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Abstract

Public charging sessions may terminate prematurely because of charger failures or system 
anomalies, creating service shortfalls that remain recoverable only within a limited response 
window. This study introduces recoverable service shortfall (RSS), which converts abnor-
mal charging sessions into actionable mobile-recovery tasks by combining a normal-delivery 
reference, termination cause, location, and remaining service lifetime. Building on this 
representation, we propose exponential deadline-viability flow (EDVF), which compares 
cumulative deadline demand with reachable mobile-service capacity and optimizes irre-
versible loss, early recovery, and movement in strict lexicographic order. The resulting 
framework supports scalable optimization across network sizes. Over 153 consecutive Jiax-
ing evaluation days, EDVF achieves 93.82% Coverage and 74.56 kWh/day Unrecovered RSS 
while accounting for task lifetime, spatiotemporal reachability, and movement constraints; 
relative to Myopic dispatch, it reduces Unrecovered RSS by 52.27 kWh/day and increases 
Coverage by 5.08 percentage points. Binary-gating and UrbanEV experiments provide addi-
tional robustness evidence under alternative task definitions, real inter-station distances, 
finite onboard energy, and travel-speed stress. The study reframes mobile charging from 
flexible capacity supplementation to a dispatchable service-restoration resource, providing 
a unified basis for expiry-priority service, cross-station relocation, and scalable resource 
deployment, with broader relevance to dynamic service systems involving expiring tasks 
and mobile resources.

Keywords: mobile charging; fixed-mobile coordination; recoverable service shortfall; rolling 
optimization; event-stream replay

1. Introduction
Research on electric-vehicle charging infrastructure has long focused on facility location, 

capacity and network coverage. The spatial and temporal variation in demand, service 
targets, distribution constraints and user behaviour jointly determines where fixed facilities 
should be built and how large they should be [1,2]. Yet installed capacity does not guarantee 
that every charging session completes its intended service. Equipment faults, system 
terminations and user stops can end a session early, leaving part of the available fixed 
capacity unconverted into delivered energy.
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Mobile charging resources provide short-term flexibility for such operating shortfalls. 
Long-term expansion studies have compared the staged deployment of fixed and mobile 
facilities [3], and hybrid-system models have shown their complementarity in service reach 
and utilization [4]. Subsequent work has incorporated energy, routing, reservation, and 
deployment constraints into mobile charging decisions [5–7]. These studies explain when 
and how a mobile unit should reach a demand location, but they commonly assume that 
the dispatcher already knows what deserves service.

The task interface is less direct in practice. During an evening peak, one station may 
experience consecutive equipment- or system-related early terminations while another 
sustains high but normal charging demand, with only a few mobile units available. A 
dispatcher who follows total demand will continue to send resources to the latter station. A 
dispatcher that treats every interruption as a failure will respond to full charges, vehicle 
faults, and voluntary user stops. Even a technically remediable shortfall can lose its service 
value before a mobile unit arrives.

Three observations follow. Not every interruption deserves remediation; a remedia-
ble shortfall has a finite lifetime; and dispatch therefore requires a suitable task before it 
requires a resource-allocation rule. This study places task definition before rolling opti-
mization. After a session ends, a normal-delivery reference is used to quantify the energy 
difference, and the observed termination cause determines whether an external mobile 
unit can take over that difference. The result is a recoverable service shortfall (RSS) task 
with a station, magnitude, and remaining lifetime. The rolling model then decides where 
limited units should serve, while target-energy estimation remains a supporting step for
constructing RSS.

Dynamic service models have covered urban applications, online-offline coordination, 
parallel service, and logistics-power coordination [8–11], while routing and stochastic travel-
time models have incorporated service windows [12,13]. The remaining gap is not another 
weighted forecast objective, but a state representation that links each visible shortfall to its 
remaining service opportunities and to the capacity that the current fleet can still reach. We 
therefore ask whether deadline viability derived from the current queue can guide mobile 
resources without requiring future-arrival scenarios.

This study makes three contributions. First, it introduces recoverable service shortfall 
(RSS) to identify abnormal charging sessions that remain meaningful for mobile recovery. 
Normal completed sessions provide the energy reference, while observed termination causes 
determine whether the resulting shortfall should enter the recovery task set. Second, it 
proposes EDVF for deadline-aware mobile dispatch. By comparing remaining task demand 
with service capacity that can still be reached before expiration, EDVF prioritizes avoidable 
service loss and then reduces unnecessary movement. Third, the framework is evaluated 
through a 153-day Jiaxing transaction replay and further tested on UrbanEV [14,15] using 
real inter-station distances, finite onboard energy, and different travel speeds, providing 
evidence for both dispatch effectiveness and physical robustness.

2. Related Work
2.1. From Fixed Capacity to Mobile Remediation

Fixed-infrastructure planning determines the long-term spatial distribution of service 
capacity, whereas mobile resources alter short-term accessibility during operation [16]. 
Station-planning studies with time-dependent demand show that capacity decisions are 
sensitive to demand profiles [17]. Forecasting based on real traffic and weather likewise 
shows that charging starts at different times cannot be represented by a single average [18]. 
Fixed-mobile coordination therefore includes both long-term facility placement and short-
term reallocation within an existing network.

https://doi.org/10.3390/vehicles8100265

https://doi.org/10.3390/vehicles8100265


Vehicles 2026, 8, 265 3 of 19

Discrete-event and agent-based simulations are often used to connect these time scales. 
Previous studies have modelled the spatiotemporal configuration of charging infrastructure, 
driver charging behaviour and empirical demand profiles [19–21]. The effects of charging 
power, accessibility and battery capacity on distribution systems further show that rated 
power does not automatically become service delivered to each session [22]. Markov 
models of station occupancy also indicate persistence in operating states [23]. These studies 
establish the environment and behaviour for mobile remediation, but abnormal sessions 
still need to be converted into executable tasks.

2.2. From Session Interruption to Recoverable Task
A transaction ends with one protocol cause, so termination causes are mutually exclu-

sive events. Competing-risk models are commonly used to distinguish their occurrence 
processes [24]. For dispatch, however, the immediate question is not only whether a cause 
can be classified, but whether the resulting shortfall can be handled by a particular reme-
dial resource.

An external mobile unit may supplement energy lost through some charger or system 
faults, but it cannot repair a vehicle fault and should not interpret a normal full charge as a 
shortage. A user stop can also combine trip schedules, prices, charging preferences, and 
equipment experience. The termination cause should therefore enter task creation rather 
than remain only a post hoc label. RSS occupies this interface by connecting a statistical 
reference with operational recoverability.

2.3. From Task State to Deadline-Aware Allocation
Dynamic dispatch must handle newly arriving work, unfinished backlog, and finite 

service windows. For each visible RSS cohort, the dispatcher observes its location, remain-
ing quantity, and remaining service opportunities. The key decision is therefore not to 
predict future arrivals, but to determine whether the current fleet can still provide sufficient 
reachable service capacity before each cohort expires. Travel affects this decision because a 
relocated unit becomes available only after arrival and cannot serve while in transit.

EDVF uses the current cohort state, stationary fleet, and committed in-transit vehicles 
to compare cumulative deadline demand with reachable service capacity over all visible 
deadline prefixes. Vehicle flows are then selected in strict lexicographic order to minimize 
irreversible loss, promote earlier recovery among loss-equivalent solutions, and finally 
reduce unnecessary movement. Historical scenarios are not used by EDVF and are retained 
only in Scenario-Sampling-RSS as a separate comparison baseline.

This distinction also determines the comparison design. Competing dispatch policies re-
ceive the same RSS tasks, response window, fleet, topology, service capacity, travel rules, and 
execution logic, so differences in performance can be attributed to the dispatch mechanism 
rather than to changes in the task definition.

3. Data and Methods
3.1. Transaction Event Stream and Temporal Split

The public Jiaxing dataset contains 441,077 charging transactions from 31 December 2019 
to 31 December 2021, covering 13 anonymized stations, 92 charging terminals, and three 
districts. The original fields include transaction and charging times, delivered energy, station, 
weather, and mutually exclusive protocol termination indicators. The data description and 
downloadable files are provided by the data paper and Figshare release, respectively [25,26].

The original tables were decoded from GB18030 and subjected to the prespecified data-
quality checks reported in Supplementary Section S1 and Table S1. The main text retains 
only the temporal split and variables required to understand RSS construction and dispatch.
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Transactions before 1 July 2021 were used to estimate normal-delivery targets and 
construct historical scenarios. July 2021 was reserved for out-of-time model selection, 
and the 153 consecutive natural days from 1 August to 31 December 2021 were used for 
policy comparison. The remaining methods follow one sequence: construct RSS tasks from 
transactions, feed those tasks into rolling dispatch, and compare the unrecovered RSS left 
by alternative allocation policies.

3.2. From Normal-Delivery Reference to RSS Task
For transaction k, let qk  denote delivered energy, sk  its station, and bk  the half-hour 

stratum containing its start time. Quantifying an early termination first requires an estimate 
of the energy that a normally completed session at the same station and time would typically 
deliver. The reference was estimated only from 131,420 training-period sessions with a 
full-charge termination and non-negative energy. Their global median m0  was 19.53 kWh.

The global median is stable but removes station and time variation, whereas a local 
median can be dominated by a small sample. A two-level shrinkage estimate balances these 
properties. For station s, let ns  and ms  denote the number and median of full-charge sessions. 
With shrinkage strength a = 100, the station-level normal-delivery reference is defined in 
Equation (1).

𝑞𝑆
𝑠 =

𝑛𝑠 𝑚𝑠 + 𝑎 𝑚0
𝑛𝑠 + 𝑎 (1)

The station-level estimate in Equation (1) is further refined for each station-half-hour 
cell (s,b). Let nsb  and msb  denote the cell sample size and median, and let 𝛿 = 40 shrink 
the cell estimate toward the corresponding station reference. The resulting time-specific 
normal-delivery target is defined in Equation (2).

𝑞𝑇
sb =

𝑛sb 𝑚sb + 𝛿 𝑞𝑆
𝑠

𝑛sb + 𝛿 (2)

With many observations, Equation (2) follows the local time pattern; with few ob-
servations, it shrinks toward the more stable station-level estimate in Equation (1). A 
missing cell falls back first to the station reference and then to the global median. This 
training-only target is identical for all policies and is used only to construct transaction-level 
energy differences.

Given the normal-delivery target in Equation (2), the non-negative energy shortfall for 
transaction k is defined in Equation (3).

𝐷𝑘 = max(0, 𝑞𝑇
𝑘 − 𝑞𝑘) (3)

The quantity Di  in Equation (3) measures how much energy was not delivered relative 
to the normal-delivery reference, but it does not determine whether that shortfall can be 
remedied by an external mobile charging unit. Let ci  denote the protocol termination cause. 
The original weighted construction uses r(ck ) = 0.9 for non-system charger faults and system 
issues, 0.7 for other charger faults, and 0 otherwise. A strict binary reconstruction instead 
sets r(ck ) = 1 for these three externally recoverable fault classes and 0 for all remaining 
causes. The recoverable service shortfall assigned to transaction k is therefore defined in 
Equation (4).

Rk  = r(ck ) Dk (4)

Equation (4) converts the energy shortfall in Equation (3) into the actual dispatch 
task. A normal full charge, user stop, or vehicle-side fault therefore creates no mobile-
recovery task. Binary gating increases constructed Jiaxing RSS by 22.21% relative to the 
original 0.9/0.9/0.7 weights; the resulting performance change is therefore reported as a 
task-definition sensitivity rather than attributed to dispatch alone.
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The training-only normal-delivery reference defined by Equations (1) and (2) was eval-
uated separately on 60,321 hold-out full-charge sessions, with natural-day cluster bootstrap 
intervals for the MAE reduction relative to the global median.

To test transfer beyond Jiaxing, we used ACN-Data [27], a public workplace-charging 
dataset from the Adaptive Charging Network. ACN-Data was used only as an external 
audit of the normal-delivery reference in Equations (1) and (2) and did not contribute to 
Jiaxing policy training or dispatch evaluation. After quality filtering, 8974 earlier sessions 
supplied chronological reference histories, 2038 later completed sessions formed the held-
out final-energy test, and 1672 active sessions yielded 5014 pseudo-interruption snapshots. 
At each interruption, the estimator used only information available to the operator up to that 
time; the target was the energy subsequently delivered by the same uninterrupted session.

A complementary audit using the EPFL Level-3 EV charging dataset [28] quantifies the 
remaining hidden-state limitation of the observable reference used in Equations (1)–(3). 
On 276 chronological test sessions, the operator-observable historical estimator had an MAE 
of 13.894 kWh, whereas an oracle using vehicle-side SOC and battery capacity achieved 
10.835 kWh. SOC therefore contains useful additional information, but it is not assumed 
observable by the deployment policy.

3.3. Task Lifetime and Cohort State Transitions
The termination cause becomes observable only after a session ends. Let 𝑞𝑖,𝓁 ,𝑡 denote 

visible, unrecovered RSS at station i in period t with 𝓁  service opportunities remaining, 
where 𝓁  = 1 is due in the current period and 𝓁  = W is newly admitted. Let 𝑦𝑖,𝓁 ,𝑡 denote service 
assigned to that cohort, and let 𝑛stay

𝑖,𝑡  denote mobile units that remain available for service 
at station i. The corresponding service, aging, and expiration transitions are defined in 
Equation (5).

0 ≤ 𝑦𝑖,𝓁 ,𝑡 ≤ 𝑞𝑖,𝓁 ,𝑡,
∑

𝓁
𝑦𝑖,𝓁,𝑡 ≤ 𝐶𝑛stay

𝑖,𝑡 ,

𝑞𝑖,𝓁−1,𝑡+1 = 𝑞𝑖,𝓁 ,𝑡 − 𝑦𝑖,𝓁 ,𝑡,
𝑒𝑖,𝑡 = 𝑞𝑖,1,𝑡 − 𝑦𝑖,1,𝑡

(5)

Service is allocated to the oldest cohort first within each station. The bounds and 
transitions in Equation (5) prevent service from exceeding the remaining cohort quantity, 
carry only unserved work into the next remaining-lifetime class, and remove the unserved 
𝓁  = 1 cohort as expired RSS before admitting new work. Consequently, one unit of RSS 
cannot be served twice or remain in the queue after expiration. At the day level, Total RSS 
equals Recovered RSS plus expired RSS and unfinished terminal backlog. This accounting 
identity was verified across all 6120 completed dispatch cases, with a maximum absolute 
conservation error below 2 × 10−12  kWh. The overall RSS construction, finite-lifetime cohort 
evolution, and rolling EDVF decision process are summarized in Figure 1.

The empirical and spatial roles of the two datasets are separated throughout the eval-
uation, as illustrated in Figure 2. Jiaxing provides the 153-day transaction-event replay 
and uses anonymized stations with frozen synthetic topologies, whereas UrbanEV pro-
vides an independent real-distance topology for external spatial and travel-stress validation. 
The two environments are therefore used for different purposes and are not treated as 
interchangeable routing datasets.

Primary dispatch uses only causes observed after session termination. Candidate 
advance-cause models did not pass the July 2021 out-of-time gate based on the Brier 
score [29] and related metrics; the complete selection results are reported in Supplementary 
Section S2, Figure S1, and Table S2.
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Figure 1. Methodological framework. Completed sessions are converted into finite-life RSS cohorts 
by a training-only normal-delivery reference and observed-cause gate. Current cohorts and fleet state 
enter the three-stage EDVF model; only the first flow is executed before service, aging, expiration, 
and state update.

Figure 2. Data and spatial context. (a) Temporal distribution of confirmation events across the 
anonymized Jiaxing stations. (b) Frozen synthetic spatial topology used for the Jiaxing replay. Jiaxing 
supplies the 153-day transaction-event replay, whereas UrbanEV provides separate real-distance 
topology and travel-stress validation.

3.4. Exponential Deadline-Viability Flow Dispatch
Each day is divided into 48 half-hour periods. Every Jiaxing topology contains one depot 

and 13 stations. The base fleet contains four mobile units, each providing 20 kWh per service 
period. Inter-station travel occupies an integer number of periods; a unit provides no service 
while in transit. The fleet-flow equations conserve all stationary and committed in-transit 
units, enforce a 30-km relocation limit, and restrict the fraction moved in one decision. 
Additional finite-energy constraints, including onboard-energy depletion, reserve SOC, 
travel-energy consumption, and depot recharge, are examined separately in the UrbanEV 
robustness experiments.
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At decision epoch t, EDVF observes only the current cohort state 𝑞𝑖,𝓁 ,𝑡, stationary vehicles, 
and already committed in-transit arrivals. It does not sample future demand. For every 
deadline prefix d, Equation (6) defines the visible RSS that must be completed by that prefix, 
while Equation (7) defines the cumulative service capacity reachable under vehicle flow f .

𝐷𝑖,𝑡(𝑑) = ∑
𝑑

𝓁=1
𝑞𝑖,𝓁,𝑡,      𝑑 = 1, … , 𝑊 (6)

𝑆𝑖,𝑡(𝑑; 𝑓 ) = 𝐶∑
𝑑−1

ℎ=0
𝑛stay

𝑖,𝑡+ℎ( 𝑓 ) (7)

The prefix comparison retains the physical effect of travel: a relocated unit contributes to 
Si ,t (d; f ) only after its integer arrival time, whereas a unit that stays can serve immediately. 
Already in-transit units enter the same capacity envelope at their fixed arrival periods.

For divisible station-level RSS served by earliest deadline first, the maximum positive 
prefix deficit is the minimum visible RSS that cannot be recovered under the proposed 
vehicle trajectory. This quantity is linearized by Equation (8).

Li ,t ≥ Di ,t (d) − Si ,t (d; f ),      Li ,t ≥ 0 (8)

The three-stage EDVF objective is defined in Equation (9). Its first component minimizes 
total irreversible loss. This stage has absolute priority: neither earlier service nor shorter 
travel can justify additional deadline loss. Among first-stage-optimal flows, the second 
component maximizes exponentially discounted useful service, where Yi ,t (d; f ) denotes the 
RSS service credited to deadline level d at station i under vehicle-flow plan f . The decay 
time constant is the physical response window W, so no free urgency weight is introduced. 
Among solutions equivalent in irreversible loss and early recovery, the third component 
minimizes total relocation distance subject to the retained first- and second-stage optima.

lexopt𝑓 ∈𝐹{∑
𝑖
𝐿𝑖,𝑡(𝑓 ), −∑

𝑖
∑

𝑑
exp[−

𝑑 − 1
𝑊 ]𝑌𝑖,𝑡(𝑑; 𝑓 ), ∑

ℎ
∑

𝑖≠𝑗
𝜌ij𝑓ℎ,ij}. (9)

The three stages are solved sequentially as mixed-integer linear programs. The preceding 
optimum is fixed in the next stage within a numerical feasibility tolerance of 10−6 ; this 
tolerance is not an objective weight.

Only the first-period vehicle flow is executed. The realized RSS is then served oldest first, 
cohorts age and expire according to Equation (5), in-transit queues advance, and EDVF is 
re-solved from the updated observed state.

CVaR95 follows the standard conditional value-at-risk definition [30] but is retained only 
as an ex post summary of realized daily Unrecovered RSS; it does not enter the proposed 
dispatch policy. EDVF is implemented with HiGHS through the SciPy interface [31], using 
a 5 s time limit, a relative MIP gap of 0.005, and presolve.

3.5. Evaluation Design and External Robustness
The proposed policy is EDVF-RSS. The main operational references are Myopic, Nearest-

RSS, EDF-Reactive, Deterministic-Forecast-RSS, Scenario-Sampling-RSS, and Perfect-Future-
Oracle. All methods receive the same RSS tasks, response window, fleet, topology, service 
capacity, travel rules, and execution logic. Myopic reacts only to currently serviceable RSS. 
Nearest-RSS assigns available mobile units to the nearest reachable station with visible 
RSS, providing a proximity-based routing reference. EDF-Reactive uses the visible backlog 
and task deadlines without future information. Deterministic-Forecast-RSS uses a single 
point forecast derived from the same historical information available to Scenario-Sampling-
RSS, providing a deterministic rolling-optimization reference. Scenario-Sampling-RSS 
retains the historical-scenario design, while Perfect-Future-Oracle receives realized future 
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arrivals as a non-deployable reference under the same routing, fleet, capacity, travel, and
execution constraints.

The main Jiaxing comparison retains the original weighted task construction for direct 
comparability with Scenario-Sampling-RSS. EDVF, Myopic, EDF-Reactive, and Perfect-
Future-Oracle are additionally rerun under strict binary cause gating. Mechanism experi-
ments progressively activate Loss only, Loss plus Early recovery, and the full three-stage 
EDVF objective.

The primary outcome is natural-day Unrecovered RSS, with Coverage, Movement, run-
time, and ex post CVaR95 as secondary outcomes. Because the 153 evaluation days form a 
consecutive time series, uncertainty in paired policy effects was evaluated using a moving-
block bootstrap rather than treating individual days as independent resampling units. For 
each comparison, the same calendar-day blocks were resampled jointly for both policies to 
preserve the paired structure. A 7-day block length was used for the primary 95% confi-
dence intervals, with 3-day and 14-day blocks used as sensitivity checks; each specification 
used 20,000 bootstrap replicates. The main statistical interpretation therefore emphasizes 
paired effect sizes and block-bootstrap confidence intervals rather than nominal p-values. 
These intervals quantify temporal sampling uncertainty only. Structural uncertainty as-
sociated with target-energy estimation, recovery rules, response-window length, topol-
ogy, and fleet-energy assumptions was evaluated separately through external audits and
sensitivity analyses.

External robustness uses UrbanEV [14,15] independently of the Jiaxing benchmark. 
Five 13-station subsets are drawn from the real 1682-station distance matrix to represent 
compact, dispersed, corridor, clustered, and random geometries. Finite onboard energy uses 
200/400/600-kWh mobile batteries, a 5% reserve, depot recharge, service-energy depletion, 
travel-energy consumption, and spatially conserved fleet energy. Travel speed is stressed at 
20/30/40 km/h.

3.6. Data Boundary and Reproducibility Settings
The primary Jiaxing experiment remains an event replay with real task arrivals and 

simulated mobile service over anonymized stations. Accordingly, Jiaxing Movement is 
treated as a stylized simulation outcome under the frozen synthetic topology, rather than 
an estimate of observed road travel. UrbanEV is reported separately as external physical 
validation using real inter-station distances and load-derived tasks. This separation avoids 
presenting synthetic Jiaxing movement as a real routing estimate while testing whether 
EDVF remains feasible under finite onboard energy and real spatial stress.

To preserve the mechanism sequence, Table 1 consolidates frozen parameters, solver 
settings, and sensitivity ranges. Additional notation and the distinction between observed 
and simulated components are provided in Supplementary Section S3. Table S3 summarizes 
the notation used in the target-energy estimation, RSS construction, and rolling-optimization 
models, while Table S4 classifies the observed and simulated components used in the study.

Table 1. Reproducibility parameters, recovery rules, solver settings and sensitivity ranges.

Category Parameter Base Value Definition/Sensitivity

Time
Slot length 30 min Fixed for all policies

Response window 4 slots (2 h) Sensitivity: 1 and 3 h
Planning Deadline horizon 4 slots (2 h) All visible deadline prefixes

Information Future-arrival scenarios None for EDVF Scenario sampling retained only as 
a baseline
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Table 1. Cont.

Category Parameter Base Value Definition/Sensitivity

Resource
Mobile fleet 4 units Sensitivity: 2 and 6

Unit service capacity 20 kWh/slot Per 30-min slot

Movement

Maximum relocation distance 30 km/slot Hard feasibility limit

Maximum relocated fleet share 0.75 At most floor (0.75 × fleet), 
minimum 1

Travel-time model Ceil (distance/speed) No service while in transit

Objective

Stage 1 objective Minimum irreversible loss Strict first priority
Stage 2 objective Maximum early recovery Exponential time constant W
Stage 3 objective Minimum movement Only within stages 1–2 optimum set

Recovery

Non-system pile fault 0.90 Low/high: 0.60/1.00
System issue 0.90 Low/high: 0.60/1.00

Other pile fault 0.70 Low/high: 0.40/0.90
Full charge; user stop; EV fault 0 Not entered into RSS task set

Target
Station prior strength 100 sessions Training-only shrinkage

Station × half-hour prior 40 sessions Training-only shrinkage

Solver

Implementation SciPy milp/HiGHS Integer allocation and flow

Time limit 5 s/decision Stage status and fallback counts 
audited

Relative MIP gap 0.005 Presolve enabled
Randomness Base seed 20260724 Frozen

Statistics

Bootstrap replicates 20,000 Paired moving-block bootstrap
Primary block length 7 days Sensitivity: 3 and 14 days

Resampling structure Paired calendar-day blocks Same blocks applied jointly to 
compared policies

4. Results
4.1. Properties of RSS Task Construction

As shown in Table 2, the station-half-hour shrinkage estimator had a hold-out MAE of 
10.10 kWh, 4.81% lower than the global median (95% CI: 4.50–5.11%). The station-level 
reduction was 3.36%. All three estimators had negative mean signed error, indicating 
some underestimation among high-energy full-charge sessions. The natural-day error 
distributions of the three estimators are shown in Figure 3a. This step establishes the energy 
reference for RSS; termination causes then determine which differences enter the task queue.

The negative signed error indicates conservative underestimation of the normal-delivery 
reference, particularly for higher-energy sessions. This bias can reduce constructed RSS 
and should not be interpreted as evidence that high-energy users require less service. The 
ACN user-history experiment partly addresses this limitation by conditioning on observable 
session history, while the revised discussion retains target error as an uncertainty boundary 
rather than treating the reference as ground truth.
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Table 2. Jiaxing held-out validation of the training-only target-energy estimators (60,321 sessions 
across 153 natural days).

Estimator MAE 
(kWh)

Median AE 
(kWh)

Signed Error 
(kWh)

Within ±5 kWh 
(%)

MAE Reduction vs. 
Global (%) [95% CI]

Global median 10.61 9.11 −2.06 29.88 0.00 [0.00, 0.00]
Station shrinkage 10.25 8.56 −2.48 30.84 3.36 [3.09, 3.65]

Station × half-hour 
shrinkage 10.10 8.31 −2.52 31.73 4.81 [4.50, 5.11]

Figure 3. Target-energy validation and observed termination causes. (a) Natural-day distributions of 
held-out absolute error for three training-only estimators; dots are days, violins show density, vertical 
segments show interquartile ranges and open circles show medians. (b) Confirmation-session counts 
on a logarithmic axis; color denotes the fixed recovery weight. Sample unit: 60,321 full-charge sessions 
for panel (a) and 131,147 confirmation sessions for panel (b); n = 153 natural days.

The ACN audit remains external to the dispatch benchmark. Adding operator-observable 
user history reduced completed-session MAE from 5.762 to 3.965 kWh and active pseudo-
interruption MAE from 4.440 to 3.148 kWh. Table 3 instead presents the cross-method 
comparison used for the main operational discussion.

As shown in Figure 3b, termination causes were highly imbalanced in the hold-out 
period: full charge and user stop were most common, while only 29 sessions had a system 
issue. Under the base recovery weights, tasks entering the RSS queue came mainly from 
three charging-infrastructure fault categories. Cause gating therefore reduced the task set 
presented to mobile dispatch.

Table 3. Comparison of dispatch methods under the final evaluation setting.

Method Coverage (%) Movement 
(km/Day)

Unrecovered RSS 
(kWh/Day) Runtime (s/Day)

EDVF-RSS 93.82 286.41 74.56 8.73
Myopic 88.74 226.58 126.83 2.64
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Table 3. Cont.

Method Coverage (%) Movement 
(km/Day)

Unrecovered RSS 
(kWh/Day) Runtime (s/Day)

Nearest-RSS 87.91 205.40 137.24 0.05
EDF-Reactive 78.63 401.36 241.57 0.03

Deterministic-Forecast-RSS 89.64 332.87 115.62 7.90
Scenario-Sampling-RSS 85.91 364.73 158.42 24.16
Perfect-Future-Oracle 94.61 278.95 63.27 4.81

Note: Jiaxing Movement is a stylized simulation outcome under the frozen synthetic topology and 
does not represent observed road travel. Perfect-Future-Oracle is a non-deployable reference with 
realized future arrivals; all methods retain the same routing, fleet, capacity, and execution constraints.

4.2. Decision Value Under a Common Task Input
Table 3 and Figure 4 report the final cross-method comparison under the common 

weighted Jiaxing RSS input. EDVF achieves 93.82% Coverage, 74.56 kWh/day Unrecov-
ered RSS, 286.41 km/day Movement, and 8.73 s/day Runtime. Myopic and Nearest-RSS 
achieve 88.74% and 87.91% Coverage, with 126.83 and 137.24 kWh/day Unrecovered RSS, 
respectively. EDF-Reactive records 78.63% Coverage and 241.57 kWh/day Unrecovered RSS. 
Deterministic-Forecast-RSS improves to 89.64% Coverage and 115.62 kWh/day Unrecovered 
RSS, while Scenario-Sampling-RSS records 85.91% and 158.42 kWh/day. Perfect-Future-
Oracle provides the non-deployable reference at 94.61% Coverage and 63.27 kWh/day 
Unrecovered RSS.

 

Figure 4. Policy comparison under the common weighted Jiaxing RSS input. (a) Mean Coverage 
versus Movement over 153 days; Jiaxing Movement is a stylized simulation outcome under the 
frozen synthetic topology. (b) Mean Unrecovered RSS; lower values are better. Perfect-Future-Oracle 
receives realized future arrivals but retains the same routing, fleet, capacity, and execution constraints. 
Scenario-Sampling-RSS is the previously completed historical-scenario comparator.

Relative to Myopic, EDVF reduces Unrecovered RSS by 52.27 kWh/day and increases 
Coverage by 5.08 percentage points, at the cost of 59.83 km/day additional Movement. The 
primary 7-day moving-block 95% confidence intervals for the signed EDVF–Myopic differ-
ences are [−60.4, −44.8] kWh/day, [+4.28, +5.86] percentage points, and [+52.1, +67.7] 
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km/day for Unrecovered RSS, Coverage, and Movement, respectively. The corresponding 
3-day intervals are [−58.6, −46.1], [+4.42, +5.73], and [+53.8, +65.9], while the 14-day 
intervals are [−63.2, −42.1], [+4.05, +6.07], and [+49.4, +70.8]. The direction of all three 
paired effects is unchanged across the three block-length specifications.

Figure 4 further shows that EDVF achieves higher Coverage and lower Unrecovered 
RSS than all deployable references. Nearest-RSS requires less Movement but leaves more 
RSS unrecovered, whereas both deterministic and scenario-based rolling references require 
more Movement while achieving lower Coverage than EDVF. EDVF also approaches the 
Perfect-Future-Oracle in service performance despite using no realized future-arrival infor-
mation. Diagnostic comparisons against Fixed-only, Demand-only, Cause-gated Myopic, 
and Aggregate-event references are provided in Supplementary Section S4 and Table S5. 
Separately, under strict binary cause gating, EDVF retains lower Unrecovered RSS and 
higher Coverage than Myopic, with 169.73 versus 186.21 kWh/day and 91.64% versus 
90.45%, respectively. The paired Unrecovered RSS difference is −16.48 kWh/day, with a 
7-day moving-block 95% confidence interval of −21.58 to −11.97 kWh/day.

4.3. Mechanism Evidence for the Three-Stage EDVF Objective
Table 4 sequentially activates the EDVF objectives on the same vehicle-flow graph. 

Loss only yields 136.16 kWh/day Unrecovered RSS and 92.24% Coverage. Adding Early 
recovery reduces Unrecovered RSS to 110.21 kWh/day and increases Coverage to 94.02%. 
Adding the Movement stage reduces travel from 1054.2 to 332.5 km/day while retaining 
the first two objective levels, with Unrecovered RSS of 108.27 kWh/day in the diagnostic 
mechanism run. 

Table 4. Diagnostic ablation of the three EDVF lexicographic stages and field representation.

Variant Scope Unrecovered RSS 
(kWh/Day) Coverage (%) Movement (km/Day)

EDVF-LossOnly Diagnostic 136.16 92.24 1124.1
EDVF-Loss+Early Diagnostic 110.21 94.02 1054.2

EDVF-RSS Three stages 108.27 94.05 332.5
EDVF-CoarseField One deadline level 117.77 93.24 313.8
EDVF-RSS-Sparse K = 20 diagnostic 200.57 87.03 393.3

The ablation isolates three different roles. The first stage protects tasks that would other-
wise become infeasible; the second selects earlier effective service among loss-equivalent 
flows; and the third eliminates unnecessary relocation among solutions equivalent in 
both service objectives. No weighted combination permits movement savings to trade 
against irreversible RSS. Figure 5 further summarizes these mechanisms and their phys-
ical robustness: panel (a) visualizes the loss–movement trade-offs induced by the three 
lexicographic stages and the deadline-field representation, while panel (b) shows how Cov-
erage changes under finite onboard energy and travel-speed perturbations on the UrbanEV
topology banks.

The implementation sequence therefore connects termination cause, cohort quantity, 
remaining lifetime, stationary and in-transit vehicles, and EDF execution before evaluating 
secondary physical details. This chain is directly auditable through RSS conservation and 
cohort expiration rather than inferred from an aggregate objective value.
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Figure 5. Mechanism and physical robustness. (a) Diagnostic mechanism runs compare Unrecovered 
RSS and Movement as the loss, early-recovery, and movement priorities and deadline field are varied. 
(b) UrbanEV Coverage under finite onboard energy and travel-speed stress on five real 13-station 
topology banks; the dashed line denotes the unlimited-energy, 30-km/h reference.

4.4. Sensitivity to Task Definition and Physical Capability
As shown in Table 5, strict binary gating increases the quantity entering the queue 

and reduces EDVF Coverage from 93.82% to 91.64%, but EDVF retains an advantage over 
Myopic in the completed binary-gating analysis. This change is interpreted as task-definition 
sensitivity because it changes the denominator, not as a deterioration in the dispatch solver.

Table 5. Jiaxing task-definition sensitivity and UrbanEV finite-energy, topology, and travel-
speed robustness.

Variant Evaluation Scope Coverage (%) Unrecovered RSS Movement (km/Case)

Final-setting EDVF Jiaxing comparison 93.82 74.56 kWh/day 286.41
Binary-gated EDVF Jiaxing 153 days 91.639 169.732 kWh/day 378.472
Unlimited energy UrbanEV 150 cases 83.768 719.099 kWh/case 112.552
600 kWh/150 kW UrbanEV 150 cases 83.768 719.099 kWh/case 112.552
400 kWh/150 kW UrbanEV 150 cases 83.764 719.126 kWh/case 112.552
200 kWh/150 kW UrbanEV 150 cases 82.355 730.293 kWh/case Not primary

20 km/h UrbanEV real topology 78.193 751.362 kWh/case 80.425
30 km/h UrbanEV real topology 83.768 719.099 kWh/case 112.552
40 km/h UrbanEV real topology 83.887 718.235 kWh/case 112.456

Final-setting EDVF (2 h) Jiaxing comparison 93.82 74.56 kWh/day 286.41
1-h response window Jiaxing 153 days 86.42 163.84 kWh/day Not primary
3-h response window Jiaxing 153 days 94.08 71.42 kWh/day Not primary
Binary-gated EDVF Jiaxing 153 days 91.639 169.732 kWh/day 378.472

Response-window sensitivity was evaluated separately from temporal sampling un-
certainty. Shortening the response window from 2 h to 1 h reduced EDVF Coverage from 
93.82% to 86.42%, whereas extending it to 3 h increased Coverage to 94.08%. The corre-
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sponding Unrecovered RSS values for the 1-, 2-, and 3-h settings were 163.84, 74.56, and 
71.42 kWh/day, respectively. These results show that the response-window assumption 
affects the amount of RSS that can remain serviceable before expiration, with most of the 
gain already realized by the 2-h setting. Response-window variation is therefore treated as 
a structural sensitivity analysis rather than as part of the temporal uncertainty represented 
by the moving-block confidence intervals in Section 4.2.

Finite onboard-energy robustness was further evaluated on UrbanEV using explicit 
battery-state conservation. Relative to the unlimited-energy reference, a 600-kWh mobile 
battery causes no paired service degradation, while 400 kWh changes Coverage by only 
−0.0038 percentage points and Unrecovered RSS by +0.027 kWh per case. Reducing the 
battery to 200 kWh lowers Coverage by 1.413 percentage points and produces 56 energy-
blocked relocations across 150 topology-day cases. Fleet-energy conservation error is zero 
in all finite-energy runs.

Real UrbanEV geometry produces the stronger physical stress. At 20, 30, and 40 km/h, 
EDVF Coverage is 78.19%, 83.77%, and 83.89%, respectively. The 20-km/h penalty is con-
centrated in the dispersed topology; the deliberately severe clustered topology remains 
constrained by the 30-km relocation graph at all speeds. These results show that travel 
effects depend on real network connectivity and deadline crossings rather than a uniform 
speed penalty.

4.5. Capability Boundary Under Concentrated Arrivals
As shown in Figure 6a, diagnostic traces for topology seed 0, 27 November 2021 was 

near the median hold-out unrecovered RSS and most tasks cleared within the service 
window. By contrast, Figure 6b shows that 2 September 2021 was a high-residual day: 
afternoon arriving RSS remained above recovered RSS, backlog grew rapidly, and ex-
pired tasks became unrecovered RSS. Both days used the same fleet, task definition and
solver settings.

Figure 6. Slot-level diagnostic traces for one frozen topology. (a) A day near the median unrecovered 
RSS. (b) A high-residual day. (c) Unrecovered RSS split into expiration before service and end-of-day
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backlog. The trace uses topology seed 0; panels are diagnostic examples rather than independent 
statistical samples. Panel (c) uses a symmetric-log horizontal axis so that the near-zero typical-day 
residual remains visible.

Figure 6c further shows that most unserved work on the high-residual day was RSS that 
expired after not being served within 2 h; end-of-day backlog was small. Movement and 
recovered RSS increased together, showing that the loss was not caused by a failure to move. 
Instead, local arrival intensity exceeded the travel-adjusted capability of the limited fleet.

The operating implication is direct: continued movement does not guarantee suf-
ficient capability. When short-run arrivals exceed the fleet limit, dispatch should pri-
oritize RSS tasks close to expiry and activate temporary reinforcement or a response-
window adjustment.

To recover the spatial decision behind this capability limit, Figure 7 fixes the same 
high-residual day, RSS task field, topology, and fleet and compares the full-day relocations 
made by demand-only, aggregate-event, and RSS-driven rolling dispatch. Bubble area 
represents arriving RSS, the colored sector represents the recovered share, and arrows 
represent cumulative mobile-unit flows. The figure provides a spatial illustration of the 
policy-level differences discussed in Section 4.2 by projecting them onto an inspectable 
operating instance.

Figure 7. Spatial dispatch comparison on the same high-residual day and frozen topology. (a) The 
common RSS task field. (b) Demand-only dispatch. (c) Aggregate-event dispatch. (d) RSS-driven 
rolling dispatch. Bubble area encodes arriving RSS, the colored sector encodes recovered share, and 
arrows show the largest cumulative relocation flows; the pale remainder denotes unrecovered RSS. 
All panels share the same event stream, fleet, depot, and travel model. Coordinates are simulated and 
do not represent observed roads or exact station locations.
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In this instance, demand-only dispatch moved 87 km but covered only 12.0% of RSS. 
Aggregate-event dispatch increased cross-cluster movement and reached 54.7%, whereas 
RSS-driven rolling dispatch connected the two principal task clusters with 311 km of move-
ment and raised coverage to 69.5%. For operators, the map shows where the cost arises 
more directly than a coverage rate alone: when high-shortfall stations occupy different 
spatial clusters, additional recovery depends on cross-cluster relocation rather than repeated 
movement around an existing hotspot.

4.6. External Physical Validation on UrbanEV
Across 30 evaluation days and five real 13-station topology banks, EDVF achieves 83.77% 

Coverage, 719.10 kWh Unrecovered RSS, and 112.55 km Movement per topology-day case 
at 30 km/h. EDF-Reactive achieves 76.46% Coverage and 764.17 kWh Unrecovered RSS, 
whereas Perfect-Future-Oracle achieves 84.04% and 713.08 kWh. EDVF is therefore close to 
the future-informed service reference while using 610.59 km less movement per case.

The UrbanEV experiment is an external physical validation rather than a replacement 
for the Jiaxing event replay. It tests finite energy, real station separation, travel-speed 
sensitivity, and a deliberately severe connectivity regime; it does not claim that synthetic 
Jiaxing distances are observed road routes.

5. Discussion
5.1. What RSS Adds to Dispatch

The central contribution is not another aggregate failure statistic but a task interface for 
mobile dispatch. Target energy provides a normal-delivery reference, the termination cause 
indicates whether an external unit can take over, and task lifetime limits when intervention 
remains useful. Together, these elements convert an abnormal session into an RSS task with 
magnitude, location, and timing.

This sequence establishes a clear hierarchy between task measurement and resource 
allocation. To avoid using RSS for both the task and its remaining outcome, the revised 
manuscript uses RSS only for the incoming recoverable service shortfall and uses Unrecov-
ered RSS for the amount that expires or remains unfinished. This terminology does not 
change the accounting identity or any numerical result.

5.2. Why Deadline Viability Helps
A myopic policy can act on current tasks but does not distinguish whether the current 

fleet can still cover all deadline prefixes. EDVF uses the complete visible cohort state to 
quantify the first deadline at which reachable capacity becomes insufficient. This makes 
imminent irreversible loss, rather than a sampled future load, the first dispatch priority.

The strict lexicographic construction separates service protection from secondary pref-
erences. Earlier recovery is optimized only within the minimum-loss set, and travel is 
minimized only after both service levels are fixed. CVaR95 is consequently an ex post tail 
descriptor over 153 realized days, not a decision weight estimated from three scenarios.

5.3. Implications for Operations
Implementing RSS-driven dispatch first requires a connection among session termination 

causes, station backlog, task age, and mobile-unit location, rather than a more elaborate 
prediction system. Cause gating reduces responses to normal and non-remediable events, 
while cross-period state prevents unfinished tasks from disappearing at the next decision.

Allocation performance must be viewed together with movement, computation, and 
peak capability. In the 13-station Jiaxing benchmark, EDVF uses 8.73 s of total algorithm 
time over 51 daily decisions, approximately 0.17 s per decision; the 5-s value is a solver cap 
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rather than observed operational latency. The exact formulation is intended for small- to 
medium-scale networks, whereas larger networks require candidate-arc pruning. Operators 
therefore need a distance budget, an expiry-priority rule, a peak reinforcement trigger, and 
a solver configuration matched to network scale rather than a single coverage target.

5.4. Simulation Assumptions and Validation Boundary
The Jiaxing data support session time, anonymized station, delivered energy, and proto-

col termination cause. Its coordinates and rescue trajectories remain simulated; accordingly, 
Jiaxing Movement is interpreted as a stylized simulation outcome rather than observed road 
travel. We therefore use UrbanEV separately to test real inter-station distances, finite on-
board energy, and travel stress, while retaining Jiaxing as the transaction-event benchmark. 
Neither dataset contains observed mobile rescue work orders.

The normal-delivery target is an operator-side counterfactual service reference, not a 
measurement of user intention. ACN and EPFL audits quantify its prediction error and 
the value of unobserved SOC/battery state. Cause weights remain operational eligibility 
rules, and the complete binary-gating rerun demonstrates sensitivity to replacing fractional 
coefficients with strict eligibility. A prospective pilot should estimate these rules from 
request acceptance, successful contact before departure, connection compatibility, and 
delivered rescue energy, updating both cause-specific eligibility probability and conditional 
service fraction from field records rather than retaining fixed author-assigned values.

An auxiliary test of cause and recoverable-quantity accounting in an owned digital twin is 
reported in Supplementary Section S5, with data provenance, predictive performance, effective-
order accounting, and paired policy results provided in Supplementary Tables S6–S9.

The UrbanEV robustness executor additionally incorporates finite mobile battery capac-
ity, minimum SOC reserve, travel-energy consumption, service-energy depletion, spatial 
energy carriage, and depot recharge. These tests complement the Jiaxing event replay by 
examining the dispatch mechanism under more restrictive physical-resource conditions. 
Operational factors not represented in the available datasets, including traffic variability, 
heterogeneous charging compatibility, driver scheduling, and observed rescue acceptance, 
remain subjects for future field validation.

6. Conclusions
This study investigates how an operator-side service shortfall that remains recoverable 

after abnormal termination can be converted into deadline-structured tasks for mobile 
charging resources. Explicit cohort service, aging, and expiration equations close the 
task lifecycle, while EDVF compares cumulative deadline demand with reachable service 
capacity and selects vehicle flows in strict loss-early recovery-movement order.

Across the final Jiaxing comparison, EDVF achieves 74.56 kWh/day Unrecovered RSS 
and 93.82% Coverage. Its advantage over Myopic remains under strict binary cause gating. 
EDF-Reactive and Perfect-Future-Oracle delimit the value of deadline awareness and un-
available future information, while Scenario-Sampling-RSS remains a separate historical-
scenario comparator.

The external UrbanEV results show that EDVF remains feasible under real station 
geometry, finite onboard energy, and travel-speed stress, but neither dataset contains actual 
mobile-rescue work orders or vehicle trajectories. The proposed results therefore support 
an auditable dispatch mechanism and physical robustness analysis rather than a claim of 
field causal effectiveness. Prospective validation should pre-register the RSS eligibility rule 
and collect SOC, route, acceptance, and delivered-rescue-energy records.
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Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/vehicles8100265/s1, Table S1: Jiaxing transaction data-quality 
checks before event replay; Figure S1: Out-of-time selection results for advance cause prediction. 
Circles denote the hierarchical profile, squares the frozen nonlinear model, and diamonds the metric-
specific frozen thresholds (2% for Brier score and RSS MAE; 5% for top-decile capture). Teal indicates 
a passed gate and red a failed gate. The nonlinear model did not meet any threshold, so advance 
individual cause probabilities were not used by dispatch; Table S2: Frozen selection thresholds and out-
of-time results for advance cause prediction; Table S3: Symbols, definitions, analytical roles and units 
used in the target, RSS and rolling-optimization models; Table S4: Data sources, observed components, 
simulation components and analytical roles; Table S5: Paired natural-day effects of RSS-driven rolling 
dispatch under the original diagnostic comparison setting. Confidence intervals use 10,000 natural-
day bootstrap draws [32]; Wilcoxon tests [33] use n = 153 paired days with Holm adjustment [34]; 
Table S6: Provenance and split integrity of the owned UAV-RCR digital-twin dataset; Table S7: Cause-
classification and recovery-prediction performance on the owned chronological group-purged test 
split; Table S8: Effective-order accounting in orders per evaluation window. These quantities are 
not charging energy or charging capacity; Table S9: Paired digital-twin policy comparison. Paired 
difference is rolling policy minus baseline; blocks are consecutive and non-randomized; Wilcoxon 
p-values are adjusted across nine metrics using Holm’s method.
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