FR FFR ERR
Local cost-evidence dispute 0.85 0.15 0.00 0.00
Contribution-wide telemetry 0.30 0.70 0.00 0.00
Valuation-algorithm dispute 0.30 0.70 0.00 0.00
Rule-version dispute 0.95 0.05 0.00 0.00
Valuation-snapshot dispute 0.30 0.70 0.00 0.00
Settlement-mechanism dispute 0.00 1.00 0.00 0.00
No dispute (reference) 1.00 0.00 0.00 0.00

These cases verify that the implementation follows the specified dependency relation.
The next analysis asks how the settlement state changes when that relation is itself incorrect.

4.6. Dependency Misspecification and Provenance Integrity Checks

Table 11 reports the single-entry misspecification experiment. Deleting the dependency
edge from the valuation-snapshot row to the contribution column (By; : 1 — 0) leaves
the freeze mask blind to a genuine dependency: under a valuation-snapshot dispute,
the misspecified engine releases the CNY 70,000 contribution component that truly depends
on the disputed snapshot, giving ERR = 1.00. Conversely, inserting a spurious edge from
the cost-evidence row to the base component (By : 0 — 1) freezes the CNY 10,000 base
component under a cost dispute although it does not depend on the cost evidence, giving
FFR = 0.10. The two fault modes are cleanly separated:

missing edge = ERR > 0, spurious edge = FFR > 0, (32)
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with the reference relation producing FFR = ERR = 0. The two failures expose the
boundary of dispute locality: a missing edge releases an unsupported component, whereas
a spurious edge withholds a supported component. Correct dependency specification is
therefore part of the settlement model rather than an implementation detail.

Experiment D: SCR, FR, FFR for six dispute scenarios. FFR = 0 by construction (Proposition on locality).
100 A

80

60

40 A

Share of total pool (%)

20 A

T T T
Cost Telemetry Valuation Rule Valuation Settlement No dispute
algorithm version snapshot engine
B SCR (released %) FR (frozen %) B FFR (unnecessarily frozen %)

Figure 7. SCR, FR, and FFR for the dispute scenarios in Table 10. ERR is zero under the reference
dependency matrix and is omitted from the bars. FFR is zero in every scenario; therefore, the green
bars have zero height and coincide with the horizontal axis.

Table 11. Effect of dependency-matrix misspecification. FFR and ERR are evaluated against the
reference dependency relation while the settlement mechanism uses the indicated matrix.

Case SCR FR FFR ERR
Correct B (valuation-snapshot dispute) 0.30 0.70 0.00 0.00
Correct B (cost-evidence dispute) 0.85 0.15 0.00 0.00
Missing edge: snapshot — contribution 1.00 0.00 0.00 1.00
Spurious edge: cost — base 0.75 0.25 0.10 0.00

The provenance check used the position-balanced run terminated by the stopping rule
of Section 2.3. Its execution descriptor, batch-mean trace, and estimated attribution formed
the certified state. Honest recomputation reproduced the certificate, whereas each of the
five single-field mutations changed at least one digest. The tested fields were a meter value,
B, the algorithm artifact, a participant identifier, and the recorded batch count. These checks
show that the certificate binds the tested calculation state to a trusted reference. External
authentication or ledger anchoring remains the mechanism that protects that reference
from replacement.

5. Discussion
5.1. Fairness Is Conditional on the Definition of Value

The first implication of the study is that cooperative fairness is conditional on the
characteristic function. Shapley axioms determine how a given coalition value is attributed,
but they do not determine whether that value represents the technical objective of the
event. A fixed energy-centric game can undervalue fast or accurately tracking resources,
while a response-centric game can undervalue sustained energy delivery. By placing
event conditions upstream of attribution (Section 2.2), the proposed formulation treats
the definition of value as part of the fairness problem rather than as a fixed input to it.
The saturating utility in Equation (10) represents diminishing returns, while the effective-
service relation in Equation (5) makes evidentiary support part of attributable performance.

The numerical results illustrate this distinction at two levels. Event weights changed
the participant shares across peak-shaving, fast-response, and energy-support cases. They
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also changed the coalition-excess profile: the event-conditioned game had a smaller nor-
malised deficit than the equal-weight game in 86.4% of the sampled events. This comparison
does not imply that Shapley lies in the core, because each weight vector defines a different
game. Instead, it shows that event modelling affects both individual marginal contribu-
tions and coalition-level dissatisfaction. Where coalition stability is the primary objective,
the nucleolus or a core-constrained rule should be evaluated alongside Shapley [12].

5.2. Trust Is a Compositional Property of Settlement

The second implication is that settlement trust is compositional. Transaction im-
mutability and calculation provenance answer different questions. An immutable record
establishes persistence, whereas the certificate of Equation (21) identifies the event, evi-
dence, metric, algorithm, execution state, trace, and output associated with an attributed
amount. The dependency relation of Equation (23) adds a further layer by determining
which payment components remain supported when part of that evidence is contested.
Together, Sections 2.4 and 2.5 connect reproducibility with dispute propagation.

This distinction connects two research streams that are commonly treated separately.
V2G allocation studies have extended Shapley attribution with carbon, supply-security,
participation, and adaptive contribution factors [11,13-16]. Charging cost and dynamic
pricing are also part of the economic context: on-demand dynamic charging prices can
shift both the value of flexibility and the incentives to delay or discharge, as discussed
by Hussain et al. [28]. In the present framework, price and verified cost enter the event
benefit pool and the cost component, while the event-conditioned game allocates the
contribution component; a dynamic-pricing model can therefore be attached upstream
without changing the evidence-dependent settlement algebra. Blockchain-based studies
have strengthened transaction integrity and proof of charging, while reviews emphasise
scalability and implementation challenges [22,23,29]. The present formulation links these
streams by making evidentiary support an explicit determinant of both attributed value
and settlement state. A missing dependency edge releases an unsupported component,
whereas a spurious edge withholds a supported component. Dispute locality is therefore a
property of the dependency structure, not of blockchain anchoring alone.

To make the pricing implication quantitative, we added an upstream dynamic-price
sensitivity experiment to the reproducibility script. The verified-cost component was
multiplied by 0.6, 0.8, 1.0, 1.2, and 1.4 while the event definition, evidence-confidence
vector, dependency matrix, and attribution rule were held fixed. The resulting CSV file
and Figure 8 show the corresponding verified cost, residual contribution pool, and net
settlement pool. This experiment is intentionally an economic sensitivity rather than a new
pricing optimizer: it demonstrates how an on-demand price signal can change the amount
available for settlement, while the downstream evidence and dispute algebra remains
unchanged. The synthetic multipliers are stress-test values and should not be interpreted
as estimates of a field tariff response.

5.3. From Allocation Outputs to Revisable Settlement States

Versioned certificates and append-only corrections turn an allocation from a static
output into a revisable settlement state. Proposition 5 and Equation (30) express the correc-
tion as a new version and a monetary delta without overwriting the historical calculation.
High-frequency telemetry can remain off-chain, while compact commitments preserve
the link between data versions and settlement versions [21]. Proposition 4 provides a
deterministic release key for exact retries, although enforcement of payment state remains
a responsibility of the downstream financial system.
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Upstream dynamic-price sensitivity (reference pool = CNY 100,000)
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Figure 8. Upstream dynamic-price sensitivity for the reference CNY 100,000 pool. The verified-
cost multiplier changes the cost and residual contribution amounts, while the event-conditioned
attribution and evidence-dependent release rules are held fixed.

The position-balanced estimator supports this chain computationally. Its contribution
is not a new definition of the permutation representation in Equation (15), but the batch
structure of Definition 1. Proposition 1 establishes unbiasedness, and Equation (17) sup-
plies independent batch means for uncertainty monitoring. Position-stratified sampling
remained more accurate in the benchmark, which clarifies the trade-off: position balancing
favours a simple event-level execution and audit structure rather than minimum RMSE
under every budget. More advanced stratified or quasi-Monte-Carlo estimators remain
compatible with the valuation and settlement formulation [26,27,30].

The resulting audit trail also has an economic interpretation. V2G participation
depends on availability, battery degradation, penalties, remuneration, and perceived fair-
ness [6,7]. Field trials further show that participant understanding and trust influence
continued engagement [31]. Evidence-linked attribution does not replace bidding, dispatch,
or participant communication, but it makes the physical and evidentiary basis of a reward
available for reconciliation.

5.4. Boundary Conditions and Research Agenda

The valuation layer raises a calibration problem. The service prior 7r, temperature
B, utility steepness a4, and coupling coefficient #pg are policy or operator inputs. Their
visibility and versioning make the allocation auditable, but do not make the selected
values empirically correct. The synthetic cases identify how these parameters affect the
game; operational event histories are required to calibrate them. Further work should
also extend the current power—energy interaction to ramping, state-of-charge, duration,
and network-location effects.

The cooperative layer raises a strategic problem. Shapley attribution provides
a marginal-contribution interpretation, not individual rationality or coalition stability.
The present model also does not resolve misreporting, collusion, selective telemetry omis-
sion, or strategic dispute initiation. These behaviors motivate a broader comparison among
Shapley, nucleolus, core-constrained allocation, and incentive-compatible settlement rules.

The evidence layer raises a governance problem. The framework treats the evidence-
confidence vector and dependency matrix as versioned inputs, but it does not automatically
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derive either of them. Their construction requires data-lineage rules, metric ownership,
dispute procedures, and independent audit. The certificate tests reported here establish
integrity relative to a trusted reference, not identity, key security, or production-ledger
performance. Field validation should therefore combine operational telemetry, observed
dispute records, authenticated anchoring, and participant-facing reconciliation. These steps
would test whether the formal connection between event value and evidentiary support
improves settlement practice at operating stations.

6. Conclusions

This study advances the argument that fair post-event allocation is not determined
by the allocation rule alone. It depends jointly on how the event defines coalition value
and how evidentiary uncertainty propagates into settlement. The proposed framework
addresses both questions by placing service requirements, capabilities, and evidence confi-
dence inside the cooperative game, and by linking the resulting attribution to component-
level evidence dependencies.

The numerical study supports three conclusions within the analyzed synthetic cases.
Event conditioning changed the marginal-contribution structure and produced a smaller
normalized core deficit than the equal-weight game in 86.4% of sampled events. Evidence-
confidence degradation changed attribution continuously according to the affected event
dimensions. Dependency misspecification separated into two structurally different failures:
missing edges released unsupported components, whereas spurious edges withheld sup-
ported amounts. The unbiased position-balanced estimator and calculation-provenance
certificate provide computational and auditability support for this chain.

Together, these results extend V2G revenue allocation from static contribution sharing
to a versioned process in which the validity and releasability of payment components
remain explicitly connected to their supporting evidence. Operational calibration, authenti-
cated dependency governance, and field studies are the next steps for determining how
this connection affects deployed settlement and participant trust.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/en19204885/s1, Figure S1: Weight-response analysis (main-text
Section 3.1): per-dimension scatter of p, 4 vs. w,  for 500 random events, with the closed-form
softmax curve overlaid at the average log-prior. Correlations: P = 0.78, E = 0.67, T = 0.73, Q = 0.80;
Figure S2: Service-prior sensitivity (main-text Section 3.1): weight samples and the three service-type
centroids projected onto the first two principal components of the weight simplex, computed on
the controlled counterfactual. Between/within separation ratio = 4.09; Figure S3: Unconstrained
random sweep (main-text Section 3.1): BESS share vs. wp for 500 random events, coloured by service
type. The scatter is not monotonic; the pattern reflects the competing effects of event weighting
and requirement normalisation; Figure S4: Joint-a controlled counterfactual (main-text Section 3.1):
BESS share vs. the available capability a (all four dimensions varied together), with r fixed at the
peak-shaving representative value; Figure S5: Weight-map design comparison on the unconstrained
sweep: combined vs. pressure-only vs. prior-only. The three designs show similar within-type
spread; the combined design is used in the main results because the prior encodes service semantics
that the pressure map alone cannot; Figure S6: Sensitivity of the event-adaptive Shapley allocation to
the PE-coupling weight #7pr on the representative peak-shaving event (numerical values in Table 8
of the main text); Figure S7: Allocation comparison for the representative peak-shaving event:
energy-proportional, static Shapley, and event-adaptive Shapley (numerical values in Table 5 of the

main text).
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Appendix A. Synthetic Inputs and Reference Dependency Matrix

Appendix A and Table A1l give the complete synthetic inputs used for the represen-
tative four-resource cases. All service scores are dimensionless and already normalized
according to Section 2.1; the evidence-confidence vector is (1,1,1,1) unless a sensitivity
experiment states otherwise. The random-event experiments use seed 12345, while the
estimator benchmark uses the seeds recorded in the reproduction script.

Table A1l. Representative synthetic service vectors, event requirements, capabilities, priors, and valu-
ation parameters.

Item

Values Notes

Resource order

BESS; V2G fleet; Smart charging; Swap load rows in X

XPM¥s (columns P, E, T, Q)

0.50,0.50,0.50,0.490); (0.36,0.36,0.342,0.324);
0.24,0.24,0.120,0.180); (0.16,0.16,0.048,0.096)

clipped dimensionless service scores

(

(
Peak shaving (r, a) (0.95,0.50,0.30,0.30); (0.50,1.00, 1.00, 1.00) power-dominated event
Fast response (r, a) (0.30,0.50,0.95,0.60); (1.00,1.00,0.50,0.90) timeliness-dominated event
Energy support (r,a) (0.50,0.95,0.30,0.50); (1.00,0.50,1.00,0.80) energy-dominated event

Peak: (1,1,1,1); Fast: (0.6,0.4,1.4,1.0); Energy:

Service priors 7T

(0.4,1.4,0.4,0.8)

multiplicative softmax prior

Evidence confidence c;

(1,1,1,1) clean reference; sensitivity uses ¢ € {1,0.9,0.8,0.7,0.5}

Valuation parameters

B=23a=(2520,30,3.0); zmax = 1.5; ypg = 0.10;
e=10""°

fixed unless ablated

Settlement pool shares

base 10%; contribution 70%; cost 15%; adjustment 5% CNY 100,000 reference pool

The reference dependency matrix B has rows ordered as (valuation snapshot, data
snapshot, cost evidence, rule version, metric definition, valuation algorithm, settlement
mechanism) and columns ordered as (base, contribution, cost, adjustment):
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The six dispute cases and the no-dispute reference in Table 3 are generated by setting
one of these rows to one in z. Equation (A1) fixes the row and column order of the reference
matrix. This appendix, the source code, and the generated CSV files together provide the
synthetic-data overview requested for independent reproduction.
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