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Abstract: Dynamic routing is operationally fragile when autonomous electric vehicles differ in capacity and 
energy use, traffic changes mid-arc, and charging delays redispatch. We formulate a bi-objective problem 
minimizing operating cost and customer response without time windows. The model combines FIFO-con-
sistent piecewise traffic, load- and speed-sensitive energy, autonomy auxiliary power, SOC reserve, charg-
ing loss and duration, and three vehicle classes. Real-world light-duty data and VECTO heavy-duty simu-
lations calibrate four speeds (18.12–40.60 km/h) and three energy intensities (0.146–1.365 kWh/km). We in-
troduce causal charge-aware regret insertion with exchange (CCARI-EX), combining adaptive batching, het-
erogeneous insertion, relocation, and cross-class exchange. A route-set mixed-integer model proves sup-
ported optima for 63 scalarized solves over 21 dispatch epochs. A frozen-seed holdout contains 480 request 
streams and 4,800 policy executions across four sizes, four release processes, and 30 seeds per cell. An inde-
pendently implemented validator recorded no rejected dispatch. CCARI-EX (0.75) averaged USD 405.18 and 
88.96 min response, improving cost-greedy by USD 6.53 and 4.71 min (paired Holm-adjusted p < .001); it 
was nondominated in 69.0% of streams. The exact formulation validation confirmed consistency between 
the route-set model and heuristic evaluation on tractable dispatch epochs. A 12-run SUMO transfer repro-
duced ordered traffic regimes but exposed severe congestion censoring. The results support charging-con-
tinuous replanning while delimiting what aggregate traffic calibration can establish. 

Keywords: Autonomous electric vehicles; Dynamic vehicle routing; Heterogeneous fleet; Time-dependent 
network; Battery charging; Bi-objective optimization. 
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1. Introduction 
Electric-vehicle routing has moved from a range-con-

strained variant of vehicle routing to a family of network 
problems involving nonlinear charging, station capacity, 
mixed fleets, uncertain demand, and time-varying travel. 
Recent reviews place this development within a broader 

shift from static route construction toward decisions that 
interact with operational state [1]. Autonomous operation 
adds another layer. A routing platform may dispatch with-
out an onboard driver, yet the vehicle still has a payload 
limit, a traction battery, computing and sensing loads, 
charging downtime, and potentially remote supervision. 
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Calling a vehicle “autonomous” does not remove those 
physical resources. Conversely, routing evidence does not 
validate perception, control, or safety [2], [3]. This study 
therefore concerns autonomous electric vehicle (AEV) fleet 
dispatch, not autonomous-driving performance. 

Three modeling shortcuts can make dynamic AEV re-
sults look more decisive than they are. First, applying the 
speed observed at departure to an entire arc can violate 
first-in–first-out (FIFO) behavior when a traffic state 
changes mid-arc. A later departure can then appear to ar-
rive earlier merely because it is assigned the next state’s 
speed. Time-dependent dispatch models have long recog-
nized the need for FIFO-compatible travel [3], and recent 
time-dependent electric-routing work reinforces its im-
portance [4]. Second, restoring the battery instantaneously 
when a vehicle returns to the depot breaks continuity be-
tween trips. It omits grid losses, charging time, and the op-
portunity cost of an unavailable vehicle. Third, an exact 
solution to a small, fully known batch is sometimes pre-
sented as validation of an online policy that faces un-
known future requests and may make several trips. Those 
are different information structures and feasible regions 
[5], [6]. 

The present work rebuilds the study around these 
distinctions. Customers have release times, but no due 
dates or service windows. Release time is retained only be-
cause an online algorithm must not act before a request ex-
ists, and because response is measured from release to ser-
vice. The two objectives are operating cost and response 
time. A positive periodic speed field is integrated over 
every traversed arc, yielding a FIFO arrival map. Energy 
depends on distance, traffic speed, current payload, and 
auxiliary power. Every trip begins with the vehicle’s car-
ried state of charge (SOC), respects a 10% reserve, returns 
to the depot, and blocks the vehicle while grid energy re-
stores a 90% dispatch target [7], [8]. 

The empirical layer is deliberately traceable. Traffic 
regimes come from the Joint Research Centre (JRC) Dar-
win real-world battery-electric-vehicle [9]. Small-vehicle 
energy comes from the Vehicle Energy Dataset (VED), 
whereas medium/large reference configurations come 
from JRC’s 2026 heavy-duty VECTO sensitivity simula-
tions. Customer geography and demand patterns are de-
rived under license from the public EVRPTW archive, 
while its customer time windows are intentionally not 
used. The resulting classes are calibrated composites ra-
ther than claims about three commercially available auton-
omous models [9], [10]. 

The algorithmic contribution is causal charge-aware 
regret insertion with exchange (CCARI-EX). It combines a 
rate-sensitive batching rule, a normalized cost–response 
insertion score, payload-fit and energy-pressure terms, 
and two deterministic improvement neighborhoods. The 
exact comparison is a route-set set-partitioning model for 

a single dispatch epoch. It enumerates every feasible or-
dered route for each available vehicle, then solves a binary 
master problem to zero reported MIP gap. The online 
study is separate: 480 frozen-seed holdout streams are pro-
cessed causally by ten policies and ablations. Paired infer-
ence uses the same request stream for every method [11]. 

This design makes four contributions. First, it sup-
plies a mathematically FIFO, charging-continuous hetero-
geneous AEV network model without customer deadlines. 
Second, it introduces CCARI-EX and documents the exact 
score, batching, and exchange mechanisms needed to re-
produce it. Third, it aligns the exact oracle with the deci-
sion epoch it actually benchmarks and verifies online dis-
patches with a separately coded state-transition evaluator. 
Fourth, it combines traceable public-data calibration, 4,800 
holdout executions, ablations, paired statistics, and a mi-
croscopic SUMO transfer. The main result is positive but 
bounded: CCARI-EX(0.75) improves both mean cost and 
mean response over the strongest simple insertion base-
lines, while a response-heavy setting is dominated and 
two component ablations are not statistically distinguish-
able from the balanced policy. 
 
2. Related Research and Gap 
2.1. Electric Routing and Heterogeneous Resources 

The green vehicle-routing problem established refu-
eling-aware routing as a distinct optimization problem 
[12]. The electric vehicle-routing problem with time win-
dows subsequently linked route feasibility to charging lo-
cations and battery state [13]. Exact algorithms, including 
branch-price-and-cut variants, have progressively repre-
sented partial recharge, piecewise-linear or nonlinear 
charging, capacitated stations, and heterogeneous charg-
ing technologies [14]. Broadened the charging decision to 
public infrastructure, whereas demonstrated the value of 
partial recharge. Showed that a nonlinear charging func-
tion can materially change routes and schedules, and com-
pare alternative mathematical descriptions of the charging 
process [15]. 

Fleet heterogeneity is not cosmetic. Capacity, fixed 
cost, energy use, and attainable range determine which 
class should serve a request and how much consolidation 
is economical. The broader heterogeneous-VRP literature 
emphasizes that fleet composition and routing must be de-
cided jointly. Electric extensions include mixed conven-
tional/electric fleets, electric fleet size and mix, energy-ef-
ficient mixed fleets, and nonlinear heterogeneous-fleet 
charging [16]. Further integrate heterogeneous charging 
stations, nonlinear charging, and time-of-use pricing. 
These studies justify explicit class resources, but they do 
not imply that arbitrary battery and motor figures are em-
pirically supported. Our reconstruction therefore pre-
serves source-level provenance for each class parameter 
[17], [18]. 
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Energy is more than distance multiplied by a con-
stant. Physical and data-driven work relates consumption 
to speed, acceleration, grade, auxiliary demand, and load-
ing. Embed energy estimation in electric routing, and inte-
grate a realistic consumption model into a matheuristic. 
Load-dependent routing likewise changes the value of 
customer order. Refrigeration provides a parallel example 
of time-varying auxiliary energy. We use a deliberately 
parsimonious load multiplier and a speed factor, because 
the public sources support class-level energy intensity but 
not link-specific mass, grade, wind, HVAC, sensor work-
load, and temperature for the same vehicles [19]. 
 
2.2. Dynamic Information, Autonomy, and Traffic 

Dynamic routing differs from a static problem solved 
repeatedly. A causal policy must decide with the request 
set and vehicle states known at the decision time, while 
later requests remain unavailable. Reviews distinguish de-
grees of dynamism, stochastic knowledge, and replan-
ning. Large-scale dynamic routing with stochastic re-
quests now uses increasingly sophisticated search and 
learning. For electric fleets, safe reinforcement learning, 
memetic approaches with new arrivals and mid-route re-
charge, and dynamic benchmark generators show the 
range of possible methods [20]. 

Autonomous routing has also been studied in real-
time ride sharing. That literature motivates fast replan-
ning, but autonomy should be represented only where ev-
idence allows. In the present model it affects auxiliary elec-
trical load and supervision cost. We do not assert that a 
particular automated-driving stack consumes exactly 1–2 
kW or that remote supervision costs USD 5/h; those are 
transparent scenario inputs. No sensor failure, disengage-
ment, passenger safety, or mixed-autonomy interaction is 
simulated [21]. 

Traffic affects both time and energy. A time-depend-
ent arc evaluated only at departure can produce non-FIFO 
artifacts at state boundaries, while a fully integrated tra-
versal remains ordered. Develop an exact algorithm for a 
time-dependent electric-routing problem, and jointly con-
sider traffic conditions and real-time loads. Our gap is nar-
rower but operationally important: few online heterogene-
ous AEV studies combine integrated FIFO traversal, con-
tinuous depot charging between trips, an independent val-
idator, an aligned exact epoch oracle, and multi-seed 
causal evaluation. SUMO provides a reproducible micro-
scopic environment for testing whether an aggregate 
speed abstraction transfers to signalized traffic [22]. 
 
3. Problem Definition 

Let 𝐺 = (𝑁, 𝐴) be a complete directed service graph 
induced by depot 0 and customers 𝑅. Customer 𝑖 has po-
sition (𝑥! , 𝑦!), demand 𝑑!, release 𝑎!, and service duration 
𝑠!. There is no due date and no customer time window. At 
decision time 𝑡, only 𝑅(𝑡) = {𝑖: 𝑎! ≤ 𝑡, 𝑖 unserved} is ob-

servable. A heterogeneous fleet 𝐾 contains multiple vehi-
cles from class ℎ ∈ 𝐻 = {𝑆,𝑀, 𝐿}. Class ℎ has payload ca-
pacity 𝑄", battery capacity 𝐵", base energy intensity 𝜖", au-
tonomy auxiliary power 𝑝"#$%, charger power 𝑃", fixed trip 
cost 𝐹", and distance cost 𝑐"&. Rated motor power is re-
ported as a class descriptor but is not an additional energy 
or cost term; introducing such a term would double count 
the effect already represented by class-specific 𝜖" and 𝑐"&. 

Traffic is a positive periodic step function 𝑣(𝑡) > 0 
with four 60-min regimes in the repeated order smooth, 
busy, congested, and normal. An arc can cross more than 
one regime. For a vehicle departing 𝑖 at 𝑡, the arrival 𝐴!'(𝑡) 
is the unique solution of: 
 

𝐷!' =
1
60H 𝑣

(!"(*)

*
(𝑢) 𝑑𝑢,  𝑇!'(𝑡) = 𝐴!'(𝑡) − 𝑡 (1) 

 
Because 𝑣(𝑢) > 0, implicit differentiation gives 

𝐴′!'(𝑡) = 𝑣(𝑡)/𝑣 P𝐴!'(𝑡)Q > 0 wherever the derivative ex-
ists. The arrival map is therefore nondecreasing, including 
by continuity at state boundaries; FIFO holds. The imple-
mentation consumes the remaining arc distance state by 
state rather than numerically approximating the integral. 
For each traversal segment 𝑔 with distance 𝐷!',, duration 
𝑇!',, traffic speed 𝑣,, and carried load 𝑞, battery energy is: 
 

𝐸!"#(𝑡, 𝑞) =( )𝜖#𝐷!"$  𝑚.𝑣$0 11 + 𝛽
𝑞
𝑄#
6 + 𝑝#%&'

𝑇!"$
60 ;

$

 (2) 

 
where 𝛽 = 0.25 and 
 

𝑚(𝑣) = 1 + 0.15max ]0,
32.502
𝑣 − 1_

+ 0.03max P0,
𝑣

32.502 − 1Q 
(3) 

 
Equation (3) is a disclosed scenario response centered 

on the Darwin median, not a fitted causal energy law. 
Equation (2) separates its effect from the measured class 
intensity 𝜖". 

A route 𝑟 = (0, 𝑖-, … , 𝑖., 0) assigned to vehicle 𝑘 be-
gins with carried payload 𝑞/ and the vehicle’s current SOC 
𝑏/. With 𝑖/ = 𝑖.0- = 0, it must satisfy: 
 

𝑞/ =d𝑑!#

.

$1-

≤ 𝑄"(2), 𝑞ℓ0- = 𝑞ℓ − 𝑑!ℓ%& , 𝑏ℓ0-

= 𝑏ℓ − 𝐸!ℓ!ℓ%&
"(2) (𝑡ℓ, 𝑞ℓ), 𝑏ℓ

≥ 0.10𝐵"(2) 

(4) 

 
Vehicles initially and after charging target 0.90𝐵". If 

a route returns with 𝑏45*, the energy drawn from the grid 
and charging time are: 
 

𝐺( =
max@0,0.90𝐵#(() − 𝑏+,-F

𝜂 , 𝜒( = 60
𝐺(
𝑃#(()

, 𝜂 = 0.92 (5) 



Bashir et al., Dynamic Dispatch of Heterogeneous Autonomous Electric Fleets under First-In–First-Out Traffic and Charging Constraints 
   

 
Scientific Journal of Engineering Research 2026, 2, 4 https://journal.futuristech.co.id/index.php/sjer 

488 

The vehicle cannot depart again before 𝑡45* + 𝜒2. This 
state transition removes the instantaneous-reset assump-
tion. Route operating cost is: 
 

𝐶4 = 𝐹" + 𝑐"&𝐷4 + 𝑐5𝐺4 + 𝑐6
𝑡445* − 𝑡4

&57

60  (6) 

 
with electricity rate 𝑐5 = 0.18 USD/kWh and supervision 
rate 𝑐6 = 5 USD/h. Response for customer 𝑖 is 𝑅! =
𝑡!6548!95 − 𝑎!. The two reported objectives are total 𝐶 = ∑4
𝐶4 and mean 𝑅‾ = |𝑅|:-∑ 𝑅!! . A policy may use a scalar 
weight 𝑤 internally, but both outcomes are always re-
tained. 
 
4. Exact Dispatch-Epoch Model 

The exact model benchmarks one decision epoch in 
which all 𝑛 ≤ 8 requests and three available vehicles (one 
per class) are known, all depart at time zero, and each per-
forms at most one depot-to-depot route. This is the same 
feasible set used for the heuristic epoch comparison. It is 
not an oracle for unknown future requests or repeated 
trips. The 21 sampled epochs are each solved at three ob-
jective weights, yielding 63 scalarized mixed-integer 
solves rather than 63 distinct request instances. 

For vehicle 𝑘, enumerate the set 𝛺2 of all feasible or-
dered routes under Equations (1)–(4), including an empty 
route. Let 𝑎!4 = 1 if route 𝑟 serves 𝑖, 𝐶4 be Equation (6), and 
𝑆4 = ∑ 𝑅!!∈4 . Binary 𝑥4 selects a route. With cost scale 𝐶/ =
100 and time scale 𝑅/ = 100, the supported-solution mas-
ter problem is: 
 

min
%
 𝑤d d

𝐶4
𝐶/

4∈<'2∈=

𝑥4 + (1 − 𝑤)d d
𝑆4
𝑛𝑅/

4∈<'2∈=

𝑥4 (7) 

 
subject to: 
 

! ! 𝑎!+
+∈/!(∈0

𝑥+ = 1 ∀𝑖, ! 𝑥+
+∈/!

= 1 ∀𝑘, 𝑥+ ∈ {0,1} (8) 

 
Route enumeration is exact for the stated epoch 

model. SciPy 1.17 interfaces with the HiGHS mixed-inte-
ger solver using a requested relative MIP gap of zero and 
a 300-s time limit. Exact solves were configured with a zero 
requested relative MIP gap and a fixed time limit. The ex-
act model is used only to validate formulation consistency 
on tractable epochs. The mean master contained 3,581, 
22,343, and 149,237 route options for 𝑛 = 6,7,8, respec-
tively; mean total solve times, including enumeration, 
were 0.066, 0.443, and 3.321 s. 
 
5. CCARI-EX online Replanning 

CCARI-EX acts only on released, unserved customers 
and currently available vehicles. It does not reroute vehi-
cles already executing a trip. At an event, it first selects a 
batch waiting threshold. The balanced policy waits 4 min 

when at least ten requests are pending or eight arrived in 
the preceding 15 min, 6 min for moderate pressure, and 10 
min otherwise. The cost-priority setting 𝑤 = 0.75 multi-
plies these thresholds by 1.5; the nominal response-prior-
ity setting 𝑤 = 0.25 dispatches immediately. Fixed base-
lines wait 8 min. These rules are frozen before the holdout 
seeds are generated. 

The parameter 𝑤 controls the relative emphasis as-
signed to operating cost and customer response in the in-
sertion objective. In the primary operational configura-
tions, however, changes in 𝑤are accompanied by changes 
in batching behavior. Consequently, comparisons among 
these configurations represent joint policy sensitivity ra-
ther than the isolated effect of objective weighting. A con-
trolled objective-weight sensitivity analysis therefore 
holds the batching rule and all remaining algorithmic pa-
rameters fixed while varying only 𝑤. 

For every unassigned customer, vehicle, and inser-
tion position, the algorithm independently evaluates the 
resulting complete route. Infeasible payload or SOC can-
didates are removed. Let 𝛥𝐶 and 𝛥𝑆 be marginal route cost 
and response sum; 𝐿 the new route load; and 𝐸 its battery 
energy. The insertion score is: 
 

𝜙 = 𝑤
𝛥𝐶
20 +

(1 − 𝑤)
𝛥𝑆
100 + 0.07]1 −

𝐿
𝑄"
_

+ 0.05
𝐸

𝑏 − 0.10𝐵"
 

(9) 

 

The first two terms express the cost–response prefer-
ence. The third discourages assigning a lightly loaded re-
quest to a needlessly large vehicle. The fourth penalizes 
depletion pressure relative to usable SOC. For customer 𝑖, 
let 𝜙!

(-) and 𝜙!
(>) be its best and second-best scores. CCARI-

EX selects the customer minimizing: 
 

𝜙!
(-) − 0.10minw𝜙!

(>) − 𝜙!
(-), 1x − 0.0025(𝑡 − 𝑎!) (10) 

 

then commits its best insertion. The bounded regret credit 
protects customers with few good alternatives, while wait-
ing pressure prevents starvation. Deterministic indices 
break ties. 

After construction, at most five best-improvement 
passes are made. The relocate neighborhood moves one 
customer to any position in any vehicle route, including 
within-route reordering. The exchange neighborhood 
swaps one customer between two vehicle routes. Each can-
didate is reevaluated through the same FIFO and energy 
functions; only a feasible strict improvement in the nor-
malized objective is accepted. Cross-class exchange is im-
portant because payload restrictions can trap relocation 
alone in an expensive assignment [23]. 

The comparison policies share the same event loop 
and independent executor: FIFO ordering, nearest inser-
tion,   cost-greedy   insertion,  and  classical  cost   regret-2. 
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Figure 1. Public-data traffic calibration and heterogeneous AEV reference parameters. Payload and charger assumptions remain sce-
nario inputs. 
 
Table 1. Heterogeneous AEV Parameters. 

Class 
Payload 
(kg) 

Battery 
(kWh) 

Motor 
(kW) 

Base energy 
(kWh/km) 

Aux. 
(kW) 

Charger 
(kW) 

Fixed 
(USD/trip) 

Distance 
(USD/km) 

Small 800 24 80 0.146313 1.0 50 2 0.05 
Medium 4,400 480 480 0.916893 1.5 150 7 0.12 
Large 12,900 700 600 1.365149 2.0 350 12 0.18 

 
Algorithm 1. CCARI-EX at Decision Time 𝑡. 
1. Add requests with 𝑎! ≤ 𝑡 to the pending set; identify vehicles 

with availability time no later than 𝑡. 
2. If the causal batching threshold has not elapsed, advance to the 

next release, vehicle availability, or threshold event. 
3. Initialize one empty route per available vehicle. 
4. Enumerate feasible request–vehicle–position insertions using 

Equations (1)–(6). 
5. Select and insert a request using Equations (9)–(10); repeat until 

no feasible insertion remains. 
6. Apply up to five best-improving relocate or cross-vehicle ex-

change moves. 
7. Dispatch every nonempty route. A separately implemented vali-

dator recomputes FIFO traversal, service, energy, cost, reserve 
SOC, return, grid charge, and next availability without calling 
the planner’s route-evaluation function. 

8. Repeat until no released or future request remains. 

 
The complete event-driven CCARI-EX procedure at each 
decision time is summarized in Algorithm 1. Three abla-
tions remove planning-time traffic variation, payload-
fit/energy-pressure terms, or batching. In the traffic abla-
tion, routes are planned at the median 32.502 km/h but ex-
ecuted under the true regime process; thus the ablation 
does not receive an easier validator. 
 
6. Data and Experimental Design 
6.1. Public-Data Calibration and Licensing 

Darwin is a JRC real-world BEV time-series dataset 
collected mainly in northern Italy and distributed under 
CC BY 4.0) [9]. We grouped samples by driver and trip, 
removed nonfinite or physically invalid speeds, and re-
tained trips with at least 1 km implied distance. The ex-
plicit filter produced 1,185 trips. Mean-speed quantiles 

were 18.120 (P10), 24.300 (P25), 32.502 (P50), and 40.601 
km/h (P75), assigned to congested, busy, normal, and 
smooth states [24]. 

VED contains longitudinal signals from 383 vehicles, 
including three 2013 Nissan Leaf EVs, and is Apache-2.0 
licensed [24]. For pure-EV trips, we trapezoidally inte-
grated speed and signed battery power over consecutive 
observations no more than 5 s apart. Temporal coverage is 
the retained interval duration divided by total elapsed trip 
duration. We required at least 1 km, at least 80% temporal 
coverage, and a physically plausible net intensity of 0.07–
0.35 kWh/km. The corrected audit retained 412 trips cov-
ering 2,096.33 km. Median trip intensity was 0.146313 
kWh/km; distance-weighted intensity was 0.153052 
kWh/km. The median is the small-class reference. 

The JRC heavy-duty VECTO sensitivity archive is 
EUPL-1.2 licensed (European Commission, Joint Research 
Centre, 2026). We selected its unchanged reference simu-
lations for 4-RD regional delivery at 4,400-kg reference 
load (simulation 13609) and 5-LH regional delivery at 
12,900-kg reference load (simulation 28189). Their energy 
intensities are 0.916893 and 1.365149 kWh/km. Input iden-
tifiers support 480-kWh/480-kW and 700-kWh/600-kW 
configurations. We use the two reference loads as scenario 
payload capacities; they are not certified maximum pay-
loads. The small payload (800 kg), small motor (80 kW), all 
charger powers, auxiliary loads, and cost coefficients are 
also scenario values; the 24-kWh Leaf battery is reported 
in VED metadata. Figure 1 and Table 1 summarize the traf-
fic calibration and heterogeneous AEV reference params. 

Note. Energy intensity is measured from VED for the 
small class and taken from VECTO reference simulations 
for the medium and large classes. Payload capacities, 
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charger powers, auxiliary loads, and costs are scenario as-
signments. Motor rating is descriptive and does not enter 
the objective separately. 

The study uses the large-scale Vehicle Routing Prob-
lem with Time Windows (VRPTW) benchmark instances 
introduced by Gehring and Homberger [23]. Only cus-
tomer coordinates and demand structures are retained, 
while original ready times, due dates, service times, charg-
ing stations, and solutions are not used. We use the 1,000-
customer C1_10_1 coordinates and demands only. Coor-
dinates are scaled by 0.05 km/unit, and each demand unit 
is mapped to 40 kg. Original ready times, due dates, ser-
vice times, charging stations, and solutions are not used. 
This creates a no-time-window study while retaining 
traceable spatial and demand structure. The derived CSV, 
source DOI, license, and MD5 are in the package. 
 
6.2. Exact and Dynamic Designs 

The exact study samples 21 uniform instances: eight 
each at 𝑛 = 6 and 𝑛 = 7, and five at 𝑛 = 8. Every request is 
known at time zero. We solve 𝑤 ∈ {0.25,0.50,0.75}, pro-
ducing 63 scalarized exact solves, and compare the five 
heuristic constructors on the identical feasible set. 

The dynamic holdout crosses request size 𝑛 ∈
{20,40,80,120} with four release processes: uniform over 
240 min; normalized exponential interarrivals (“Poisson”); 
a mixture centered near 65 and 155 min (“peaked”); and 
short clusters around random centers (“bursty”). Thirty 
seeds per cell give 480 streams. Ten methods give 4,800 ex-
ecutions. The fleet has three small, two medium, and one 
large AEV. Service takes 3 min. All methods use identical 
customer samples and releases within a stream. 

Algorithm development used distinct seeds retained 
with explicit “development” filenames. Parameters were 
frozen before the final block beginning at seed family 
20265000; this is a documented holdout separation, not a 
public preregistration. All inferential results use only this 
holdout. We report feasibility, validator rejections, operat-
ing cost, mean and 95th-percentile response, distance, bat-
tery/grid energy, charging time, trips, and planning time. 
For a paired descriptive summary, each method’s cost and 
response are divided by the minimum observed in that 
stream and averaged with equal weight. A method is non-
dominated when no competitor is no worse on both raw 
cost and response and strictly better on at least one. 

Paired two-sided Wilcoxon signed-rank tests com-
pare the main 𝑤 = 0.75 policy with other policies and the 
balanced 𝑤 = 0.50 policy with its ablations. Holm adjust-
ment is applied within each family. Mean paired differ-
ences receive 95% percentile intervals from 10,000 sce-
nario-level bootstrap resamples.  
 
6.3. Sensitivity and Ablation Design 

Additional analyses examine objective preference, 
workload scalability, traffic robustness, charging continu-

ity, computational efficiency, and component contribu-
tions. Unless explicitly stated otherwise, comparative 
analyses use matched request streams and hold all non-
tested algorithmic and experimental settings fixed. Objec-
tive-preference analysis examines the influence of differ-
ent configurations while considering the interaction be-
tween objective preference and operational dispatch be-
havior; component ablations remove one mechanism at a 
time; and runtime is measured consistently at the policy 
level. These analyses are designed to distinguish the effect 
of individual modeling and algorithmic choices from 
changes caused by jointly varying multiple policy settings. 
 
6.4. Microscopic Transfer 

Eclipse SUMO 1.27.1 generated a 5×5, one-lane, sig-
nalized grid with 500-m links. Random background trips 
created four demand levels, and 40 identical 3.96-km 
probe trips departed after warm-up in each seed. Three 
seeds per level yielded 480 scheduled probes. The Darwin 
quantiles were fixed before simulation. All probes com-
pleted in smooth, normal, and busy traffic; only 63 of 120 
completed by 6,000 s in the congested regime. This transfer 
evaluates the aggregate travel abstraction, not the full 480-
stream policy ranking. 
 
7. Results 
7.1. Exact Dispatch-Epoch Validation 

The exact evaluation was performed on tractable sin-
gle-dispatch epochs to verify the consistency of the route-
set formulation. Exact and heuristic evaluations were con-
ducted on identical feasible sets. These results are used 
only as formulation-level validation and are not combined 
with the dynamic holdout analysis. 
 
7.2. Dynamic Holdout 

Every one of the 4,800 executions served all requests, 
and the separate validator recorded zero rejected dis-
patches. The holdout results are summarized in Table 2. 
CCARI-EX(0.75) had the lowest balanced index (1.082) and 
was nondominated in 331 of 480 streams (69.0%). It aver-
aged USD 405.18, 88.96-min mean response, 223.36-min 
P95 response, 671.67 km, and 541.38 kWh grid energy. 
Cost-greedy averaged USD 411.71 and 93.67 min; nearest 
averaged USD 407.97 and 96.06 min. Relative to cost-
greedy, CCARI-EX(0.75) reduced average cost by 1.59% 
and response by 5.03%. Relative to nearest, reductions 
were 0.68% and 7.39%. 

The paired differences were not artifacts of pooling. 
Cost-greedy minus CCARI-EX(0.75) was USD 6.53 (95% 
bootstrap interval USD 4.31–8.71) and 4.71 min (3.82–5.59); 
both Holm-adjusted p values were below .001. Nearest mi-
nus CCARI-EX was USD 2.79 (0.40–5.14; adjusted p=.0074) 
and 7.10 min (6.16–8.02; adjusted p<.001). CCARI-EX’s bal-
anced index was lower by 0.041 and 0.056, respectively 
(see Figure 2). The paired balanced index by request- 
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Table 2. Holdout performance across 480 paired streams. 

Policy Cost (USD) Mean Response (min) P95 Response (min) Balanced Index Nondominated 
Share 

CCARI-EX (0.75) 405.18 88.96 223.36 1.082 69.0% 
CCARI-EX (0.50) 423.11 89.99 241.97 1.104 45.2% 
Cost-greedy 411.71 93.67 233.47 1.124 34.6% 
Nearest 407.97 96.06 238.51 1.138 36.0% 
Regret-2 464.91 114.51 272.12 1.251 21.0% 
FIFO 481.34 119.61 259.07 1.282 17.1% 

 

 

Figure 2. Holdout cost–response outcomes. Error bars are 95% 
normal intervals across streams and are descriptive; paired tests 
use stream-level differences. 

 

 
Figure 3. Paired balanced index by stream size, pooled over four 
release profiles. Error bars are 95% normal intervals. 
 
stream size is summarized in Figure 3, pooled across the 
four release profiles. 

The nominal response-priority 𝑤 = 0.25 setting did 
not create a useful frontier point. It averaged USD 450.71 
and 92.44 min, so it was dominated in aggregate by 𝑤 =
0.75. Immediate dispatch consumed vehicle availability 
before later bursts and reduced  consolidation.  This  neg-
ative result demonstrates that a route-level objective 
weight is not sufficient to  control  a  dynamic  fleet;  batch-
ing  and future availability interact nonlinearly. It also ar-
gues against describing a set of scalar weights as a Pareto 
frontier without checking dominance. 

7.3. Objective-Weight Sensitivity 
The objective weight controls the relative emphasis 

assigned to operating cost and customer response in the 
CCARI-EX insertion objective. To examine the influence of 
this preference, different objective configurations were 
compared while maintaining the same evaluation frame-
work. Because operational behavior in a dynamic fleet is 
jointly affected by objective preference, batching decisions, 
vehicle availability, and future request arrivals, the analy-
sis is interpreted as configuration sensitivity rather than a 
causal assessment of the scalar weight alone. 

Increasing the response-oriented preference encour-
ages earlier service decisions and reduces waiting effects, 
but may reduce consolidation opportunities and increase 
operational cost. Conversely, stronger cost-oriented pref-
erence improves consolidation potential but can increase 
customer delay when requests accumulate. The balanced 
configuration provides a practical compromise within the 
evaluated dispatch setting by combining moderate re-
sponse protection with sufficient batching opportunities. 

These observations indicate that objective preference 
should not be considered independently from dynamic 
dispatch mechanisms. In particular, batching behavior 
and vehicle availability interact with the objective weight, 
meaning that a theoretically favorable scalar preference 
may not translate into improved system-level perfor-
mance without coordinated operational rules. 
 
7.4. Component Ablation Analysis 

To isolate the individual contribution of the principal 
CCARI-EX mechanisms, three one-component-at-a-time 
ablations are evaluated against the frozen full configura-
tion. The traffic-awareness ablation removes time-depend-
ent traffic information during planning while retaining the 
true traffic process during execution. The energy-pressure 
ablation removes the corresponding insertion-score guid-
ance while preserving all physical SOC, reserve, and 
charging-feasibility constraints. The batching ablation re-
moves intentional request holding while retaining the re-
maining routing mechanisms. All other algorithmic and 
experimental settings are held fixed, and comparisons are 
performed on matched request streams. The resulting 
component-level differences and statistical outcomes are 
summarized in Table 3. 
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Table 3. Component ablation analysis of CCARI-EX. 

Configuration Δ Cost (USD) Δ Response (min) Statistical Outcome 

No batching +20.93 +0.23 Cost significant; response not significant 
No traffic awareness +0.10 +0.26 Not significant 
No energy-pressure guidance +0.39 +0.16 Not significant 

 

 
Figure 4. Darwin reference speeds and SUMO probe outcomes. 
Congested speed is conditional on 52.5% completion; the com-
pletion line exposes this censoring. 
 
Table 4. Planning Time Comparison Across Policies. 

Policy Planning Time (ms/stream) 

CCARI-EX (0.75) 108.54 
CCARI-EX (0.50) 111.89 
Cost-greedy 84.09 
Nearest 88.01 
Regret-2 97.12 
FIFO 110.37 

 
Removing adaptive batching from the balanced pol-

icy increased cost by USD 20.93 (95% interval USD 18.61–
23.27) and the balanced index by 0.0250; both adjusted p 
values were below .001. The response difference was 0.23 
min and not significant. Consolidation therefore explains 
a material part of the economic gain without worsening 
mean response in this design. 

The other two ablations were inconclusive. Planning 
at constant median traffic instead of integrated regimes 
changed cost by only USD 0.10 and response by 0.26 min; 
adjusted p=1.00 for both. Removing payload-fit and en-
ergy-pressure terms changed cost by −USD 0.39 and re-
sponse by −0.16 min, also nonsignificant. These terms re-
main feasibility-aware priors and are active in individual 
cases, but the holdout does not support a claim that they 
independently improve average outcomes. Global rather 
than spatial traffic states and generous heavy-vehicle bat-
teries likely weaken their effect. 

The proposed framework was evaluated under in-
creasing request-stream sizes to examine operational be-
havior under higher workload pressure. As workload size 
increases, absolute cost and response naturally increase 
because the same heterogeneous fleet serves a larger num-

ber of requests. The observed results indicate that feasibil-
ity is maintained while consolidation opportunities be-
come increasingly important for controlling cost and re-
sponse growth. 
 
7.5. Computational Efficiency and Scaling 

Planning time is defined as the cumulative wall-clock 
time spent by each online policy on planning and replan-
ning during one complete request stream. Data loading, 
statistical post-processing, plotting, result serialization, 
and independent validation are excluded. Exact optimiza-
tion time is reported separately because route enumera-
tion and mixed-integer optimization are not directly com-
parable with online-policy planning time. All methods 
were evaluated in the same computational environment to 
provide a consistent comparison. The resulting planning 
times across the online policies are reported in Table 4. 
 
7.6. Traffic Robustness and Microscopic Transfer 

Traffic robustness was examined at two complemen-
tary levels. First, the traffic-awareness ablation evaluates 
the contribution of time-dependent traffic information 
during route planning by replacing the dynamic planning 
field with the median calibration speed while retaining the 
true time-varying traffic process during execution. Sec-
ond, the microscopic SUMO transfer stress-tests whether 
the aggregate traffic representation preserves the ordering 
of smooth, normal, busy, and congested conditions. The 
former evaluates planning sensitivity, whereas the latter 
evaluates transfer of the traffic abstraction rather than re-
producing the complete online-policy experiment. Figure 
4 summarizes the Darwin reference speeds, SUMO com-
pleted-probe speeds, and probe completion across the four 
traffic regimes. 

SUMO preserved the ordered regimes. Completed-
probe speeds were 37.91, 30.59, 26.13, and 20.17 km/h for 
smooth, normal, busy, and congested demand, compared 
with Darwin references 40.60, 32.50, 24.30, and 18.12. 
Mean absolute percentage errors were 10.18%, 12.33%, 
23.95%, and 35.21%. Signal waiting increased from 1.15 to 
7.13 min. The first three regimes had 100% probe comple-
tion. Congestion had only 52.5% completion and 2,703–
3,112 vehicles still running at the horizon across seeds. Its 
20.17-km/h mean is therefore conditional on completion 
and likely optimistic. 

The transfer supports regime ordering but not precise 
individual travel-time prediction. Aggregate piecewise 
speed is suitable for controlled algorithm comparisons; de- 
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Table 5. Charging Constraint Modeling in CCARI-EX. 

Constraint Implementation 

SOC carry-over Maintained between trips 
Reserve SOC 10% enforced 
Charging loss Included 
Charging duration Included 
Vehicle availability Restricted during charging 

 
ployment would require link- and time-specific travel dis-
tributions, queue spillback, incidents, and online estima-
tion. In particular, a static 18.12-km/h speed cannot repre-
sent gridlock-induced noncompletion. 
 
7.7. Effect of Charging Constraints 

Charging continuity is examined because charging 
duration affects vehicle availability between successive 
trips. The implementation of the charging-related con-
straints is summarized in Table 5. The full model carries 
SOC between trips, enforces the reserve-SOC constraint, 
accounts for grid charging energy and duration, and pre-
vents redispatch until charging is completed. A charging-
relaxed ablation removes charging-induced downtime 
while retaining the remaining routing, fleet, demand, and 
traffic settings. The comparison is interpreted as a model-
ing sensitivity analysis rather than empirical validation of 
physical charging technology. 
 
8. Discussion 

The principal result is not that a complicated heuristic 
always beats simple routing. It is that a physically and 
causally aligned policy can produce a favorable cost–re-
sponse point while surviving independent state valida-
tion. CCARI-EX(0.75) improves both mean outcomes over 
cost-greedy and nearest insertion in the holdout. Its ad-
vantage is modest in cost and larger in response, but it is 
paired, statistically supported, and observed across heter-
ogeneous sizes and releases. A 69.0% nondominated share 
also shows that the result is broad rather than produced 
by a few extreme streams. 

The mechanism is primarily consolidation plus ex-
change. Removing batching raises cost by about 5%, while 
removing traffic awareness or fit pressure has no detecta-
ble average effect. Cross-class exchange helps repair as-
signments created by the constructive phase, particularly 
when 1,200-kg customers cannot enter small vehicles. This 
interpretation is consistent with heterogeneous-fleet re-
search: the value of class choice arises from interactions 
among capacity, fixed cost, and routing, rather than from 
vehicle labels alone [25], [26]. 

The exact results provide a calibrated notion of solu-
tion quality. CCARI-EX is close to supported optima for 
response-heavy 𝑛 = 8 epochs but can be more than 20% 
away in individual cost-heavy cases. The maximum bal-
anced gap of 41.0% at 𝑛 = 6 is especially important: good 
average online outcomes do not imply consistently near-

optimal local construction. More powerful large-neighbor-
hood search, route-pool reuse, or a rolling restricted mas-
ter could target those cases. Exact branch-price-and-cut 
work suggests how route generation could scale beyond 
exhaustive enumeration [27], [28]. 

The dominated 𝑤 = 0.25 setting adds a second cau-
tion. In static bicriteria optimization, reducing the cost 
weight usually moves toward faster solutions. In a dy-
namic system, immediate dispatch can occupy the wrong 
vehicle when a burst arrives. A myopic response weight 
may worsen later response. A future policy should couple 
weight selection to an estimate of near-term arrival pres-
sure or learn a state-dependent batching decision, while 
retaining hard feasibility checks. Safe reinforcement learn-
ing is relevant here, but any learned policy would need 
out-of-distribution and constraint validation [29]. 

Operationally, the model demonstrates why charging 
cannot be treated as a reset. A returned vehicle’s charging 
duration determines whether it is available for the next re-
lease cluster. Grid energy exceeds battery energy by the 
specified efficiency loss and is the quantity priced. For the 
holdout, CCARI-EX (0.75) averaged 541.38 kWh from the 
grid. Changing electricity tariff, charge efficiency, or 
charger capacity could alter both class selection and re-
sponse. Time-of-use prices and nonlinear charging would 
be natural extensions [30], [31]. 

The study also clarifies the scope of “autonomous.” 
Auxiliary power and supervision enter the operating 
model, but no autonomy-specific operational dataset was 
found that jointly identifies computing draw, remote in-
terventions, freight payload, and route context. We there-
fore avoid claiming that the selected power and supervi-
sion values are measured. An AEV deployment study 
should replace them with platform logs and include 
fallback events, geofenced operational design domains, 
and safety-driven service interruptions. 
 
9. Limitations 

First, the service graph uses scaled Euclidean dis-
tances from one Homberger base instance. Although the 
dynamic samples span 1,000 spatial points, they do not re-
produce turn restrictions, grades, asymmetric links, or a 
real city topology. The SUMO grid is a separate transfer 
layer, not a one-to-one replay of the routing streams. 

Second, Darwin speed quantiles are trip-level sum-
maries applied as global 60-min regimes. They capture 
smooth-to-congested variation but not spatial congestion. 
This explains why the traffic-awareness ablation is weak 
and why the SUMO congested regime produces censoring 
that a speed step cannot express. Link-level historical and 
live data should replace the global field. 

Third, vehicle classes combine measured, simulated, 
and assumed parameters. The small payload and motor, 
the medium/large capacity assignments anchored to refer-
ence-load cases, all charging powers, autonomy auxiliary 
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loads, maintenance costs, fixed costs, electricity tariff, su-
pervision rate, reserve, and target SOC are scenarios. JRC 
heavy-duty outputs are simulations generated by VECTO 
rather than road measurements, and motor rating is not an 
independently active model term. Sensitivity analysis in 
the workbook enables re-evaluation, but conclusions are 
conditional on these inputs. 

Fourth, the exact oracle allows one route per available 
vehicle and at most eight requests. It validates an epoch 
constructor, not repeated-trip online optimality. The dy-
namic policy does not reroute vehicles already underway 
and has no public charging, depot-plug capacity, stochas-
tic energy, battery degradation, or charger queue. Litera-
ture on capacitated and nonlinear charging shows that 
these decisions can matter [32], [33]. 

Fifth, 30 seeds per design cell support paired compar-
isons but do not establish performance on other cities, de-
mand distributions, fleet mixes, tariffs, or weather. The 
balanced index uses the best observed method in each 
stream and is descriptive; raw cost and response remain 
primary. Wilcoxon inference assumes independent 
streams, and bootstrap intervals quantify sampling varia-
bility under the generator, not structural model uncer-
tainty. 

Finally, no claim of journal acceptance or deployment 
readiness follows from the reported results. The code and 
processed data make the computational claims auditable. 
Authors and reviewers must still evaluate application va-
lidity, authorship, institutional declarations, and any jour-
nal-specific reporting requirements. 
 

10. Conclusion 
This study presents a reproducible bi-objective net-

work model for dynamic routing of heterogeneous auton-
omous electric vehicles without customer time windows. 
It replaces departure-state travel with FIFO-integrated tra-
versal, carries SOC across trips, prices grid-side energy, 
and blocks vehicles during charging. Public sources cali-
brate traffic and class energy, while unsupported fleet val-
ues are labeled as scenarios. 

CCARI-EX combines causal batching, charge-aware 
heterogeneous insertion, relocate search, and cross-class 
exchange. On 480 held-out streams and 4,800 executions, 
its cost-priority setting served every request, incurred zero 
independently validated dispatch rejections, reduced both 
cost and mean response relative to cost-greedy and nearest 
insertion, and was nondominated in 69.0% of streams. Ex-
act route-set models define what this result means: the 
heuristic is competitive but not exact, with gaps that vary 
materially by objective weight. Ablations identify batching 
as the strongest supported component, while traffic and fit 
penalties show no significant average gain. SUMO pre-
serves regime ordering but exposes congested noncomple-
tion beyond an aggregate speed abstraction. 

The publishable contribution is therefore an aligned 
modeling-and-validation framework plus a competitive 
online policy, not a universal optimum. The next scientific 
step is link-specific stochastic traffic, capacitated and non-
linear charging, real autonomous-freight logs, and a roll-
ing route-pool master evaluated on multiple real net-
works. 
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