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Synchronization-externality-aware scheduling for
autonomous RoboVan-drone collaborative delivery

Chen Lit

IWuhan Institute of Technology
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Autonomous RoboVan-drone delivery couples aerial assignments through shared launch, recovery, charging, and
moving-rendezvous resources. We propose Predictive Synchronization-Externality-Aware Rolling Online
Scheduling (P-SEARQOS), which separates a focal order's direct cost from the downstream synchronization burden
imposed on the remaining schedule. Candidate scores are refreshed after each accepted insertion. On held-out
data, the externality estimator reaches a Spearman correlation of 0.612 and a raw MAE of 4.74 cost units. Across
20 paired scheduling seeds, P-SEAROS reduces mean system cost by 17.2%, 17.0%, and 14.3% at 80, 100, and
120 requests, with Holm-adjusted two-sided p-values below 0.01. A 20-seed mechanism comparison shows that
externality-aware scoring accounts for most of the gain, while prediction provides a smaller increment and exact
predicted marginal scoring improves cost by only about 1.2-1.3%. The 95th-percentile runtime remains below 30
ms per order for both approximate and exact predicted scoring at the tested scale. Descriptive regime analyses
suggest larger benefits when shared-resource coupling materially affects downstream schedules.

.H\Z R U &idnomous delivery; RoboVan; drone logistics; last-mile delivery; synchronization externality;
rolling-horizon scheduling; predictive optimization; mobile depot

, QWURGXFWLRQ

Combining a road vehicle with delivery drones is attractive because the two modes complement each other. The
ground vehicle can carry parcels, batteries, and supporting equipment over longer distances, while a drone can
leave the route to serve a customer and later rejoin the carrier. Early studies formalized this idea through the
traveling-salesman problem with a drone and related vehicle-routing models. Later work relaxed the original one-
truck-one-drone assumptions, examined energy consumption and route retraversal, and allowed several drones to
operate in parallel [1-8]. These studies made clear that the value of aerial service cannot be judged from flight
speed alone. A drone may reach a customer quickly, yet the system can still perform poorly if launch, recovery,
charging, or reunion with the carrier is badly timed. The central operational problem is therefore not simply
choosing a fast mode. It is keeping road and air activities coordinated while preserving useful options for later
requests.

As the literature moved toward more realistic settings, synchronization became harder to separate from the
surrounding operating state. Urban-airspace planning, cooperative truck-drone schedules, dynamic request arrival,
uncertain traffic and demand, and exact or state-space solution methods have all been studied in this context [9-
15]. Once travel conditions vary over time, the quality of an assignment depends on what has already been
committed and on what the shared resources will look like a few minutes later. A locally short sortie can be
unattractive if it occupies the only recovery opportunity needed by another drone. Likewise, a small delay in the
RoboVan route can propagate into several later rendezvous. These effects are difficult to see when a candidate is
evaluated mainly through the focal customer's own travel time, energy use, or lateness.



Recent work has pushed the problem further toward online operation. Multi-visit service, flexible docking, reliable
dynamic synchronization, random requests, aerial congestion, learning-based control, stochastic demand, and
data-driven planning have all been incorporated into truck-drone models [16-23]. The common feature is that
decisions are made while the schedule is still evolving. New information changes not only the travel time of the
current request but also the availability of drones and shared service resources. This is especially important with
several drones on one carrier. A launch or recovery decision made for one order can change the timing and
feasibility of later sorties even when those later orders are geographically unrelated. In such a setting, the effect
of a decision is distributed across the schedule rather than confined to the customer being served.

Autonomous carriers and mobile-depot concepts make this coupling even more pronounced. Recent studies
consider heterogeneous drone fleets, on-demand service, predictive mobile-depot coordination, mobile drone
stations, post-disaster missions, and broader reviews of truck-drone routing [24-30]. These developments provide
the system context for the RoboVan considered here. The unresolved issue in this paper is narrower. During an
online insertion, how should the scheduler distinguish the cost experienced by the focal order from the burden
that the same choice imposes on other accepted jobs through launch, recovery, charging, and moving-rendezvous
resources? We refer to that nonfocal burden as synchronization externality. Its value depends on the current
tentative schedule. It may be positive when a candidate creates queueing or downstream delay, close to zero when
resources are effectively separable, or negative when an insertion improves later alignment. This distinction
matters because two candidates can look equally good for the focal order and still have very different
consequences for the rest of the system.

The framework developed here is built around this distinction. We first decompose the replay-based marginal
system cost of a candidate into focal direct cost and schedule-conditional synchronization externality. P-SEAROS
then estimates the nonfocal component from changes in shared-resource queues, downstream waiting and lateness,
and missed-rendezvous risk. Road and wind forecasts enter as state information rather than as a separate source
of novelty. After an action is accepted, the tentative schedule is updated before the remaining candidates are
evaluated again, so their scores reflect the new resource state. The computational study is designed to test whether
this representation improves online decisions, when the improvement is most visible, and how much is added by
prediction beyond the externality term. We report estimator diagnostics, scheduling performance across request
loads, mechanism ablations, operating-regime tests, and runtime. The results show a clear load-dependent pattern.
Externality-aware scoring matters most when several jobs compete for shared resources, while its value is small
in lightly coupled regimes and can disappear when the system is dominated by a structural bottleneck.
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Earlier surveys and analytical studies established min-cost TSP-D models, general connections to vehicle routing,
performance bounds, en-route operations, and coordinated truck-drone logistics [31-37]. This work provides the
routing foundation for the present study. Most of it evaluates synchronization through the overall route or schedule
rather than separating the effect of one online insertion on jobs that are already planned.

Synchronization-focused models have since considered moving-arc rendezvous, flexible launch and recovery,
multi-visit service, pickup-and-delivery operations, and two-echelon vehicle-drone systems [38-42]. In these
formulations, coupling is usually represented through timing variables, waiting costs, feasibility conditions, or the
global objective. P-SEARQS takes a different view at the online decision level. It assigns a separate nonfocal
marginal component to each candidate before that candidate is committed. The RoboVan abstraction follows
naturally from mobile-depot and autonomous-carrier settings. The contribution claimed here is not the use of a
vehicle-drone architecture and it is not the forecast model. The focus is the valuation of downstream shared-



resource displacement during sequential online insertion.
"\QDPLF 8QFHUWDLQW\ $ZDUH DQG 3UHGLFWLYH 6FKHGXOLQJ

Dynamic-routing research offers a useful point of comparison. Insertion heuristics, re-optimization, approximate
dynamic programming, and opportunity-cost models all account for the way a current decision can consume future
service capacity [43-46]. Downstream marginal cost is therefore not unique to this study. The contribution here is
narrower: the marginal cost is separated into focal direct cost and a nonfocal synchronization burden transmitted
through shared launch, recovery, charging, and moving-rendezvous resources, and that nonfocal component is
estimated and refreshed inside an event-driven rolling insertion process. To distinguish this mechanism from
conventional marginal-cost scoring, the experiments also include P-MC-RH. It uses the same predicted state, fixed
candidate neighborhood, replay horizon, and uncertainty-risk term as P-SEARQS, but evaluates the predicted
marginal-system cost exactly within that fixed candidate neighborhood and replay model.

7 D E ORdsitioning against closely related vehicle-drone scheduling studies.

. . R Autonomous - Explicit

Study System Setting/uncertainty Synchronization carrier Prediction externality
Murray and Raj Truck + . .

(2020) multiple drones Static Launch/retrieval No No No
Gao et al. (2023) Truck + drones Static Joint schedule No No No
Gu et al. (2023)  Truck + drone Dynamic Time-related No No No

Xing et al. (2024) Truck + drone Uncertain Dynamic/reliable No No No
Cui et al. (2024)  Truck + drone Dynamic/random En-route No No No
Bietal (2024)  Truck + drone Dynamic learning Implicit No Learning No
Paul et al. (2025) Drone service Online demand Service planning No Datadriven No

Kong et al Autonomous
9 ’ vehicle + Static Multi-mode Yes No No
(2025a,b)
drones
Hasan et al. Mobile depots - )
(2026) + drones Predictive Day-ahead Yes Traffic No
This study Ropran * Dynamic Rolling rendezvous Yes Roadair Yes
multi-drone

SUREOHP '"HVFULSWLRQ DQG ODWKHPDWLFDO )RUPXODWLF
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We consider one RoboVan following a route with discrete mobile-depot opportunities and carrying a fleet K of

drones. A dynamic request is described by release time i, preferred latest service time i, payload gi, and

customer location. It can be served by the RoboVan or by a drone sortie defined by launch opportunity , customer

, recovery opportunity , and drone . The discrete opportunities represent locations where launch and recovery
can be performed safely. The RoboVan supplies shared launch, recovery, and charging capacity. Drone sorties
become coupled when they compete for the same resource interval or depend on the same future RoboVan timing.
Road travel is modified by a traffic multiplier. Aerial travel time and energy depend on wind and payload.

At epoch |, state contains the observed road and wind history, the RoboVan schedule, accepted tasks, drone
availability, resource occupancy, and pending requests. The benchmark uses sequential insertion. Once the mode,
drone, launch opportunity, and recovery opportunity of a request are accepted, they are not reassigned. Realized

event times still propagate through later state updates.



(a) Autonomous RoboVan—-multi-drone delivery (b) Event-driven synchronization chain
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) L J X US$ystem concept and information flow. (a) A RoboVan follows a moving-depot route and supports drone
sorties to customers. (b) Dynamic requests create an event-driven launch-service-rendezvous-charge chain. (c)
Multiple drones are coupled through launch, recovery, charging, and the RoboVan trajectory. (d) The scheduler
separates observed, frozen, and forecast portions of the rolling horizon.

7 D E ORlincipal notation used in the model.
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Customer/request indices -

Drone index -

Launch and recovery opportunity indices -
Decision epoch and forecast step -
Observed system state at epoch -

Tentative schedule at epoch -

i( ) Feasible candidate action set for request -
9 Ground travel time min
a Drone sortie time min
a Drone energy Wh
i, Payload and drone payload capacity kg
, Drone energy state and capacity Wh
dr Direct focal-order incremental cost cost unit
sys Marginal system cost cost unit
Synchronization externality cost unit
Predictive uncertainty risk cost unit
Candidate score cost unit
L R ¢ Launch/recovery/charging queue burden min or event-equivalent
m ss Missed-rendezvous indicator/probability -

Rolling horizon and freeze window min/steps



ia Binary selection of candidate a for request i at epoch t
i\ Deferral indicator for request i at epoch t
u Penalty weight for deferral cost unit
Resource-slot occupancy indicator and capacity for
v, d v od Van/drone arrival times, waiting times, and synchronization time min

Signed externality feature displacement and fitted feature weight varies

S3UHGLFWLYH 5RDG $LU 6WDWH 5HSUHVHQWDWLRQ

The road predictor maps a recent state history and static route features to a future travel-time estimate. In the
generalized notation, the predicted travel time on ground link , at horizon h is

S €
The benchmark uses a lightweight seasonal autoregressive predictor for the route-wide traffic multiplier.
Forecasting is used only to provide the state needed by the scheduler. For a drone sortie from launch opportunity

to customer and recovery opportunity , the air-state module collects predicted sortie time, energy, and their
uncertainty bands in the vector  and evaluates

e = C T ) )

For a drone sortie, predicted time and energy depend on launch, customer, and recovery distances, payload,
predicted wind, and available battery state. Prediction intervals are calibrated on training and validation data only.
Held-out test days are not used for parameter selection.

6\QFKURQL]DWLRQ ([WHUQDOLW\

The direct cost of candidate action a for focal request i captures the service consequences borne by that request
and its assigned vehicle. A compact representation is
"= T . ®)
Here is the focal timing burden. In the implementation it includes the direct completion-time increment
together with focal launch, recovery, charging, and rendezvous waiting. @ isaerial energy, late islateness, and
9 is the direct ground detour. These focal waiting effects are therefore already contained in dr and are
excluded from the synchronization externality. Let J over horizon H denote the predicted system cost of replaying
tentative schedule  under state . The marginal system cost of inserting candidate a is
PEC)="( )= ( ) 4
The counterfactual synchronization externality is the part of the marginal system cost that remains after the focal
order's direct cost is removed.
FCy= P(H- ©)
The externality depends on the current schedule. A positive value means that the candidate shifts cost to other jobs
or shared resources. A value near zero indicates little interaction. A negative value means that the insertion
improves downstream timing, for example by freeing a queue or aligning a later rendezvous. Direct cost plus
exact externality equals the replay-based marginal system cost. The methodological contribution lies in isolating
the nonfocal part, estimating it with a compact feature set, and updating candidate scores after the schedule
changes.
Exact counterfactual replay is kept as a diagnostic reference. Online P-SEAROS maps predicted shared-resource
displacement to the following feature-based externality estimate.

CL()= ) (6)



The five signed features measure changes in nonfocal launch, recovery, and charging queue burden, downstream
waiting and lateness, and missed-rendezvous risk. Nonnegative least squares fitted on validation scenarios gives
weights (0.686, 0.859, 0.289, 1.022, 9.572). The features themselves can be negative, so beneficial downstream
effects are retained without clipping. Prediction uncertainty is kept separate from the externality and enters
through the following risk term.

L= Lt oot s )
The risk term uses forecast-error bands for ground time, aerial time, and energy. The benchmark uses eight five-
minute forecast steps, giving a 5-40 min prediction window. The parameter  acts as a normalized scale factor.

=T ) ®)

Keeping direct cost, externality, and prediction risk separate also makes the ablation tests in Section 5.4 easier to
interpret. Figure 2 illustrates the limitation of direct-cost-based evaluation: candidates with identical focal direct
costs can induce substantially different downstream resource displacement and, consequently, different marginal
system costs.

(a) (b)
Candidate A: Drone 2 Candidate B: Drone 3
Direct cost =116.4 Direct cost = 116.4 ‘
Launch slot 24 . Recovery slot 26 Launch slot 24 . Recovery slot 26
Downstream resource displacement Externality reveals the hidden difference

s @Es - . EmG S5
o 1504
2 3001
i
]
g
T 1001 2
2 £ 200
w a
3 8
5] (5]
£ 504
5 40 100
]
=
>
8 J =

0 01 -
-10+ -2 -2.0 3.1
Launch Recovery Chargin® o ynstream iss risk Estimated Realized Marginal

queue externality externality system cast

) L J X UlHmitation of direct-cost-based evaluation. (a) Two candidates for the same request have identical direct
cost and the same launch/recovery opportunities, but their downstream queue and schedule displacement differ
strongly. (b) Estimated and realized externality reveal the hidden difference in marginal system cost; the
externality is schedule conditional and may be positive, zero, or negative.

6HTXHQWLDO 5RO0LQJ ,QVHUWLRQ 6FKHGXOLQJ )RUPXODWLRQ

For the pending request set , binary variable ia, selects candidate a from i for request , while
represents deferral when that option is enabled. Every request in the benchmark has a ground-service alternative,
so deferral does not create performance differences among the compared methods.

mn = > .+ > )
)
subject to one assignment or deferral per request,
Z . + o= 1, (10)
)
payload feasibility,
=, () (11)



and sortie-energy feasibility,

IN

safe (12)
with energy state updated by

13
= min{ , flyy + cth cyhg} ( )
Candidate sorties are limited to 22 km and must satisfy the energy constraint. Charging occupies a shared charger
until the assigned drone becomes available again. The shared launch, recovery, and charging capacities are time

indexed. For resource Vo

S s+ =, (..} (14)
)

The indicator y records whether a candidate occupies a given resource interval, while i records occupancy already
committed by frozen actions. The capacity relation is enforced for every resource-time slot  and for v
Van and drone arrival times at recovery opportunity r are linked by the following waiting relation.

L= = (15)
Soft customer time windows are represented by

> late >

> late > o (16)
The feasible candidate set is summarized as

( )={ is feasible at epoch } a7
which packages payload, sortie-length/endurance, route continuity, drone non-overlap, shared-resource capacity,
and rendezvous feasibility. In implementation, candidates are generated only from launch and recovery
opportunity pairs that satisfy these conditions, so infeasible actions never enter the scoring stage. Equations (9)-
(17) define the objective and feasibility structure. The benchmark does not solve them jointly as a monolithic MIP.

Algorithm 1 applies the same constraints to candidates generated and evaluated sequentially.

6ROXWLRQ OHWKRG

3 6($526 JUDPHZRUN

P-SEAROS is implemented as an event-driven rolling insertion heuristic. Here rolling refers to repeated state
refresh, forecast refresh, tentative-schedule propagation, and candidate rescoring at decision events; the
benchmark does not repeatedly solve a global receding-horizon optimization problem. At each decision epoch the
method updates the realized state, forecasts road and air conditions, generates feasible ground and drone
candidates, evaluates their direct cost, externality, and risk, and commits the lowest-score action. Previously
accepted discrete assignments remain fixed in the benchmark.

After an insertion is accepted, the remaining candidate scores are recalculated on the updated tentative schedule.
This prevents later decisions from relying on queue and rendezvous conditions that are no longer current.



(a) (b)

P-SEAROS online decision loop " Candidate launch-service-recovery triples
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) L J X URHSEAROS solution logic. (a) Online decision loop. (b) Candidate launch-service-recovery triples along

the mobile-depot route. (¢) Counterfactual replay measures downstream event displacement within horizon H. (d)
Generalized rolling-horizon concept shown for context. In the reported benchmark, accepted discrete assignments
remain fixed and only realized event times and candidate scores are updated.

&DQGLGDWH *HQHUDWLRQ DQG ([WHUQDOLW\ (YDOXDWLRQ

Each request receives one ground candidate. Drone candidates pair an available drone with one of the next two
feasible launch opportunities and a recovery two route slots later, subject to the 22 km sortie limit. The restricted
neighborhood keeps the comparison focused on scoring rather than search effort. Predicted replay evaluates the
focal timing and energy and then propagates resource occupancy through accepted jobs. Only changes affecting
nonfocal jobs enter the externality features. Waiting experienced by the focal request stays in direct cost. The
estimator is checked against two simple conditions. Externality should be close to zero when shared resources are
nonbinding. Negative values must also be possible when an insertion improves downstream alignment.

BHTXHQWLDO 2QOLQH ,QVHUWLRQ ZLWKLQ WKH 5ROOLQJ JUDPHZRUN

After a committed action is executed and new road, wind, request, or resource information is observed, the state
evolves according to Eq. (18), where the new observation term represents the realized exogenous information
available at the next decision epoch.
a= C, 0 41 (18)

A more general rolling implementation may reconsider actions outside a freeze window. Equation (19) defines
that generalized re-optimizable set. It is included to show the broader formulation and is not used to reopen
accepted discrete assignments in the reported benchmark.

free — ¢ start( )= + ) (19)
The benchmark uses event-driven sequential rolling insertion: each selected discrete action is committed, while
realized launch, recovery, charging, and RoboVan times are propagated into the next state. Thus, rolling refers to
repeated state and forecast refresh, tentative-schedule propagation, and candidate rescoring rather than repeated
global receding-horizon re-optimization.



=arg m(in ;o (), - (20)
The tentative schedule m is updated immediately before another pending request is evaluated. This is what makes
the score schedule conditional.

$ O JR UL WSERROS at one decision epoch.
The reported implementation uses the realized system state, the current tentative schedule, pending requests,
forecast models, and the look-ahead horizon. A finite freeze window belongs to the generalized rolling
formulation. Because accepted discrete assignments are fully committed in the benchmark, no separate
numerical freeze-window parameter is used in the reported experiments.

Input: realized state S, tentative schedule 1, pending requests, forecast models, look-ahead horizon
. Refresh RoboVan timing, drone availability, and launch/recovery/charging occupancy from realized events.
. Forecast road state, wind/air state, and error bands over
. Preserve previously committed assignments and initialize the current tentative schedule.
. Select the next pending request using release-time order.
. Generate feasible ground and drone launch-service-recovery candidates.
. For each candidate, compute focal direct cost dr.
. Replay the candidate on the current tentative schedule and compute externality features and risk.
.Evaluate = dr+ +
. Commit the minimum-score candidate, subject to feasibility.
10. Update m, resource occupancy, and drone availability.
11. Recompute candidate externalities for any remaining pending requests; do not reuse stale values.

© 00 N O O B~ W DN

12. Advance to the next event/decision epoch and repeat.
With M feasible candidates and He scheduled events in the replay horizon, one insertion requires O(MHe) event
updates in the straightforward implementation. At 120 requests, the observed 95th-percentile runtime is 14.1 ms
per order on one AMD EPYC 9V74 process. The measured cost is compatible with real-time use at the tested
scale.

&RPSXWDWLRQDO 5HVXOWY DQG 'LVFXVVLRQ
([SHULPHQWDO 'HVLJQ DQG 3DUDPHWHU 6HWWLQJV

The controlled benchmark covers a 10 km x 10 km region. The RoboVan follows a serpentine route with 48
nominal five-minute opportunities and carries four drones by default. One launch operation and one recovery
operation can be processed at a time, and two chargers are available. Customer locations are sampled uniformly.
Payloads range from 0.3 to 2.1 kg, request arrivals follow Beta(1.25,1.25) over 190 min, and preferred due-time
slack is 65-105 min. Ground service is modeled as an out-and-back detour from the nearest feasible backbone
opportunity at 25 km/h. A propagation coefficient of 0.06 transfers part of the local detour delay to later route
opportunities to represent route slack.

The simulator generates 180 sequential synthetic days. Days 1-110 are used only for road-air predictor fitting.
Days 111-145 are used for uncertainty-band calibration and fitting the externality estimator. All predictor and
externality coefficients are then frozen. Days 146-180 form a held-out pool of state trajectories. For each request
load, 20 distinct held-out state days are sampled without replacement and paired with 20 independently generated
request realizations. Every compared method receives exactly the same state-day/request pair within a seed. Loads
are analyzed separately; held-out state days may be reused across different load levels, so no cross-load
independence is assumed. This construction keeps model fitting, calibration, and scheduling evaluation separated



and makes the paired scheduling seed the inferential unit within each load. Drone speed is 58/(1 + 0.032 )
km/h and power is 205+ 28 +4 2 W with 0.8 min of service overhead. Launch and recovery take 0.5 and
0.7 min. Charging power is 300 W. The drone payload capacity is 2.5 kg and usable battery capacity is 400 Wh.
A rendezvous is counted as missed when RoboVan waiting exceeds 5 min. The online look-ahead uses a 40 min
road-air forecast window. After a sortie using E Wh, recharge time is E/5 min at 300 W.

The objective uses normalized decision weights rather than monetary prices. The compact direct-cost expression
in Eq. (3) is implemented with completion time weight 1.00 cost unit/min, aerial energy weight 0.045 cost
units/Wh, linear lateness weight 1.50 cost units/min, a small quadratic lateness term of 0.040 cost units/min2, and
direct ground-detour weight 1.00 cost unit/km. Focal launch/recovery waiting uses 1.00 cost unit/min, charging
wait 0.50 cost unit/min, RoboVan rendezvous wait 1.25 cost units/min, and a missed-rendezvous event carries 20
cost units. The predictive risk scale is = 1.00, with ground-time, aerial-time, and energy-band components
weighted 1.00, 1.00, and 0.045. All methods use the same objective, feasibility rules, and realized state streams.

7 D E OControlled synthetic benchmark and principal parameter settings.
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Service region
RoboVan route
Nominal route slot
Default drone fleet
Launch capacity
Recovery capacity
Chargers
Request load
Release horizon
Due-time slack
Payload
Max candidate sortie
Nominal drone speed
Power model
Launch/recovery service
Charging power

Missed-rendezvous threshold

Synthetic days

Primary cost-inference replications

Mechanism cost replications

Figure 7 replications
Forecast horizon
Aerial-energy weight
Ground-detour propagation
Candidate launch neighborhood

Recovery offset

10 x 10 km
48 opportunities
5 min
4
1 concurrent operation
1 concurrent operation
2
40-120
190 min
65-105 min
0.3-2.1 kg
22 km
58 km/h
205 + 28q + 4wz W
0.5/0.7 min
300 W per charger

5 min

180

20 paired seeds per load

20 paired seeds per load

3 paired seeds per cell
40 min
0.045 cost units/Wh
0.06

Next 2 feasible opportunities

+2 route slots

Synthetic square region
Serpentine mobile-depot route
Before traffic multiplier
Sensitivity: 2,4, 6
Shared
Sensitivity: 1-3
Sensitivity: 1-3
Core; 60/90/120 for regimes
Beta(1.25,1.25) timing
Uniform
Uniform
Total launch-customer-recovery distance
Reduced by wind
Synthetic physics-aware proxy
Resource occupancy
5 Wh/min equivalent
RoboVan wait
110 training / 35 validation-calibration / 35 held-out state
days

Primary RH-DC vs P-SEAROS inference; distinct held-out

state day per seed within load
P-RH, E-RH, P-SEAROS, and P-MC-RH at 80/100/120
requests

Descriptive operating-regime map only
8 five-minute prediction steps

Common normalized objective weight

Fraction of local detour delay propagated downstream
Fixed across compared methods

Fixed benchmark recovery rule
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Drone payload capacity 2.5kg Candidate feasibility limit
Usable drone battery capacity 400 Wh Full-charge energy proxy
Off-route RoboVan speed 25 km/h Ground detour travel

2 x Euclidean distance to nearest
Ground candidate detour Out-and-back ground-service construction
feasible backbone opportunity

Completion-time weight 1.00 cost unit/min Normalized focal timing weight
Linear lateness weight 1.50 cost units/min Normalized lateness penalty
Quadratic lateness weight 0.040 cost units/min? Convex lateness penalty
Direct ground-detour weight 1.00 cost unit/km Focal detour cost
Launch/recovery wait weight 1.00 cost unit/min Focal waiting
Charging-wait weight 0.50 cost unit/min Focal charging delay
RoboVan rendezvous-wait weight 1.25 cost units/min Carrier waiting
Missed-rendezvous penalty 20 cost units/event Applied above 5 min wait threshold
Uncertainty scale p 1.00 Normalized predictive-risk scale
Uncertainty component weights 1.00/1.00/0.045 Ground time / aerial time / energy band
Near-zero externality threshold |€] < 1 raw cost unit Used only for sign-share diagnostics

Secondary service/energy visualization; not used for cost
Figure 5 multimetric runs 8 matched runs

inference

%DVHOLQHY DQG (YDOXDWLRQ OHWULFV

All methods use the same candidate generator, realized state streams, event simulator, request order, and tie-
breaking rules. They differ only in candidate scoring. Holding the search space fixed isolates candidate valuation
rather than search effort. P-MC-RH is an implementable marginal-cost comparator. It uses the same predicted
state, candidate neighborhood, replay horizon, and uncertainty-risk term px as P-SEAROS, but replaces the
learned externality by the exact predicted marginal-system cost computed within the fixed candidate neighborhood
and replay model. The comparison therefore changes the externality approximation while holding state
information, risk treatment, and search space fixed. Table 4 summarizes the methods.

7 D E OSgheduling baselines and ablations.

OHWKR(( 6FRULQJ VWDWH VS BUHGLFW ([WHUQTCL 3XUSRVH
RV-only RoboVan ground service only No No Lower-complexity ground baseline
RH-DC Rolling direct-cost scheduling No No Primary baseline
P-RH Predictive direct cost + uncertainty risk Yes No Prediction/risk ablation
E-RH Persistence state + externality Persistence Yes Externality without predictive state
P-SEAROS Predictive state + externality + risk Yes Yes Proposed method
Realized future state + exact counterfactual Exact full-marginal-cost / clairvoyant
Oracle-RH Clairvoyant Exact
externality diagnostic
Exact predicted marginal-system cost Exact predicted
20-seed mechanism comparator
P-MC-RH  within fixed candidate neighborhood/replay Yes within fixed
isolating estimator approximation
model + same risk term px replay model

Oracle-RH uses realized future state and exact counterfactual externality under the same candidate neighborhood.
It is used as a clairvoyant diagnostic rather than a globally optimal lower bound.

The primary metric is normalized system cost per order. All high-load mechanism comparisons among RH-DC,
P-RH, E-RH, P-SEARQS, and P-MC-RH use the same 20 paired scheduling seeds at 80, 100, and 120 requests.



The same state-day/request realization is supplied to every method within each seed. Two-sided paired Wilcoxon
signed-rank tests are used for the primary RH-DC versus P-SEAROS comparison, with Holm correction across
the five load levels, and paired bootstrap 95% confidence intervals use 2000 resamples. Figure 5 retains an eight-
run multimetric visualization because it contains secondary service and energy metrics generated in the original
mechanism panel, but the cost-based mechanism conclusions are based on the 20-seed comparisons in Tables 6-
8. Candidate-level externality evaluations and held-out state days are diagnostic observations and are not counted
as additional scheduling replications. Figure 7 uses three paired replications per cell and is interpreted
descriptively rather than as a formal response surface.

5RDG $LU 6WDWH (VWLPDWLRQ 3HUIRUPDQFH

On held-out days, road-factor MAE and RMSE are 0.0386 and 0.0481. Wind MAE and RMSE are 0.550 and
0.700 m/s. Errors increase with forecast horizon, while intervals calibrated on the validation set remain close to
nominal coverage. The forecasting model is intentionally simple because its role is to provide state estimates and
uncertainty bands to the scheduler. The more relevant question for scheduling is whether these forecasts change
candidate rankings after the synchronization burden is included. Section 5.4 shows that the additional benefit of
prediction is smaller than the benefit of externality-aware scoring.
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) L J X U Held-out road-air prediction diagnostics. (a) Observed versus predicted traffic factor. (b) Road-state
MAE by forecast horizon. (c) Observed versus predicted sortie time. (d) Observed versus predicted drone energy.
(e) Empirical coverage of validation-calibrated uncertainty intervals. (f) Horizon-dependent 90% absolute-error
quantiles for road and wind states.

7 D E OHttld-out prediction and externality-estimation diagnostics.

A4XDQWLW\ 'LDIJQRVWLF 9D O XH
Road traffic factor MAE 0.0386
Road traffic factor RMSE 0.0481

Wind speed MAE 0.550 m/s
Wind speed RMSE 0.700 m/s

Synchronization externality

Synchronization externality

Raw-scale MAE

Spearman rank correlation

4.74 cost units

0.612



Realized externality Negative share 38.9%

Realized externality Positive share 50.7%
Externality evaluation sample Pooled candidate evaluations 3060
Synchronization externality Normalized MAE (20-unit fixed reference scale) 0.237 normalized units
Synchronization externality Spearman cluster-bootstrap 95% Cl [0.56, 0.66]
Realized externality Near-zero share (|§|<1) 10.4%
Candidate ranking Top-1 agreement 0.41
Candidate set Mean feasible candidates per decision 7.2 (median 7; IQR 6-8)

Policy-level gap to exact predicted scoring (20-
Candidate ranking 1.2-1.3% cost at 80-120 requests
seed check)

Candidate selection regret Median 0.42 cost units
Candidate selection regret Mean 1.28 cost units
Candidate selection regret 90th percentile 3.35 cost units
Candidate selection regret 95th percentile 5.80 cost units

6FKHGXOLQJ 3HUIRUPDQFH DQG OHFKDQLVP $EODWLRQ

The 20-seed cost analysis is summarized in Tables 6 and 7. At 40 and 60 requests, mean RH-DC versus P-
SEAROS cost reductions are 3.8% and 1.6%, with Holm-adjusted two-sided p-values of 0.36 and 0.47. These
low-load effects are small and statistically inconclusive. At 80, 100, and 120 requests, RH-DC mean cost/order is
112.74,139.12, and 195.10, while P-SEAROS reaches 93.35, 115.47, and 167.20. The paired reductions are 17.2%
(95% CI 12.0-22.3%), 17.0% (10.6-23.2%), and 14.3% (8.6-20.0%). The corresponding two-sided p-values are
<0.001, 0.001, and 0.002, with Holm-adjusted values <0.005, 0.004, and 0.006. These 20-seed results form the
statistical basis for the high-load cost claim. Figure 5 retains an eight-run multimetric visualization to show how
lateness, synchronization waiting, drone use, and computation move with load. It is not used for the main cost
inference. The cost-based mechanism analysis in Table 6 uses 20 paired seeds for every method at 80, 100, and
120 requests, which removes the previous mismatch between the primary performance sample and the mechanism
sample.

The 20-seed mechanism comparison supports the same ordering across the three high-load settings. P-RH
improves on RH-DC by only 2.4-2.7%, whereas E-RH reduces cost by 13.4-16.1% and remains within about 1.1-
1.3% of P-SEAROS. This indicates that the explicit externality term accounts for most of the improvement, while
road-air prediction provides a smaller increment once externality-aware scoring is present. P-MC-RH lowers cost
by a further 1.2-1.3% relative to P-SEAROS when the predicted marginal-system score is evaluated exactly within
the fixed replay model. At 100 requests, for example, mean costs are 139.12 for RH-DC, 135.75 for P-RH, 117.00
for E-RH, 115.47 for P-SEAROS, and 113.95 for P-MC-RH. The multimetric Figure 5 also shows the operational
trade-off: P-SEAROS can use more aerial energy and need not dominate every secondary metric. The exact
predicted score requires about 1.7-1.9 times the online computation of P-SEARQS in the tested implementation,
although both remain below 30 ms/order. The comparison therefore supports a lower-overhead approximation
rather than a feasibility distinction between the two methods.
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) L J X U Multimetric mechanism visualization from eight matched scheduling runs. (a) System cost per order.
(b) On-time service rate. (¢) RoboVan synchronization wait per order. (d) Missed rendezvous per order. (€) Drone
energy per order. (f) 95th-percentile online computation time per order. Cost-based mechanism conclusions are
evaluated with 20 paired seeds in Tables 6-8; this figure is retained to visualize secondary service and energy
behavior.

7 D E ORventy-seed mechanism cost comparison under the fixed candidate-generation rule.

Requests Method Mean cost/order Gain vs RH-DC
80 RH-DC 112.74 reference
80 P-RH 109.90 2.5%
80 E-RH 94.55 16.1%
80 P-SEAROS 93.35 17.2%
80 P-MC-RH 92.15 18.3%
100 RH-DC 139.12 reference
100 P-RH 135.75 2.4%
100 E-RH 117.00 15.9%
100 P-SEAROS 115.47 17.0%
100 P-MC-RH 113.95 18.1%
120 RH-DC 195.10 reference
120 P-RH 189.80 2.7%
120 E-RH 169.00 13.4%
120 P-SEAROS 167.20 14.3%
120 P-MC-RH 165.15 15.4%

7 D E ORimary 20-seed paired cost analysis for RH-DC versus P-SEAROS.

Req. RH-DC mean P-SEAROS mean Paired diff. Gain % [95% CI] Two-sided p Holm p
40 46.25 44.49 1.76 3.8% F2.1, 9.5] 0.18 0.36
60 72.35 71.19 1.16 1.6% 3.4, 6.4] 0.47 0.47
80 112.74 93.35 19.39 17.2% [12.0, 22.3] <0.001 <0.005
100 139.12 115.47 23.65 17.0% [10.6, 23.2] 0.001 0.004
120 195.10 167.20 27.90 14.3% [8.6, 20.0] 0.002 0.006




7 D E ORMventy-seed exact-predicted marginal-cost mechanism comparison.

Requests P-SEAROS P-MC-RH cost/order Relative difference p95 runtime P / P-MC (ms)
cost/order
80 93.35 92.15 1.3% lower 749/128
100 115.47 113.95 1.3% lower 11.09/18.6
120 167.20 165.15 1.2% lower 14.11/26.9

P-MC-RH uses the same uncertainty-risk term as P-SEAROS. Its only scoring difference is replacement of the
learned externality by the exact predicted marginal-system cost within the fixed candidate neighborhood and
replay model. Across 20 paired seeds, P-MC-RH lowers mean cost by only 1.2-1.3% relative to P-SEAROS at
80-120 requests. Its p95 runtime is about 1.7-1.9 times higher, but both methods remain below 30 ms/order at the
tested scale. The practical interpretation is therefore reduced online overhead from the estimator, not a claim that
exact predicted scoring is computationally infeasible.

For held-out diagnostics, realized externality is obtained by replaying the same tentative schedule with and without
the focal candidate under the same realized road/wind path, then subtracting focal direct cost. Across 3060
candidate evaluations, the estimated and realized externalities have a Spearman correlation of 0.612 with a seed-
cluster bootstrap 95% CI of [0.56, 0.66]. The raw-scale MAE is 4.74 cost units. For dimensionless reporting,
externality errors are also divided by a fixed 20-cost-unit reference scale, giving a normalized MAE of 0.237. The
reference scale was fixed before held-out evaluation and equals one missed-rendezvous event penalty in the
benchmark objective; it was not selected from the test errors. Realized externalities are classified as positive when
&>1, negative when &<-1, and near zero when |&|<1 raw cost unit, giving shares of 50.7%, 38.9%, and 10.4%.
Ranking correlation increases from about 0.55 in the lowest contention quartile to 0.68 in the highest, while top-
three agreement rises from 0.46 to 0.54. Across all candidate sets, top-1 agreement is 0.41 and the mean feasible
set size is 7.2 candidates (median 7, IQR 6-8).

The estimator is used mainly to order competing candidates, so rank agreement is more informative than raw
regression error alone. Top-1 agreement is 0.41 with a mean feasible set size of 7.2. To quantify the cost of ranking
disagreements directly, candidate-level selection regret is defined as the exact predicted marginal score of the
action selected by P-SEARQOS minus the minimum exact predicted marginal score available in the same candidate
set. Across held-out decisions, median regret is 0.42 cost units, mean regret is 1.28, the 90th percentile is 3.35,
and the 95th percentile is 5.80 cost units. Thus, exact and estimated scoring often choose different nominal top-
ranked actions, but most mismatches occur among candidates with similar predicted system cost. This is consistent
with the 20-seed policy comparison, in which P-MC-RH improves total cost by only about 1.2-1.3%. Figure 2
provides an illustrative mechanism example rather than a typical absolute-error case. Candidate A has estimated
and realized externalities of 190.1 and 230.0 raw cost units, whereas Candidate B has —2.0 and -3.1. Candidate A
has estimated and realized externalities of 190.1 and 230.0 raw cost units, whereas Candidate B has -2.0 and -3.1.
Figure 6(b) displays a fixed random sample of 400 of the 3060 held-out candidate evaluations for visual clarity;
all numerical statistics are computed on the full set.
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(d) Mean absolute contribution of externality components. (e) Representative event/queue comparison. (f)
Ablation of prediction and externality mechanisms.
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Figure 7 provides a descriptive view of how the gain changes with the degree and location of coupling. Each heat-
map cell contains only three paired replications, so the panels are not used for formal inference. The sampled cells
suggest larger benefits when the scheduler retains meaningful alternatives while shared recovery, charging, and
rendezvous resources are under noticeable pressure. A separate neighborhood-sensitivity test at 100 requests uses
the same 20 paired seeds and broadens the online candidate set while keeping the scoring rule unchanged. Launch
depth is varied from the next two to the next four feasible opportunities and recovery offset from +2 to +3 route
slots. Table 9 shows that mean cost falls from 115.47 under the baseline (2, +2) neighborhood to 112.95 under (3,
+3), a reduction of about 2.2%, while p95 runtime rises by about 33%. Within this tested range, the pattern
suggests diminishing returns from a broader neighborhood.

7 D E OCG4ndidate-neighborhood sensitivity at 100 requests (20 paired seeds).

Launch depth Recovery offset Mean cost/order 95% bootstrap CI p95 runtime (ms/order)
2 +2 115.47 [106.0, 125.1] 11.09
3 +2 113.90 [104.4, 123.3] 13.20
4 +2 113.30 [103.9, 122.8] 15.60
2 +3 114.65 [105.2, 124.2] 12.70
3 +3 112.95 [103.5, 122.3] 14.80

Objective-weight sensitivity was evaluated at 100 requests using the same 20 paired seeds. For each sensitivity
setting, both RH-DC and P-SEAROS were re-optimized under the modified objective rather than re-scored after
the fact. Four influential weights were varied to one-half and twice their baseline values.



7 D E O KDbjective-weight sensitivity at 100 requests (20 paired seeds).

Weight varied Low setting  Base setting High setting P-SEAROS gain vs RH-DC (low / base / high)
Aerial energy 0.0225 0.045 0.090 18.4%/17.0% / 14.9%
Linear lateness 0.75 1.50 3.00 13.8%/17.0% / 20.1%
RoboVan rendezvous wai 0.625 1.25 2.50 15.2%/17.0% / 18.9%
Missedrendezvous 10 20 40 15.7% / 17.0% / 18.5%
penalty

The advantage remains positive across all tested low/base/high settings. Higher lateness and synchronization
penalties increase the value of avoiding downstream delay, whereas a higher energy weight reduces the gain
because P-SEAROS uses drones more aggressively. The result indicates that the observed cost reduction is not
tied to a single objective calibration, although the tested ranges are still synthetic decision weights rather than
carrier-specific economic estimates.

(a) ()

Demand x drone fleet

Drone fleet = recovery capacity

Demand x charging capacity

315 315 315
1201 20 20 1201 20
2 2 g
i 10 e 10 = ” 10 g
S w o 2 0 g 290 C
@ [ & o &
= < < [ <
i} ] i
w Y o
o a a
40 2 88 10.1 8.0 60
6 -6 -6
1 2 3
Drones Recovery slots Chargers
i - (e) - (f) ) ) ;
Traffic x wind variability S Incremental value of prediction i3 Baseline contention x gain
’ 0 ¢ 1 s Targeted cells
20 14 0.1 18 0.0 4 o5 %o -=== OLStrend
g 2z g8 B =
10 = = 2z c ul .
£ =} = 20 . ——-
% = o > 8 Cu A e
0 v 510 .2 0 5 w P i
g 3 R
4 £ =4 o
o ] £ L LIPS N E
E £ 3 2 04 L et
0.7 1.3 1.2 27 >
10
.
& -0.8
10 0.7 10 14 025 0.50 0.75 1.00 1.25
Wind variability Wind variability Baseline contention index (wait/order)

) L J X U Bperating regimes. (a) Demand versus drone-fleet size. (b) Drone fleet versus recovery capacity. (c)
Demand versus charging capacity. (d) Traffic versus wind variability. (¢) Incremental value of prediction when
externality-aware scoring is retained. (f) Relationship between baseline contention and P-SEARQOS gain. Heat-
map values are descriptive means over three targeted paired replications per cell.

One targeted case with 120 requests, six drones, one recovery slot, and two chargers gives a mean gain of -6.0%.
This three-replication cell suggests that a tight structural recovery bottleneck can overwhelm a local scoring
advantage, but it is not used for formal inference. Across the sampled traffic-wind variability cells, the full P-
SEAROS gain is generally positive, while the incremental value of prediction conditional on externality
descriptively ranges from about -1% to 6%. The p95 runtime of P-SEAROS is 7.49, 11.09, and 14.11 ms per order
at 80, 100, and 120 requests. These timings describe the tested implementation and are not treated as a large-scale

complexity study.
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) L J X U Median-gain representative controlled synthetic test scenario. The run was selected as the default-
configuration 90-request case whose paired cost improvement was closest to the median of the three matched runs
in that regime cell. (a) Realized RH-DC service plan. (b) Realized P-SEARQOS service plan. (c) P-SEAROS drone
schedule. (d) Shared-resource event pressure. () Recharge/SOC proxy for the most-used drone. (f) Representative
scenario outcomes relative to RH-DC. The scenario is illustrative and is not presented as field data.

Figure 8 uses a pre-specified median-gain selection rule rather than an extreme-case choice. Within the default-
configuration 90-request operating-regime cell, the plotted run is the one whose paired cost improvement is closest
to the median of the three matched runs in that cell. In this run, P-SEAROS lowers cost per order from 130.23 to
80.68, raises the on-time rate from 45.6% to 70.0%, and reduces mean lateness from 20.20 to 6.26 min.
Synchronization waiting falls from 21.45 to 10.19 min. Aerial energy rises from 477 to 1961 Wh, showing the
trade-off between additional drone use and reduced service delay. The SOC panel represents recharge availability
rather than an electrochemical battery model.

&RQFOXVLRQV

This study develops an event-driven rolling insertion method for a RoboVan carrying several delivery drones. The
method explicitly accounts for the part of a candidate assignment's marginal cost transferred to other jobs through
shared launch, recovery, charging, and rendezvous resources. On held-out data, the externality estimator achieves
a Spearman correlation of 0.612 and a raw MAE of 4.74 cost units. Across 20 paired scheduling seeds, P-SEAROS
reduces mean cost by 17.2%, 17.0%, and 14.3% at 80, 100, and 120 requests, with Holm-adjusted two-sided p-
values below 0.01. The same 20-seed mechanism comparison shows that P-RH yields only 2.4-2.7% gains over
RH-DC, whereas E-RH remains within about 1.1-1.3% of P-SEARQOS, supporting externality-aware scoring as
the main contributor and prediction as a smaller refinement. Exact predicted marginal scoring within the fixed
candidate neighborhood and replay model improves cost by only 1.2-1.3% relative to P-SEAROS and requires
about 1.7-1.9 times the online computation, although both remain below 30 ms/order. Candidate-level selection
regret is small despite a top-1 agreement of 0.41, with median and 95th-percentile regrets of 0.42 and 5.80 cost
units. Objective-weight sensitivity at 100 requests preserves a positive P-SEARQOS advantage under low and high
settings for energy, lateness, rendezvous waiting, and missed-rendezvous penalties. Figure 7 remains descriptive
because each regime cell uses three paired replications. The evidence is entirely synthetic and does not include a
public road-network, digital-twin, or field deployment case, so external validity remains an important next step.



These results support synchronization externality as a useful online decision signal rather than a universal
dominance claim.
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