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Abstract

This paper presents a mathematical model to determine the optimal routes for a heterogeneous fleet comprising autono-
mous and human-driven vehicles operating in freight distribution. The model is formulated as a mixed-integer program-
ming problem with multiple objectives: minimize total emissions, energy consumption, and operational costs, while maxi-
mizing the reliability associated with autonomous vehicle deployment. A dedicated parameter models the probability that
an autonomous vehicle can successfully traverse a given arc, enforcing a minimum reliability threshold. The proposed
optimization framework is embedded within a higher-level decision support system that enables route adjustments based
on discrete-time monitoring of network reliability conditions. Since the multi-objective model is solved by means of sca-
larization, a specific algorithm is designed to adjust the weights of the objectives. A case study is provided to demonstrate
the effectiveness of the model and its practical applicability. To further enhance the performance of the proposed model
in solving larger instances, three families of valid inequalities are presented, and a computational comparison between
the basic model and the improved model is shown in a single-objective environment (operational cost minimization). We
also implement a constructive heuristic and an Adaptive Large Neighborhood Search metaheuristic to further appreciate
the reduced duality gaps achieved by the enhanced model.
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1 Introduction

Industry 5.0 represents the next evolution in industrial para-
digms, highlighting the synergy between advanced tech-
nologies and human expertise to develop sustainable and
efficient solutions [5]. In the context of transportation and
logistics, this transition promotes collaboration between
artificial intelligence (AI) systems and human-operated
fleets, thus improving decision-making processes and oper-
ational outcomes.
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Transportation 5.0 extends these principles to mobil-
ity systems, advocating for a user-centered approach that
leverages Al technologies and human judgment to improve
operational efficiency, safety, and environmental sustain-
ability [31]. The core components include connected and
autonomous vehicles (AVs), intelligent infrastructure, and
integration of renewable energy. AVs are equipped with
Al-based systems capable of real-time data processing,
enabling autonomous decision-making while still allow-
ing for human intervention when necessary. Intelligent
infrastructure comprises sensors and IoT devices deployed
across the network to monitor and manage traffic conditions,
facilitating seamless communication between vehicles and
infrastructure nodes.

The coexistence of Al-driven and human-driven vehicles
(HDVs) requires the development of advanced decision-
making models to support optimal fleet management. These
models address key operational aspects, including route
planning, energy management, and human-machine collab-
oration. In addition, Al algorithms are required to analyze
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traffic patterns, forecast demand, and assess vehicle statuses
to support optimal routing and task assignment decisions.

Despite its potential, the implementation of Industry 5.0
in transportation and logistics faces several challenges, such
as technological integration, regulatory compliance, and
societal acceptance. Industry 5.0 frames deployment as a
socio-technical transition where compliance, legitimacy,
and stewardship matter as much as performance. Regula-
tory readiness requires demonstrable conformance to an
approved operational design domain, evidence of functional
safety under representative edge cases, and auditable change
control for software, data, and procedures; authorities
increasingly expect traceable decisions, calibrated risk esti-
mates, and documented incident handling that can be inde-
pendently reviewed. Societal acceptance hinges on visible
safety outcomes, perceived fairness of service across neigh-
borhoods and times, and clear lines of accountability. Public
trust grows when users can understand why decisions were
made, when privacy and security protections are explicit,
and when performance guarantees (e.g., service continuity
under disruptions) are communicated and met. Operational
governance connects these expectations to day-to-day prac-
tice: organizations should define roles and escalation paths,
maintain incident response playbooks with bounded recov-
ery times, monitor equity, safety, and environmental indica-
tors alongside cost, and commit to periodic external audits.
In the Industry 5.0 view, technology is adopted sustainably
when regulators can verify compliance ex-ante and ex-post,
communities see tangible benefits without disproportion-
ate burdens, and operators operate with transparent rules,
repeatable procedures, and measured results.

Ensuring compatibility among diverse systems and technol-
ogies is essential, as is the creation of policies that both accom-
modate emerging technologies and ensure public safety. Gaining
stakeholder trust regarding the reliability and advantages of
integrated Al-human solutions is also a critical requirement.

In this paper, we address the problem of defining opti-
mal routing for a heterogeneous fleet of AVs and HDVs
operating in a freight distribution scenario. The problem of
routing a mixed AV/HDYV fleet is especially relevant in tran-
sitional logistics environments, where autonomous vehicles
can be deployed only under specific operational conditions
rather than across the entire transportation network. Such
conditions include the presence of suitable infrastructure,
adequate communication support, regulatory admissibility,
sufficiently high reliability levels, and compatibility with
the operational design domain of the AV technology. At the
same time, some delivery tasks may still require human-
driven vehicles because of longer distances, charging limi-
tations, low-reliability corridors, or operational contexts in
which autonomous operation is not yet sufficiently robust.
In these situations, a mixed fleet provides a realistic and
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practically meaningful compromise: AVs can be assigned
to the portions of the network where their environmental
and operational advantages can be exploited, while HDVs
ensure service continuity, flexibility, and full network
coverage.

The logistics network considered includes depots, cus-
tomer locations, supply nodes, and parking facilities. The
underlying graph is assumed to be complete in terms of arcs
connecting all node types. The proposed mixed-integer pro-
gramming (MIP) formulation captures multiple objectives:
minimizing total emissions, energy consumption, and opera-
tional costs while simultaneously maximizing the reliability
of AV assignments. Beyond classical routing constraints, the
model accounts for AV recharge operations at specific park-
ing nodes, tour-time limits, and compatibility requirements
between vehicles and both (i) the arcs to be traversed and
(i1) the operations to be performed at each node. In addition,
the novelty of our proposal is related to the introduction of a
specific parameter to model the reliability of an AV travers-
ing a given arc, enabling the integration of probabilistic risk
into routing decisions. In fact, the model is embedded in
an optimization framework that allows routing adjustments
based on real-time network conditions related to the chang-
ing reliability of using AVs in the network. Further pursuing
this aspect, we note that, despite the growing literature on
autonomous freight systems, electric vehicle routing, and
uncertainty-aware logistics optimization, several research
gaps remain. First, most available studies either focus on
fully autonomous or fully conventional fleets, while lim-
ited attention has been devoted to routing problems in
which AVs and HDVs coexist within the same operational
system and must be allocated jointly. Second, when uncer-
tainty or risk is considered, it is usually modeled through
cost, travel time, or stochastic service terms, whereas the
explicit integration of AV arc reliability as an enforceable
routing-admissibility condition remains largely unexplored.
Third, existing studies rarely combine this reliability dimen-
sion with energy constraints, node/arc compatibility, and a
multi-objective optimization framework including eco-
nomic, environmental, and operational criteria. These gaps
motivate the present work, which develops a mixed AV/
HDV routing framework in which AV deployment is explic-
itly conditioned on route reliability, while HDVs provide
flexible fallback coverage in a realistic transitional logistics
setting. In this sense, the paper is positioned at the intersec-
tion of autonomous-fleet routing, mixed-fleet logistics, and
reliability-aware optimization.

However, our contribution is not a mere parameterization
of reliability. In fact, this work contributes to the state-of-
the-art along four axes.

(i) We operationalize AV reliability as a binary admis-
sibility rule on arcs, controlled by a single threshold A™"
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computed from a route-level target with a feasibility cap.
Unlike treating reliability as a soft objective or chance con-
straint, this creates policy-ready, geo-fenceable corridors
while retaining HDV fallback.

(ii) We derive LP-relaxation-based stability indicators for
the arc reliabilities. These provide a computationally cheap
screening rule to decide when parameter drifts are large
enough to warrant re-optimization. The dual multipliers
are computed on the LP relaxation (where they are well-
defined) and are used as an event-trigger for warm-started
rerouting rather than as a certificate that the MIP optimum
is unchanged.

(iii) We provide a lightweight, feedback-driven scheme
to adapt the weights of emissions, energy, cost, and reli-
ability across decision points, steering exploration toward
well-balanced Pareto solutions without changing the solver
or adding new variables.

(iv) We introduce three valid-inequality families (load
propagation, state-of-charge recursion with tight big-M, and
short infeasible energy-path cuts) that significantly reduce
runtimes and gaps. Also, a constructive heuristic and an
Adaptive Large Neighborhood Search implementation are
introduced to benchmark the model solution quality and
confirm scalability benefits.

The organization of the paper is as follows. In Section
2, we give details on the logistics research scenario consid-
ered and review the state-of-the-art on the topic. Section 3
defines the proposed model and the general methodology.
Section 4 is devoted to analyzing how to cope with varia-
tions in reliability parameters associated with the use of AVs
in the network. In Section 5, we describe how to embed the
model and the reliability sensitivity analysis in an optimi-
zation framework that can take into account the changing
reliability conditions in the network. Experiments are pre-
sented in Section 6; in the same section, we present valid
inequalities to improve the formulation and further com-
putational tests to assess their effectiveness. A three-phase
heuristic and an Adaptive Large Neighborhood Search are
also provided to validate the quality of the duality gaps pro-
duced by the enhanced model. Finally, Section 7 presents
conclusions.

2 Context and Literature Review

Rapid advances in technology have significantly increased
interest in services based on autonomous vehicles. Self-
driving vehicles are already operational in geofenced envi-
ronments, demonstrating their technical and commercial
feasibility. For example, Waymo, a leader in autonomous
vehicle technology, operates 24/7 ride-hailing services in

designated zones within San Francisco, California, and
Phoenix, Arizona [34].

During the past decade, substantial research has investi-
gated the potential impact of AVs, particularly those classi-
fied as SAE Level 5, which are capable of fully autonomous
operation under all conditions [27]. AV-based transport sys-
tems that autonomously fulfill mobility or delivery requests
are expected to drastically reduce operational costs com-
pared to conventional systems based on human drivers. As
such, AVs hold significant promise in both the passenger
transit and freight distribution sectors.

In freight distribution, AVs represent a major advance
in logistics. By integrating artificial intelligence, elec-
tric propulsion, and real-time connectivity, these vehicles
improve efficiency and sustainability. AVs operate autono-
mously using LiDAR, radar, high-resolution cameras, and
Al-powered navigation systems, enabling precise maneu-
vering within complex logistics hubs, urban networks, and
industrial corridors. Vehicles equipped with SAE Level 4
capabilities can function without human supervision in most
conditions, ensuring seamless integration with intelligent
warehouses and automated supply chain infrastructures.

The technical specifications of AVs vary considerably
depending on their application. For instance, as for light-
duty AVs, we can cite Nuro’s zero-occupant delivery vehicle
that provides two insulated cargo bays totaling about 27 ft’
(~ 0.76 m3) and supports payloads on the order of 500 Ib;
public reports indicate a battery around 31 kWh [24]. These
platforms are operated at urban speeds and are optimized for
short trips with frequent stop—start duty cycles rather than
long range. In contrast, medium- to heavy-duty AVs intended
for industrial freight or long-haul transport require larger
energy storage and high-power chargers to reduce downtime
and maintain logistics efficiency. In the middle-mile, Class-6
segment, Gatik operates autonomous box trucks commer-
cially, with vehicles built on battery-electric platforms such
as Lion Electric’s Lion6, which specifies a 252 kWh pack,
250 kW peak motor power, and up to 350 km range with
DC fast charging to 80% in about 2-2.5 h [14]. In the yard/
short-haul heavy category, the cab-less Einride Pod has been
piloted by DB Schenker on public roads in Jonképing (Swe-
den), with reported specs around 200 kWh battery capacity,
~200 km range, 15 euro-pallets and up to ~26 t GVW [7].
For light/medium domestic logistics in China, JD Logistics
has fielded SAE L4 electric light trucks for depot-to-station
distribution, reporting ~24 m3 cargo volume and ~400 km
per charge in pilot operations [2]. At the heavy, long-haul end,
DeepWay (Baidu—Lionel) unveiled the Xingtu autonomous
Class-8 tractor with a 450 kWh pack, ~300 km stated range
and high-power battery-swap aimed at minimizing dwell
times on trunk routes [22].
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Modern AVs are increasingly equipped with Vehicle-
to-Everything (V2X) communication systems, enabling
dynamic interaction with infrastructure, traffic management
systems, and autonomous and human-driven vehicles [1].
These capabilities support real-time routing adjustments,
congestion avoidance, and predictive control strategies.
Advanced fleet management software, supported by cloud
computing and Al analytics, enhances AV coordination and
deployment in response to fluctuating operational condi-
tions. These vehicles are also designed with multiple safety
redundancies, including emergency stop systems, collision
avoidance sensors, and adaptive braking to navigate diverse
environments securely.

When analyzing infrastructure challenges and develop-
ments in vehicle technology, a substantial body of litera-
ture is available. The impacts of automated vehicles and
strategic recommendations to enable a successful transition
are discussed in several key studies. For example, Shahan-
dasht et al. [30] reviews the current state of automated truck
technologies, analyzing their effects on critical aspects of
the trucking industry at varying levels of automation. The
authors also designed a survey instrument to identify the
risks and opportunities associated with adopting automated
trucks at different automation levels.

In Monios and Bergqvist [20], the authors focus on the
geography of electric and autonomous road freight trans-
port, outlining a research agenda that highlights emerging
and unresolved issues. A complementary perspective is
offered in Beirigo et al. [4], which introduces a model that
integrates passenger and freight requests using compart-
mentalized shared AVs, tackling a variation of the people-
and freight-integrated transportation problem.

Monios and Bergqvist [21] contributes to this body of
work by providing insights into the evaluation of optimal
shipment sizes for autonomous trucks, targeting logistics
managers seeking to assess technological readiness and
operational efficiency. Meanwhile, Csiszar and Foldes [8§]
poses foundational research questions regarding the struc-
ture and operation of future autonomous freight systems.
Their approach involves analytical, system-oriented model-
ing to describe the shift from traditional freight transport
systems to those based on autonomy. They model both sys-
tem components and their interconnections using a process-
driven framework.

In the context of last-mile delivery, Jennings and
Figliozzi [15] examines autonomous delivery robots in the
United States, comparing their travel time, cost, and effi-
ciency with traditional van-based deliveries. The study also
explores relevant regulatory issues. The technical transition
required for vehicles to become fully autonomous is ana-
lyzed in depth by Masood et al. [19]; here, the authors pro-
vide a comprehensive overview of the necessary hardware
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and software adaptations, including sensor placement and
system architecture.

Despite this breadth, there is significantly less literature
that addresses mathematical models that integrate AVs into
human-driven vehicle fleets, particularly models that incorpo-
rate AV reliability as a system-level concern. Notable excep-
tions include Guo et al. [13], where the authors develop a
multimodal distribution model in which autonomous vehicles
serve as both distribution tools and goods. The model inte-
grates self-distribution into traditional logistics rings, forming
a hybrid ring-branch network that seeks to minimize costs and
maximize efficiency. To solve this complex model, an adap-
tive large neighborhood search algorithm is proposed and vali-
dated using real-world automotive logistics data.

Further evidence of AV potential is provided by Gruzauskas
et al. [12], who simulate a food logistics network incorporat-
ing AVs. Their results indicate a 22% reduction in CO, emis-
sions and notable cost savings, facilitated by AVs eliminating
the need for rest stops during trips. Similarly, De Maio et al.
[9] introduces a routing problem involving autonomous deliv-
ery robots that leverage both road and public transit networks
to extend operational range given limited battery capacity. The
authors propose a destroy-and-repair heuristic embedded in a
neighborhood search algorithm to solve large-scale instances.
Their method yields cost reductions of up to 7.5% compared
to conventional approaches.

In Wu et al. [35], the authors explore a future mobility
scenario featuring a hybrid road network, where autono-
mous vehicle expressways coexist with traditional, manu-
ally driven local streets. Trips in this setting may involve
both autonomous and human-driven segments. The study
adopts a corridor-based modeling approach in which AV
expressways and conventional roads run in parallel, con-
nected through access and exit points. This structure rep-
resents a transitional phase in which AV expressways are
first introduced along major routes. The research focuses
on modeling travelers’ route selection behavior in this
dual-network environment and evaluates how the design
and integration of AV expressways with surrounding local
streets impact overall transportation system performance.

Lee and An [18] introduces a decision-making algorithm
grounded in deep reinforcement learning to enhance fall-
back strategies for autonomous vehicles. These fallback
mechanisms are designed to detect and respond to hazard-
ous driving scenarios through timely evasive actions, which
are critical for enabling safe and reliable operation in Level
4 and higher autonomous driving systems.

A branch of the research on VRP (Vehicle Routing Prob-
lem) and EVRP (Electric Vehicle Routing Problem) treats
routing as a multi-objective and uncertainty-aware problem.
On the multi-objective side, modern MIP and matheuristic
models explicitly trade off operating cost with environmental
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and service metrics and explore Pareto sets; for example,
surveys and recent applications document MIP formulations
that co-optimise distance, emissions, and service quality and
report Pareto-efficient schedules in dynamic logistics settings
[23, 37]. On the risk side, uncertainty is handled through
two-stage stochastic programs with risk aversion, chance
constraints, CVaR-type objectives, and robust and adaptive-
robust sets. Illustrative contributions include a risk-averse
latency location—routing model with stochastic travel times
(two-stage with explicit risk trade-offs), chance-constrained
CVRP (Constrained Vehicle Routing Problem) approxima-
tions via robust reformulations, and adaptive-robust EVRP
formulations that hedge energy-consumption uncertainty
with decomposition-based algorithms [16, 25, 32]. Against
this backdrop, our reliability-gated mixed AV/HDV formula-
tion addresses a distinct gap: reliability is operationalized not
as a distributional risk term in the objective or as a probabi-
listic service-level constraint, but as an auditable admissibil-
ity threshold on AV arcs that can be tuned by policy while
remaining compatible with standard MIP machinery.

To position the present contribution more explicitly
with respect to the existing literature, Table 1 compares the
proposed framework with a selected set of related studies
already discussed in this section. The comparison highlights
that the present paper differs from previous contributions
in that it simultaneously considers a mixed AV/HDV fleet,
an explicit reliability-gating mechanism for AV arc admis-
sibility, energy-related constraints, node/arc compatibility
restrictions, a multi-objective formulation, and a dynamic
rerouting framework under changing reliability conditions.
While several previous works address some of these aspects
individually, their joint integration appears to be largely
unexplored in the literature reviewed here.

3 Problem Setup and Mathematical Model
The logistics optimization problem considered occurs within
a networked transportation system consisting of multiple

depots, parking locations, customer locations, and supply
nodes. The decision maker, a logistics operations manager,

Table 1 Comparison with selected related work

is responsible for managing this network efficiently by lever-
aging Al-driven and human-operated vehicle resources.

3.1 Network Structure

The transportation system is modeled as a directed graph
G = (N, A), where:

e N is the set of nodes, including:

— D: Set of (capacitated) depots where vehicles are
initially stationed or can be stationed at the end of a
tour. Each vehicle in a depot starts and finishes the
tour empty.

— P: Set of (capacitated) parking locations where vehi-
cles can be temporarily stored for maintenance or
recharge.

— C: Set of customer locations where deliveries must
be made. Each customer is associated with a demand.

— §: Set of (capacitated) supply nodes, i.e., storage
points from which goods can be loaded to be deliv-
ered to customers.

e A: Set of directed arcs (i, j) representing the roads that
connect nodes i, j (with i # j).

e d;;: Distance between nodes i, j € N, defined for each
arc (i, j) € A.

Let K be the set of HDVs and let K¢ be the set of AVs.
While AVs are electric, HDVs can have electric or thermal
engines. In the case of thermal engine vehicles, we consider
the refueling time to be negligible. Let K¢ C K" be the
subset of HDVs with an electric engine. To account for road
and infrastructure constraints, we introduce the arc-vehicle
compliance matrix:

° 5;’] k(éihj o). Binary parameter indicating whether arc
(i, j) € A is compliant with vehicle k € K%(Kh):

n +_ | 1, if vehicle k can traverse arc (i, j)
6iajk(5ijk) - { 0, otherwise (D

Reference Mixed AV/HDV Explicit AV Energy Multi Dynamic update/
fleet reliability constraints objective rerouting
[9] No No Yes No No
[12] No No No No No
[13] Yes No No No No
[16] No No No Yes No
[25] No No No No No
[32] No No Yes No No
[35] Yes No No No No
This paper Yes Yes Yes Yes Yes
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Ti‘}k(Tfj‘- 1): Travel time required to traverse arc (i, j) € A
using vehicle k € K%(K"), defined as:

d:
e (Th) = =2, @)

Uk

where vy, represents the average speed of vehicle .

3.2 Mathematical Model

Parameters

T'max: Maximum time allowable for every tour.

Qf: Capacity of vehicle k € K.

QN Capacity of vehicle k € K".

Cy: Carbon equivalent emissions per unit of distance
traveled by vehicle k € K.

C,?: Carbon equivalent emissions per unit of distance
traveled by vehicle k € K".

pc: Demand at customer location ¢ € C.

05: Available supply at supply node s € S.

V 4: Maximum number of vehicles that can be stationed
atdepotd € D.

V,,: Maximum number of vehicles that can be temporar-
ily stored at parking location p € P.

)\ﬁ‘j: reliability of AV k € K@ to effectively traverse arc

(i, j) € A, set by the logistics operator and derived by Al
elaboration. No analogous arc-reliability parameter is
introduced for HDVs. The notation is kept vehicle-spe-
cific for modeling generality, although, in the case study
of Section 6, a homogeneous AV setting is adopted, so
that identical reliability values are assumed across all
AVs on the same arc.

I}: Initial level of charge of vehicle k € K¢ at the start
of the planning horizon.
I;7e: Initial level of charge of vehicle k € K" at the start
of the planning horizon.

m: Initial depot in which vehicle k € K¢ is located at
the start of the planning horizon.

7l Initial depot in which vehicle k € K" is located at
the start of the planning horizon.

M Maximum charge for vehicle k € K¢.

M}®: Maximum charge for vehicle k € K"¢.

my: Fixed recharge increment for vehicle k € K¢ when
stopping at a parking node p € P.

mp: Fixed recharge increment for vehicle k € K"
when stopping at a parking node p € P.
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AMin: Minimum allowed arc reliability for AVs.

e Ry Energy consumption for a unit of distance traveled
by vehicle k € K¢.

e RP®: Energy consumption for a unit of distance traveled
by vehicle k € K"¢,

e 7! Time to recharge vehicle k € K by an amount
my < My. In our model, we assume that the state-of-
charge (SoC) of a vehicle k € K? increases by a fixed
amount my < M} when a recharge is operated at a park-
ing area.

) T,?e: Time to recharge vehicle k € K¢ by an amount

m® < M. Similarly to vehicles k € K%, we assume
that the SoC of a vehicle k € K"¢ increases by a fixed
amount mp® < M when a recharge is operated at a
parking area.

wj: Cost per unit of distance using vehicle k € K¢,
wh: Cost per unit of distance using vehicle k € K".

° w,’;i: 0-1 parameter indicating compliance between ve-
hicle k € K" and operations to be performed at node
i€N.

e w1 0-1 parameter indicating the compliance between
vehicle k € K% and operations to be performed at node
i€N.

) 5ihjk: 0-1 parameter indicating the compliance between
vehicle k € K" and arc (i, j) € A.

) 5lfljk: 0-1 parameter indicating the compliance between

vehicle k € K and arc (i, j) € A.

Assumption on HDV Reliability As specified in the param-
eter description, human-driven vehicles are not associated
with arc reliability. This mainly reflects the HDV role as the
operational backup for corridors that fail the AV reliability
threshold and the fact that reliability, in this paper, is used
to model the capability of traversing arcs using an autono-
mous guide rather than the chance of overcoming factors
like human errors of fatigue.

Decision Variables

° hf‘l € {0,1}: Binary variable, 1 if vehicle k € K* uses
arc (i, j) € A, 0 otherwise.

° all‘j € {0,1}: Binary variable, 1 if vehicle k € K* uses
arc (i, j) € A, 0 otherwise.

® sy € {0,1}: Holds 1 if vehicle k € K“ stops at parking
location p € P to recharge.

° sg,i € {0,1}: Holds 1 if vehicle k € K"¢ stops at parking
location p € P to recharge.
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® ejj = 0: The energy consumed by vehicle k € K on
arc (@i, j) € A; is zero if the arc is not used.

e; Jk > 0: The energy consumed by vehicle k € K¢ o
arc (i, j) € A; is zero if the arc is not used.

® 7)j = 0: The remaining energy level (SoC) of vehicle
k € K®atnode j € N.
° 17] 6 > 0: The remaining energy level of vehicle k € K he

atnode j € N.

® g, = 0: The amount of product transported by vehicle
k € K® on arc (i, j) € A; is zero if the arc is not used.
° qihjk > 0: The amount of product transported by vehicle

k € K" on arc (i, j) € A; is zero if the arc is not used.

e A% >0: Amount of product loaded at supply node
s € S by vehicle k € K°.

° A?k > 0: Amount of product loaded at supply node
s € S by vehicle k € K".

e O% > 0: Amount of product unloaded at customer node
¢ € C by vehicle k € K.

e O"% > 0: Amount of product unloaded at customer node
¢ € C by vehicle k € K".

Objective Function The logistics operator aims to minimize
total emissions, total energy consumption, total cost, and
maximize total reliability of AVs, as follows:

keKa (i,j)eA
o[ F A 5% e

kecKa (i,j)cA keKhe (i,j)eA )
(3)
h¥ ) -

(13(2 Z wﬁdua5+ Z Z w,’{’du ij

keKa (i,j)eA kekh (i,j)eA

a4(z > Afjafj).

keKa (i,j)eA

Cidyafi+ Y Y

kekh (i,j)cA

where o, with € = 1, ..., 4 are positive scalars.

Constraints The following constraints define the opera-
tional rules that govern the system. Each constraint ensures
feasibility within the transportation network and enforces
operational, logistics, and technical limitations. In Table 2,
after the model, we summarize all of them.

Depot departure constraints

th <1,

JEN

Vk € K",
“4)

vk € K.

PBLLATESE

jeN ®)
These constraints ensure that each vehicle (human-driven or
automated) can start at most one route from its designated
depot (position).

Since vehicles are explicitly indexed and each vehicle
can depart at most once from its initial depot, the total num-
ber of activated routes cannot exceed the available fleet.
Constraints 6—7

> > ke < K, (©6)

keKa jeN

> D M

kekh jeN

K"|.

IN

()

are implied by the per-vehicle departure constraints and are
included only to make the fleet upper bound explicit.
Depot restriction constraints

> hk;=0, VkekhvdeD:d+nf,

JEN (8)
> k=0, VkeK%VdeD:d#nf. ©)
jen

These restrictions prevent vehicles (human-driven or auto-
mated) from departing from depots where they were not ini-
tially stationed, maintaining operational integrity.

k k

afjy < A1) a;.  VEEK?, (10)
(i,j))EA JEN
Sk < |A|thh L, Vkekh (an
(i,j)eA JjeN

The above constraints define the route activation constraints
(no depot-free cycles).
Flow conservation constraints

SrE-Y k=0, VkekhViePusuc, 12)
JEN JjEN
STk - "dk =0, vkekeviePUusuC, a3)
JEN JEN
Sab<1 Yab<1  vkekd viePUsUC, (14
JEN JEN
dorS<1, Yy mk<1 Vkekh ViePusuc. (15)
JEN JEN
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Table 2 Synthesis of the constraints

Constraint family Description

Depot departure (AV/HDV)

Depot restriction (AV/HDV)

Flow conservation (AV/HDV)

Depot capacity

Energy consumption on arcs

SoC propagation on non-parking arcs
Recharge at parking

Initial SoC from depot

Zero load at depots (AV/HDV)
Load conservation at parking
Loading at supplies
Unloading at customers

Arc load capacity (AV/HDV)
Customer service & demand
Supply capacity

Route & node compatibility
Reliability gate (AV)

Tour time limits (AV/HDV)
Parking capacity

Each vehicle can start at most one route from its own depot.

No vehicle may depart from a depot other than its assigned one.

If a vehicle enters a non-depot node, it must also leave it (route continuity).

The number of vehicles stationed/parked at depot d never exceeds capacity V 4.

Arc energy is proportional to the travelled distance; zero if the arc is not used.
State-of-charge decreases along traversed arcs due to the consumed energy.

At parking/charging nodes, SoC increases by a recharge increment m;, when s, = 1.
Departure from depot sets initial SoC 5.

No load leaves or enters depots (vehicle load at depots is zero).
Through a parking node, incoming load equals outgoing load.
Vehicles pick up Ay, units at supply nodes s.

At customers c, vehicles unload ©,, units (deliveries).

The load on any used arc never exceeds the vehicle capacity.

Each customer is visited by > 1 vehicle and its demand p, is met.
Total loaded quantity at supply s does not exceed availability ;.
Only allowed arcs/nodes per vehicle type can be selected.

AV can use an arc only if its reliability exceeds the threshold A™in,
Travel plus charging time must not exceed the route horizon T'y,y.
Number of vehicles parked at node p cannot exceed capacity V,.

These restrictions ensure that for every parking, supply, and
customer node that a vehicle enters, it must also leave, fol-
lowing exactly one route. This guarantees continuity and
prevents inconsistencies in the route.

Depot capacity constraints

(=2 ni)+ > (-3 ai)
keKh: nh=d JeN keKa: ni=d JEN
+ Z Zh’lkd_'_ Z Za:{d < Vg,

keKh ieN keKa ieN

(16)

Vvd € D.

This constraint ensures that the number of vehicles stationed
at any depot does not exceed the maximum available capac-
ity of the depot.

Energy consumption constraints

efjk = Ridijafj, VK €K, V(0 )) € A, (17)
efit =Rped;;hf;, Vk e K", V(,j) € A. (18)

The energy consumed by an electric vehicle on a generic arc
of a network must be zero if that arc is not used by that vehi-
cle and is proportional to the distance traveled along the arc.

":E,k = F,?e, Vk € Khe, (20)

Inequalities 19-20 define the initial SoC at the starting depot
for vehicles in K¢ and K"¢.
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e < — el + ME(A —af), VkeK, Vi, )EA: jEP, (21)
M = — el — M1 —afy), VkeKY, Vi, )EA: j¢P, (22)
e <mfe—efs + MPe(L—hE), VkeKM, Vi, j)eA: j¢P, (23)
e > e — el M —hf), VkeK™, Vi, )eA: j¢P. (24)

Inequalities 21-22 and 23-24 model SoC propagation on
non-parking arcs.

e < i — ey + mispy + ME(L - a;‘p), Yk €K% Y(i,p) €A pEP, (25)
0% = 1 — el + misy — M1 —af), Vk€K® V(i,p)EA:pEP, (26)
a k a
Spk < Z Ujp, Vp eP, Vk € K4, on
ieN:(i,p)eA

e <t — el + miEsit + M1 — hfy), Vk €K™, V(,p)€A:pEP, (28)
e > e — el + mtesit — MPe(L—hf), Vke K", V(i,p)eA:peP, (29)
se< Y hE, VpeP Vkek™

(30)

iEN:(i,p)eA

In a parking node, the electric vehicle can be recharged with
a consequent increase in energy by m{ < Mg or m’* < M}
, depending on the type of vehicle. Note that, due to the
domains of Constraints 63 and 64, 7, and 77;‘; cannot

exceed MY and M}, respectively.
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Vehicle load constraints

Vk € K% VdeD,

qd;k =0,

JEN:(d,j)cA (3 1)
qip =0, Vkek", vdeD, (32)
JEN:(d,j)EA
> ¢y =0, VYk€K9, VdeD, (33)
JEN:(j,d)EA
> ¢l =0, Vkekh, VdeD. (34)
JEN:(j,d)EA

These constraints impose that each vehicle load in a depot
must be zero. In particular, Eqs. 31 and 32 refer to the quan-
tities existing in the depots, and Egs. 33 and 34 those enter-
ing the depots.

Z by = dps Yk €K®, VpeP, (35)
ieEN:(i,p)eA JEN:(p,j)eA

Y A= D, dhe VkEKM VpeP. (36)
ieEN:(i,p)eA JEN:(p,j)eEA

These constraints ensure that the total amount of load trans-
ported remains conserved when flowing through a parking
node.

S oq%h= ) g +A%, VkeKVseS, (37)
IEN:(s,i)EA iEN:(i,5)EA

Soooal= Y. d+AL, Vkekhvses. (38)
iEN:(s,i)eA iEN:(i,s)EA

These constraints ensure that vehicles are properly loaded at
supply nodes before departing.

S o= Y ¢l -06% VKkeKS Yeec, (39)
ieN:(c,i)EA ieN:(i,c)eA

>odh= > -6, Vkek", veec (40)
iEN:(c,i)eA IEN:(i,c)eA

In Egs. 39 and 40, we impose that visiting a client may
require the unloading of a certain amount ©”"_ of product to
fully or partially satisfy the demand of the client.

afy < akQi, Vk €K, V(i) €A, (41)

aity <h5QE, VkeKh, V(i j) €A (42)

Constraints 41 and 42 say that the load of a vehicle can-
not exceed its maximum capacity on a generic arc of the
network.

Customer demand constraints

Z Z hi + Z z ak.>1, Veec, (43)
keKhieN:(i,c)eA keKaieN:(i,c)eA
Y O+ 6% =p, VceC. )

kekh keka

Inequality 43 says that each customer must be visited by
at least one vehicle, and Inequality 44 guarantees that the
overall fleet meets the customer’s demand.

Supply capacity constraints

DAL+ AR <6, Vses. (45)

keka kekh

These constraints impose that the overall quantity loaded by
vehicles in a supply node does not exceed the product avail-
ability of that supply node.

Route and node compatibility constraints

afy <of. VG, J) € A Vk €KY, (46)
hf <Ot VG, )) € A Vk € KM, (47)
af <wf, V(,j) € AVieN,Vk €K, (48)
hl <l Y(i.j) € A Vi €N, Vk € K", (49)
afy <wp, V(G,j) € AVjeEN,Vk €K, (50)
G <wp, Y@, j) € AVjeN,Vke K (51)

These restrictions ensure that vehicles travel only on allowed
roads and nodes according to infrastructure compatibility.
Reliability constraints

k min ,k
/\UZA ajj,

V(i, j) € A,Vk € K°. (52)
Inequality 52 ensures that automated vehicles are employed
on arc (i, j) € A only if their reliability satisfies an assigned
threshold A™", These constraints are for AVs only.

Time constraints

k
Tmax = E Tai + E T Spics

Vk € K9, (53)
(i,))eA peP
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Toax 2 D Thchls+>_léspi, vk €K™, (54)
(i,))EA peP
Tmax > > ThehE, VkeKM\Khe. (55)

(i,j)eA

Inequalities 53, 54, and 55 impose that the travel and charg-
ing time should not exceed Ty, that is, the maximum dura-
tion of the tour.

Parking capacity constraints

ngk'l' Z SSESVP’

keka keKhe

Vp € P. (56)

This restriction enforces parking limits, ensuring that the
number of vehicles parked does not exceed the available
space.

The model uses an explicit vehicle index k& for every
routing and parking/recharge decision. Hence, any vehicle
counted as “parked” at a parking node is necessarily one of
the vehicles in the given fleet (there is no mechanism in the
formulation that can create additional vehicles). Therefore,
a global constraint limiting the total number of parked vehi-
cles by the total fleet size would be redundant. In particular,
the parking-capacity constraints are meant to limit space at
each parking location; the total number of vehicles involved
in the plan is already limited by the fact that routes and stops
are defined per vehicle, starting from the vehicles initially
located at their assigned depots.

Domains of the variables

h e{0,1}, Vkek", V() €A, (57)
aj€{0,1}, VkeK, V(,j) €A, (58)
spr € {0,1}, Vk€K?, VpeP, (59)
spe € {0,1}, Vkekh, VpeP, (60)
el >0, VkeK® V(j) €A, (61)
et >0, VkeK", V(,j) €A, (62)
0 < 7 <Mg, VkeK? VjeEN, (63)
0< it <Mpe, VkeK", VjeN, (64)
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4k =0, VkeK?, V() €A, (65)
a2 0, VkeKh V() €A, (66)
A% >0, VkeK® VseS, (67)
Al >0, Vkekh vses, (68)
0% >0, VkeK? VceCd, (69)
e >0, Vkekh, Vcec. (70)

3.3 Minimum Arc Reliability Definition

In the model, AV arcs are allowed only if their reliability
exceeds a threshold A™™ (Constraint 52). In practice, we set

Amin — BI/L

where 3 € (0,1) is a target route-level reliability chosen by
the operator and L is a data-driven proxy for the number
of arcs on an AV route that we generated by the proposed
Algorithm 1. This choice equates the geometric mean of the
arc reliabilities along a length-L route to 5. Empirically, we
canset 5 € [0.85,0.95] and L taken as a high percentile (e.g.,
the 90th) of the arc-counts produced by Algorithm 1. This
construction implicitly relies on an independence approxi-
mation across arcs when translating a route-level reliabil-
ity target into an arc-level admissibility threshold. More
precisely, it assumes that route reliability can be approxi-
mated by the product of marginal arc reliabilities, so that
a geometric-mean threshold can be used as an operational
proxy. In real transportation networks, however, arc reli-
abilities are likely to be positively correlated because they
are jointly affected by spatially structured factors such as
weather, congestion, and infrastructure quality. Under posi-
tive correlation, the product of marginal reliabilities may
fail to reproduce the true route-level success probability
exactly and should therefore not be interpreted as an exact
probabilistic guarantee. For this reason, the rule A™"? = gL
is used in this paper as a transparent engineering approxi-
mation that converts a route-level reliability target into an
auditable arc-level admissibility threshold.

In practical terms, this means that A™™ should be inter-
preted as a policy-oriented operating threshold rather than
as a statistically exact safety certificate. If a decision-maker
wishes to hedge against possible positive dependence across
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arcs, a more conservative choice of 8 can be adopted, or
route-level correlation-aware reliability models can be
introduced in future extensions.

Algorithm 1 Computation of the route-length proxy L.

1: For all (i, j) € A and k € K“, set energy lower bounds cf‘/ <«
RZ . d” with k € K9,

2: Assign each i € C to its nearest depot d(i) € D by distance dy(;),;
(ties are broken arbitrarily).

3: Initialize a pool of singleton AV routes for each assigned customer
that is round-trip energy-feasible for at least one AV:

Ry« {r=W—i—>d) :ieC d=di), ek stch+ck, <MInp <0f)

4: for each depotd € D do

5:  Clarke and Wright [6] savings. For assigned i # j with d(i) =
d(j) = d, compute
s, j) =dig +daj —dij, s, i) =dja+dsi —dji,
and create two candidate pairs (i — j) and (j — i) accordingly.

6:  Sort all directed pairs by nonincreasing savings.

7. for each directed pair (i — ;) in that order do

8: Let r; be a route in Ry that currently ends at i, and r; a route
that currently starts at j (if such routes exist and are distinct).

9: Capacity check. Check 3k € K“ with ¢(r;) + q(rj) < Of,
where ¢(-) is the sum of customer demands on the route.

10: Boundary-leg energy check. Check 3k € K¢ such that all
boundary legs to be created remain feasible on some k € K%:

“f;s«r,-),j < My, c,k first(r;) = My, cs, firstr) < Mp c{(asl(rj),d < M.
11: if both checks pass then

12: Merge r; < r; or; (concatenate) and remove r; from R4.

13: end if

14:  end for

15: end for

16: Let R < Uyep Ra-

17: if R = @ then

18:  Set L < 2 and go to Step 22.

19: end if

20: For each r € R, define its length as the number of arcs H () along
r (including depot legs).

21: Compute the empirical t-quantile (e.g., 7 = 0.9)of {H(r) : r € R}
with the nearest-rank rule: if » = |R| and H(jy < --- < H(y) are
the sorted values, then L < |—H( Tt |-

22: return L and set A™" « gl/L,

The feasible set of our model is monotone nonincreasing
in A™": increasing A™" can only remove AV arcs, never
add them. The full model remains feasible provided that
every required customer is still connected to some depot by
a feasible path in the union of (i) all HDV arcs and (ii) AV
arcs with A;; > A" (and subject to time/energy/compat-
ibility constraints). Therefore, infeasibility may arise only
if a customer is effectively AV-only (by compatibility) or
HDV routing is otherwise blocked (e.g., by time limits),
and all incident AV (i, j) arcs to/from that customer have
Aij < Amin,

Before solving, we run a connectivity/feasibility check
on G(A™m): for each customer c, we verify (by the same
Algorithm 1) the existence of at least one depot-reachable

path that respects (i) vehicle-type compatibility and (ii)
energy/time lower bounds (i.e., t{}‘i“ and cé‘j used in Algo-
rithm 1). If any customer fails this test, either lower A™"
or allow the customer to be served by HDVs. In practice, a
safe cap AP is

. . 1r|
Amin < min max ( I I )\ij) s (71)
¢ feasible path r : depot—c d.er

i.e., do not set A™" above the best geometric-mean reliabil-
ity of any feasible depot—customer route. This cap should
be interpreted consistently with the independence approxi-
mation discussed above: it provides an operational upper
bound for threshold selection within the model, but it is
not intended as an exact route-level probabilistic guarantee
when arc reliabilities are correlated.

4 Computing Arc Reliability Ranges to
Replan Routes When Reliability Changes
Over Time

In this and the next section, we analyze how the model can
be used under changing network conditions that imply vari-

ations in the /\{‘j values over time. We start by analyzing the

theoretical framework.

Consider a general constrained optimization problem
where the objective function and some constraints depend
on a parameter (:

mxin f(x, Q) (72)
st. gi(x, () <0, i€ Ic, (73)

gi(x) <0, i€l (74)
where:

- f(x, () is the objective function dependent on (,

- gi(x, ) are inequality constraints that explicitly depend
on g,

- gi(x) are inequality constraints independent of ¢,

- I is the set of indexes of the constraints parametrized
in ¢

- I is the set of indexes of the constraints not parame-
trized in ¢

- x represents the decision variables.

The Lagrangian function associated with this problem is
given by:

L0, Coho ) = FO O+ D digiCe O+ D g, (75)

iel: icl
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where ¢; > 0 are the dual variables for the inequality
constraints.

The first-order necessary conditions (Karush-Kuhn-
Tucker conditions) include the following:

Vil = VIO + 3 oVan O+ mVa@ =0 (7¢

iel; iel
gi(x,0) <0, Viel, (77)
gi(x) <0, Viel, (78)
¢igi(x,{) =0, Viel, (Complementary Slackness), (79)
¢;gi(x)=0, Viel, (Complementary Slackness), (80)
¢ >0, Viel UL (81)

To measure how changes in ( affect the optimal objective
function Z*, we differentiate the Lagrangian with respect to (:

dc 9 f(x 0 0g;(x, C)
a " D (82)

lEIC

Thus, the sensitivity of the optimal objective function Z*
to ( is:

OG0 | 3 g 08000,

aC (83)

lEIC

This expression tells us how much the optimal cost Z*
changes with respect to small variations in {. Notice that
constraints associated with sets I do not contribute to this
sensitivity because they do not depend on ¢, which makes
their derivatives zero.

Let us now customize the above analysis to evaluate the
stability of the optimal solution of our model with respect
to changes in /\1‘1

The routing formulation in Section 3 is a mixed-integer
program, and dual multipliers and KKT-based sensitivity
analysis are not defined in general. To retain a dual-based
signal, we compute shadow prices on an LP surrogate,
namely the continuous relaxation obtained by relaxing all
binary variables in the proposed model. The resulting dual
multipliers are well-defined and quantify first-order sensi-
tivity of the optimal LP value (a valid lower bound for the
MIP) with respect to small parameter changes. We use these
values as a criterion for re-optimization under time-varying
reliabilities (they do not represent, in general, a certificate
that the MIP optimum is unchanged).

Assume that parameter ¢ considered in the previous theo-
retical framework, in our model, is coded by )\ values and,
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therefore, constraints g;(x, ) previously defined are the reli-
ability gate constraints

A > Amingl (i, j) € A, Yk €KY, (84)

which we rewrite as

gg‘j(x,/\) = Aming k )\k <0.

Let d)k L% > 0 denote the dual multiplier of g, < 0 in the

LP relaxation optimum. Since 8glj/8/\k = —1, the con-

straint contribution in Eq. 82 is —d)Z L

Since the objective includes the reliability term — k(Z,) Ayl
, then 8f/8)\ kLP*
welght ay of that term), and the total derivative becomes:

(up to the fixed scalarization

azLP*

k,LPx k,LP«
Ok
E)Aij

—Qy - aJ ij . (85)

Let € > 0 be a tolerance on the admissible local change
in the LP objective value (or LP bound) between two
decision points. Using the first-order approximation

ZWPH (N + AN) & ZWPH(N) + (2P /0N )A)xl], we define
for each parameter )\ﬁ‘j the screening interval
k,mi k €
>‘ijmm = max {0, )‘ij — 57iP: },
| k | €o
oA
. (86)
)\;cj,max = min {1, )\i-‘j + —azLPf },
12

where €y > 0 is a small safeguard to avoid division by zero.
These intervals are used as a trigger as described in the next
section: if many updated )\ leave their intervals, we warm-

start or re-solve the MIP; otherwme, we keep the current
plan.

Independent of the screening rule, if the current MIP

k,MIP «

plan uses an AV arc (a;; =1) and an update yields

Af; < Aminthen the incumbent becomes infeasible, and

rerouting is mandatory.

To extract the optimal dual variables d)fjk of Constraints

52 after the solver runs (to solve the LP relaxation of the
proposed MIP) using the Gurobi 13.0.1 solver, it can be
done as follows:

rel = model.relax()

rel.optimize ()

dual values = rel.getAttr (GRB.Attr.Pi,

Reliability Constraints)
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Role and Selection of € Parameter € represents a predefined
sensitivity threshold that determines how much variation in
)\fj is considered acceptable before requiring a model re-opti-
mization. The choice of e directly affects the computed stabil-
ity range and is crucial for practical implementation. A higher e
allows for a broader range where changes in A do not trigger re-
optimization, while a lower € results in a more conservative esti-
mation, requiring frequent updates to the optimization model.

The selection of € depends on operational flexibility, that is,
if the system can tolerate small deviations in routing reli-
ability, a higher € is chosen, and computational constraints,
that is, if frequent re-optimizations are computationally
expensive, a higher e is preferred.

5 An Optimization Framework for Dynamic
Reliability Update and Rerouting

In the following, we propose an optimization framework that
allows a logistic operator to dynamically take into account
variations in the reliability parameters )\5 in the network.

The procedure ensures that fleet operations remain opti-
mal over time, minimizing the need for unnecessary recom-
putation using the stability ranges presented in the previous
section while ensuring feasibility in response to significant
changes in \f;.

Step 1: Initial model execution

- The logistic operator sets the initial set of reliability
parameters )\i-‘j for each k € K¢ and each arc (i, j) € A (e.g.,
relying on an Al-based prediction).

- The operator solves the optimization model presented
in Section 3 with these values, obtaining the optimal routing
and allocation of vehicles.

- The sensitivity analysis is performed to determine the
stability range [)\fj’mm,)\ifj’m“] for each /\{.‘j, indicating that
the solution is likely to remain valid within these limits.

Step 2: Periodic update of \;

- Every At, reliability parameters )\ﬁ‘j are updated based

on new data and predictions.

- The operator checks whether all updated values remain
within their respective stability intervals:

A5 € IS AR VG, j) € A, VK € KA (87)

Step 3: Decision on recomputing the model
-If /\ffj remains within the stability range for all arcs and vehi-

cles, no recomputation is triggered, and the current routing plan
is kept.

- If any /\fj falls outside its stability range, the model
needs to be updated.

- To enhance computational efficiency, the logistic opera-
tor should determine whether the model can be partially
updated: (i) if only a small subset of arcs/vehicles experi-
ences significant changes, the previous solution can be used
as a warm start, fixing variables for unchanged assignments
and solving a reduced problem. (ii) If widespread changes
occur, the model should be re-run from scratch to find a
globally optimal new solution.

In Algorithm 2, we summarize the steps of the iterative
procedure.

Algorithm 2 Dynamic reliability update and rerouting.

1: Initialize Af;.

[\

: Solve the optimization model with initial Af.‘/. and store optimal
routes. ‘

3: Compute stability intervals [X;‘j‘.m‘", Af/fmax] as defined in Section 4.

4: while true do ‘

5:  Wait for update interval Az.

6:  Receive new Af‘]

7o AfYGL ). kA e [Af]tm“‘, Af.‘jzm““] then

8: Maintain current solution, no recomputation needed.

9:  else

10: Identify affected arcs/vehicles where Af.‘ . is out of range.

11: if only a small subset of arcs/vehicles are affected then

12: Solve a reduced problem by fixing previous assignments
where feasible. i

13: Recompute stability intervals [X;‘j‘.m‘", Af/fmax] as defined in
Section 4. ‘

14: else

15: Re-run the full optimization model.

16: Recompute stability intervals [X;‘j‘.m‘", Af/fmax] as defined in
Section 4. ‘

17: end if

18: Communicate updated routing plan to AVs and HDVs.

19:  endif

20: end while

5.1 Step 6 of Algorithm 2: Estimating Reliability
from Historical Traversal Data

The purpose of this subsection is to illustrate a possible
data-driven pipeline for estimating the reliability param-
eters \(1) in a real deployment. Accordingly, this part of
the paper should be interpreted as a methodological sketch
showing how arc reliabilities could be estimated from his-
torical traversal data, rather than as an empirically cali-
brated predictive model validated on a specific dataset.

To estimate the reliability parameter /\f.‘j (1), one may employ
a supervised learning approach based on logistic regression.
Such an approach models the probability that an autonomous
vehicle (AV) k € K? successfully traverses a given arc (i, j)
under a specific set of conditions observed at time ¢.
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In the illustrative setting considered here, the predictors
are arc- and context-dependent, so the resulting reliability
can be interpreted as an arc-level quantity common to all
AVs operating under the same environmental conditions.
A fully vehicle-specific reliability model would require the
inclusion of AV-dependent predictors, such as sensor-suite
configuration, software version, automation stack, or vehi-
cle-specific performance indicators.

In a real deployment setting, each observation in the
dataset would correspond to a historical traversal attempt

®

of an arc (i, j) by an AV. A possible feature vector X;;” may

include the following contextual variables:

travel time [min]: average observed travel time;
speed [km/h]: average speed over the arc;

e congestion [0-1]: normalized traffic congestion
level,

e incidents: number of recent override or intervention
events;

e infrastructure[0-1]:infrastructure quality rating;

e v2Xe {0,1}: presence of vehicle-to-infrastructure
communication;

e weather: a categorical variable with values in {clear,
rain, fog, snow}.

It should be noted that some of the above predictors may
be correlated in practice. In particular, travel time and
speed are mechanically related through distance and may
therefore exhibit substantial collinearity depending on the
aggregation level of the observations. In a real empirical
implementation, this issue should be handled through stan-
dard preprocessing and model-selection procedures, such
as feature elimination, regularization, or other collinear-
ity diagnostics. Since the present subsection is illustrative
and not based on a fitted dataset, these diagnostics are not
reported here.

Each observation would be labeled with a binary out-
come y representing whether the traversal was successful:

@ _ J 1 if the AV completes the arc without intervention or failure,
Y™ =19 o0 ifthe AV fails, is overridden, or does not complete traversal.

This label would then be used as the target variable in the
training process.

Before model fitting, categorical variables can be encoded
using one-hot encoding. For example, the weather vari-
able can be transformed into:

® weather rain,
weather_snowe {0,1},

weather fog,

@ Springer

with weather clear used as the reference category
and excluded to avoid exact multicollinearity in the design
matrix.

Assume that, in a real deployment setting, a dataset of N
observations is available:

D= {(X(i)’y(i))}il _

A logistic regression model could then be trained to estimate
the probability of successful traversal:

1

2D =py® =1 xD,8) = — .
L+exp (-8 + X, Bx)

(88)

In such a setting, the model parameters 3 = [y, 51, ..., Bp]
would be estimated by maximizing the log-likelihood
function:

N
log £(B) = Z [yP1ogAD) + (1 = yD)log — AD)|.  (89)
i=1

Such an estimation problem can be solved numerically
using standard optimization routines, such as L-BFGS or
equivalent gradient-based solvers. In a full empirical study,
one would also report the usual model-diagnostic informa-
tion, such as calibration measures, out-of-sample perfor-
mance, and uncertainty estimates for the fitted coefficients.
These elements are outside the scope of the present paper
because the current subsection is intended only to illustrate
the estimation pipeline.

Once calibrated on operational data, the model could be used
to compute the reliability of any arc (i, j) for an AV k at time ¢:

A0 = —; OGNS (90)
1+exp (—(ﬁo +Zj:1 Bjx; ))
Here, x") would contain the current values of traffic,

ij
weather, infrastructure, and other contextual variables
observed for arc (i, j) at time ¢.

It is important to stress again that the reliability values
used in the computational experiments of Section 6 are
exogenous scenario parameters adopted for optimization
and benchmarking purposes; they are not outputs of the
illustrative logistic-regression pipeline described in this
subsection.

In Table 3, we summarize the conceptual estimation
pipeline.
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Table 3 Conceptual pipeline to estimate )\{‘j(t) from data

Step Description

1 Collect historical AV traversal logs

2 Label each attempt as success (y = 1) or failure (y = 0)
3 Encode categorical features and preprocess inputs

4 Estimate [ through logistic regression

5

Use the fitted model to predict )\’i‘j(t) in real time

5.1.1 lllustrative Numerical Example

For illustration, suppose that a logistic model calibrated on
operational data has produced the following coefficients
(with one-hot encoding for weather and clear as the refer-
ence category):

Parameter Value
Intercept Sy —3.20
travel_time (min) By -0.15
speed (km/h) Bgpq +0.04
congestion[0,1]Bcong —2.10
incidents (count) By —0.60
infrastructure[0,1]8iys +1.80
v2Xe {0,1} By +0.90
weather rainfup —0.80
weather_fogf, -1.10
weather_snowfew —170

Consider arc (i,j) at a decision time with the fol-
lowing contextual conditions: travel time = 3.5 min,
speed = 40 km/h, congestion = 0.55, incidents = 1,
infrastructure = 0.8, V2X = 1, weather = fog. With one-
hot encoding, this implies (weather_rain,weather_fog,
weather_snow)= (0, 1, 0).

The linear predictor is then

n= fBO + ﬂll $3.5+ /Bspd -40 + Bcong -0.55+ /3inc 1+ /Binl“ -0.8+ ngx 1+ ﬁlbg -1

Substituting the illustrative coefficients yields

n =-=3.20 —0.525 + 1.600 — 1.155 — 0.600 + 1.440 + 0.900 — 1.100 = —2.640.

Therefore, the estimated reliability is

11

k _ —
Ay =00 = 750= = T ezem

~ 0.0667, 1)

that is, approximately 6.7% probability of successful AV tra-
versal under fog, relatively high congestion, and one recent
incident.

For contrast,
travel time = 3.0,

favorable conditions
congestion = 0.20,

under more
speed = 45,

incidents = 0, infrastructure = 0.9, V2X =1,
weather = clear, the same illustrative model gives

n' = —3.20 4+ (—0.15) - 3.0 + 0.04 - 45 — 2.10 - 0.20 + 1.80 - 0.9 + 0.90 = 0.25,

1
/\Ejk(t) =o() = T5e 05 ~ 0.562. (92)

In this second situation, the predicted reliability is approxi-
mately 56.2%. The same type of computation would apply to
any arc (i, j) and any k € K%, once the corresponding fea-
ture vector is instantiated from operational data.

In Fig. 1, we report the flow chart of this overall optimi-
zation framework.

6 Case Study on Sustainable Logistics in
Northern Italy

In this section, we present computational experiments to
demonstrate how the model and the optimization frame-
work can serve as a reference point for managers and logis-
tics distribution operators. The latter were implemented
and solved using Python 3.14 and Gurobi 13.0.1 on a PC
equipped with an Intel i19-13900K processor with 24 cores,
196 GB of RAM, and a Windows-based operating system.

6.1 Case Study Setup

The logistic network for the use case covers key industrial
and commercial hubs in Northern Italy, including Milan,
Turin, Bologna, Verona, Venice, Genoa, and Florence.
Table 4 provides an overview of the network nodes within
the logistics network, categorizing them as depots, parking
locations, customer locations, and supply nodes. Each node
is defined by its geographic coordinates and capacity, in
terms of vehicle storage capacity or freight handling capa-
bility. Table 5 presents the distance matrix, which specifies
the direct travel distances in kilometers between all nodes
of the network. Table 6 describes the fleet composition,
detailing vehicle types, payload capacities, and operational
parameters. AVs are characterized by their energy consump-
tion, maximum autonomy (range), emissions, charging
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time, and cost per km. HDVs have all thermal engines and
are characterized by their maximum autonomy, emissions,
and cost per km. Table 7 defines the initial reliability val-
ues for each arc in the network, representing the chance that
a given vehicle type can traverse a specific route without
disruptions. Reliability parameters are critical to optimiz-
ing vehicle allocation and determining trade-offs between
emissions, energy consumption, and operational costs. It is
important to emphasize that the reliability values adopted
in the computational study are exogenous scenario param-
eters used to calibrate the optimization experiments and are
not the output of the illustrative logistic-regression pipeline
described in Section 5.1. Moreover, it is important to further
note that, in the numerical experiments, these reliability val-
ues are assumed to be identical across all AVs, so that reli-
ability is effectively treated as an arc-level characteristic of
the operating environment rather than as a vehicle-specific

Fig. 1 Flow chart of the optimization framework. !

attribute. The more general notation )\ﬁ‘j is retained in the for-

mulation to allow future extensions with heterogeneous AV
classes or vehicle-specific reliability profiles. Table 8 lists
the initial depot locations and charge levels for each vehicle
at the beginning of the planning horizon. Electric vehicles
start with a specific charge level, which influences their
initial range and the need for intermediate charging stops
(thermal-engine vehicles are assumed to have negligible
refueling time). Table 9 specifies the vehicle compatibility
matrix, indicating which vehicles can access specific nodes.
The depots are compatible with all vehicles, while the park-
ing, customer, and supply nodes impose restrictions based
on the type of vehicle and operational feasibility. In our case
study, it is assumed that the arc compatibility is complete
for all vehicles, that is, 6i; =1,V(i, ) € A, Vk € K* and

5ihjk =1,Y(,j) € A, Yk € K"

Initial reliability estimation ‘

Compute A¥;(t = 0) from data (Section 5.1)

<— yes Is time horizon met?

@ Springer

Reliability gate
Choose A™® (Section 3.3)

[Multi—objective MIP] | Outputs

(Section 3.2) 1 Routes (AV/HDV), cost,

| energy, emissions

yes

no

{Update )\fj (t) (Section 5)} no

Apply sensitivity analysis
(Section 4)

Are there significant
changes for A;;(t) values?
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Table 4 Network nodes with their geographic coordinates and capaci- N oA O T o o 0 00 I~ O
ties/demands FAITE2I LI RTRALITAS&Zo
Node Type City Latitude Longitude Capacity
(vehicles)
Dl Depot Milan 454642 N  9.1900 E 6 vehicles S 2 @8 a2+ dF ot 8 2
. . NN 1 0 —w —w N A F 00 — — O — — O —
D2  Depot Turin 45.0703 N 7.6869 E 5 vehicles
D3 Depot Verona 454384 N  10.9916 E 6 vehicles
P1 Park- Brescia 45.5416 N 10.2118 E 4 vehicles ale = o o B BRI - 8
ing NIm N B 0OBR =0~ N —no =&
P2 Park- Parma  44.8015 N 103279 E 5 vehicles
ing
P3 Park- Modena 44.6471 N 10.9252 E 5 vehicles 0 — o~ n o o~ <+ ©
in BBLZBR=2RIIZTAERZ2R
g
Node Type City Latitude Longitude Demand
(tons)
Cl  Cus- Genoa 444056 N 89463 E 1.2 tons clErnomalihownd3a 23c8
tomer Ol en © —w —m = AN — 1 — = O — — O =—
C2 Cus- Bologna 444949 N  11.3426 E 1.5 tons
tomer
i MR 2RETEERE2R G axda
C3 Cus-  Venice 454408 N 123155 E 1.8 tons U223 R338IL=cRo2ldgadg
tomer
C4 Cus-  Florence 43.7696 N  11.2558 E 1.4 tons
omer 2255383 232582
Cs Cus-  Trieste 45.6495 N  13.7768 E 1.1 tons Oldn —m w0 0o d = —=——~ &
tomer
Co6 Cus- Padua 454064 N  11.8768 E 1.2 tons
tomer slIgzeRsge _22a.28¢0
Node Type City Latitude Longitude Capacity Ofve === ~—~a —o & —oa—x%3
(tons)
S1 Supply Piacenza 45.0524 N 9.6928 E 6 tons
S2 Supply Parma 44.8015N 103279 E  8tons ggf8sgna_fzn=%z33
S3 Supply Ferrara 44.8392 N 11.6198 E 8 tons
S4 Supply Udine  46.0623 N 13.2345 E 6 tons
—238SEE_SKREELZ2EFE
Ol —m w m —m —m O —w AN —w < N O — A "
Generation and Calibration of the Synthetic Case-Study
Parameters Although the logistics network considered in
this paper is based on real geographic locations and real TR Te IS5 caS
inter-city distances in Northern Italy, several operational
parameters used in the computational study are synthetic.
We therefore clarify here how the benchmark instance was e crlonool ot
generated and calibrated. Aif— 10 0 © 8 — 0 = = d = o = A
Depots, parking locations, customer nodes, and supply - - o o — -
nodes correspond to actual cities in Northern Italy, and A2 R e8I R2BLCF
the distance matrix reported in Table 5 is derived from
the corresponding road-network structure. Therefore,
the spatial component of the benchmark is not randomly EIR|= S _ugg 883 % 2= xg3
generated. z
Second, customer demands and supply capacities are E
synthetic but scenario-calibrated. More precisely, the Slalg 22882z m%cc5g
. PIAl— o A A Qa ~& e F o~ o S
values reported in Table 4 were selected to represent §
plausible medium-scale regional freight-distribution 2
volumes while preserving consistency with the adopted 2| ST o2z o022
vehicle capacities and the overall size of the considered g Ale—-—®~~=—8aaoad—an
network. In this sense, “calibrated” means that the demand n
. [ [}
and supply values were designed to generate a realistic = |- _
el 2828z 20080388zaa3
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Table 6 Fleet composition with capacity, range, energy consumption, emissions, time to recharge (electric vehicles), and cost per km

Vehicle Engine Type Qﬁ/lecl Range Rﬁ/Rﬁe CI?/CI? T;?/Tzile wﬁ/wi'
Type (tons) (km) (kWh/km) (kg CO,»/km) (h) ($/km)
AV1 Electric 1.5 435 0.39 0 0.92 1.1
AV2 Electric 1.5 435 0.39 0 0.92 1.1
AV3 Electric 1.5 435 0.39 0 0.92 1.1
AV4 Electric 1.5 435 0.39 0 0.92 1.1
AVS Electric 1 275 0.36 0 0.58 0.8
AV6 Electric 1 275 0.36 0 0.58 0.8
AV7 Electric 1 275 0.36 0 0.58 0.8
AV Electric 1 275 0.36 0 0.58 0.8
HDV1 Thermal 3 550 N/A 0.28 N/A 22
HDV2 Thermal 3 550 N/A 0.28 N/A 2.2
HDV3 Thermal 3 550 N/A 0.28 N/A 22
HDV4 Thermal 3 550 N/A 0.28 N/A 2.2

mix of feasible and binding routing decisions rather than
being drawn from an arbitrary random generator without
operational interpretation.

Third, fleet parameters were calibrated from publicly
available technical specifications and representative
operational values. In particular, the capacities, ranges,
energy-consumption coefficients, recharge times, emis-
sion factors, and distance-based operating costs of AVs
and HDVs were assigned to reflect plausible differences
between electric autonomous vehicles and conventional
human-driven freight vehicles. The resulting fleet com-
position is therefore synthetic but built to preserve realis-
tic scale relations among load, distance, energy, and cost.

Fourth, the arc-reliability matrix reported in Table 7
is also synthetic and should be interpreted as a sce-
nario-calibrated benchmark input, not as the output
of an empirical statistical estimation on a real AV tra-
versal dataset. More precisely, the reliability values were
assigned to reproduce a heterogeneous operating envi-
ronment in which some corridors are highly favorable to
AV deployment while others are closer to the admissibil-
ity threshold A™". This choice was made intentionally to
test the role of the reliability-gating mechanism within
the routing model. Therefore, Table 7 should not be read
as an empirically fitted reliability map, but as a bench-
mark scenario designed to be operationally plausible and
computationally informative.

Finally, the term “scenario-calibrated” is adopted in this
paper to indicate that synthetic quantities were selected
within plausible operational ranges and jointly tuned to
generate a non-trivial mixed AV/HDV routing problem.
This benchmark-construction approach is common in meth-
odological optimization studies when real, fully integrated
datasets are not available in a form suitable for reproduc-
ible experimentation. Nevertheless, we acknowledge that

@ Springer

future work should validate the framework on empirically
estimated demand and reliability data from real freight
operations.

6.2 Analysis of Weighting Scenarios on Pareto-
Optimal Solutions

To solve the multi-objective model, we employ a scalarization
approach (weighted sum of the objectives), where we assign a
weight to each of the four objectives to obtain a single-objec-
tive model. The evolution of weight vectors is illustrated below
and summarized in Algorithm 3. Indeed, the proposed weight-
adaptation mechanism is heuristic in nature, and its purpose
is to guide the exploration of balanced trade-off solutions by
adjusting the scalarization weights in response to observed
objective deterioration. It is worth noting, in fact, that weighted-
sum scalarization, while computationally convenient and easy
to embed in the MIP framework, cannot recover non-convex
portions of the Pareto front in discrete multi-objective prob-
lems. Therefore, the solution sets reported in this paper should
be interpreted as informative approximations of the trade-off
structure induced by the sampled scalarizations, rather than as
an exhaustive reconstruction of the full Pareto set.

We begin with a uniform weight vector
a® =(0.25,0.25,0.25,0.25), where «; is associated with
the i-th objective of the model. The scalarization of the four
objectives via a convex combination is as follows:

3
min E Qpzo(x) — auzy St
XEX =

acd i={aeR| Y a,=1},  (93)
=1

where zi,z,,z; are the total emissions, total energy con-
sumption, and total cost, respectively, while z, is the total
reliability. X indicates the feasible region defined by the con-
straints of the model.
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Ajj for every k € K¢

k _
ij —

Table 7 Baseline reliability parameters for each arc. In the main case study, these values are assumed identical for all AVs, so that A%
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Normalized AE;t) At iteration # we solve Eq. 93 with weights
a® and obtain objective values zgf). For minimization objec-
tives (¢ € {1,2,3}), we define the normalized deterioration
© _ -0

®) ._ %e
R (2}

28 e’
while for the reliability term (¢ = 4), where larger is better,
we flip the sign:
t—1 t
w._ 25—z
4 = — .
24 +e

Here ¢ > 0 prevents division by zero (we use € = 107%).

Weight Update and Projection Let ggf) 1= clip(Ag), —,7)
with a clipping parameter v > 0 to temper outliers. We
update pre-normalized weights

a4V = o 4 pg®, £=1,..,4,

with stepsize 1 > 0, enforce lower/upper box safeguards
0< dg“) < 1, then project onto the simplex:

o+ = JI, (a+D)  where IIa,(w) :=arggreliAn lv = ull,.
4

In implementation, we use the standard “shift-and-

threshold” projection: subtract a common scalar 7 so that
4

Z max{u, — 7,0} = 1 and then apply the positive part.
=1

Algorithm 3 Objective weight adaptation.

1: Input: Initial weights ad = (%, %, %, %), stepsize n > 0, clip
y > 0, tolerance ¢ > 0, max iters 7. Let z® —=0.

2:fort=1,...,T do

3: Solve Eq. 93 with ) and obtain z\", with € = 1, ..., 4

4: for £ € {1,2,3} do
0 _ =)
[

o
5: Ag < D
|zél71)| +¢&
6: end for -1 o
—
7. AP < 2
t—1)
lzg l+e
8: for{=1to4do
9 g <dip(a, —y.y)
10: &ZHI) < min{1, max{0, oczt) + ng?)}}
11: end for

12 atth M, (@)
13:  if stopping criterion satisfied then

14: break
15: end if
16: end for
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Table 8 Initial depot location and initial state-of-charge of vehicles (where applicable)

Vehicle Initial Depot Initial Charge Level (kWh)
AV 1 D1 85
AV 2 D2 90
AV 3 D1 80
AV 4 D1 95
AV 5 D2 88
AV 6 D1 92
AV 7 D1 87
AV 8 D2 89
HDV 1 D3 -
HDV 2 D2 -
HDV 3 D1 -
HDV 4 D1 -

Table 9 Node-vehicle compatibility matrix associated with w,i‘i and wy; parameters

Node Compatible Vehicles

DI AV 1,AV 2, AV 3, AV 4, AV 5, AV 6, AV 7, AV 8, HDV 1, HDV 2, HDV 3, HDV 4
D2 AV 1,AV 2,AV 3,AV 4,AV 5, AV 6, AV 7, AV §, HDV 1, HDV 2, HDV 3, HDV 4
D3 AV 1,AV 2,AV3,AV 4,AV5,AV 6, AV 7, AV §, HDV 1, HDV 2, HDV 3, HDV 4
P1 AV 1,AV 3, AV 4, AV 6, AV 7, HDV 3, HDV 4

P2 AV 2,AV 5, AV 8, HDV 1, HDV 2

P3 AV 1,AV 2, AV 3, AV 4, AV 5, AV 6, AV 7, AV 8, HDV 1, HDV 2, HDV 3, HDV 4
Cl AV 1,AV 2, AV 3, AV 4, AV 5, AV 6, AV 7, AV 8, HDV 1, HDV 2, HDV 3, HDV 4
C2 AV 5,AV 6,AV 7, AV §, HDV 1, HDV 2

C3 AV 1,AV 2,AV 3, AV 4, HDV 1, HDV 2, HDV 3, HDV 4

c4 AV 1,AV 2, AV 3, AV 4, AV 5, AV 6, AV 7, AV 8, HDV 1, HDV 2, HDV 3, HDV 4
Cs AV 5,AV 6, AV 7, AV 8, HDV 1, HDV 2

C6 AV 1,AV 2, AV 3, AV 4, HDV 1, HDV 2, HDV 3, HDV 4

S1 AV 1,AV 3,AV4,AV 6, AV 7, HDV 1, HDV 2, HDV 3, HDV 4

S2 AV 1,AV 3,AV 4, AV 6,AV 7, HDV 1, HDV 2, HDV 3, HDV 4

S3 AV 2, AV 5, AV 8, HDV 1, HDV 2, HDV 3, HDV 4

S4 AV 2,AV 5,AV 8, HDV 1, HDV 2, HDV 3, HDV 4

Algorithm Parameters and Stopping Criteria We termi- Step 1 — normalized deltas. For minimization objectives

nate when (i) the last /7 iterations produce relative changes ¢ € {1,2,3},

|A§f)| < ¢ for all €, or (ii) an iteration budget 7 is met. Typi-

cal values are 7 € [0.05,0.2], 7 € [0.05,0.1], W =3, and 4= "20 =003, A= 20=003,  4,=2L 00
=103,

For reliability (larger is better),

Example Consider iteration k& with current weights:

A, _ 080078

4 T 080 T T

a® = (0.40, 0.25, 0.15, 0.20), Zag") =1
6=1

Step 2 — clipping. Since all A, € [—, 7] = [-0.05,0.05]

Assume that the objective values att = k — 1 and ¢t = k are:
g =clip(Ad,,—v,7) =4, = g=(0.03,—0.03,0.02, 0.025).

(257, 20 1 D) = (100, 200, 50, 0.80),

Step 3 — pre-projection update.
(20,289, 29 20) = (103, 194, 51, 0.78). ©
Qe =0y +18
Let e = 1072, clip bound ~ = 0.05, and stepsize 1 = 0.1.
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gives

&, = 0403, @, =0247, d;=0152, d,=0.2025,

with sum 0.403 + 0.247 + 0.152 + 0.2025 = 1.0045.

Step 4 — simplex projection. Because all com-

ponents are positive, the Euclidean projection onto
4
Ay={a>0: Z a, = 1} subtracts a common shift
¢=1
1.0045 -1
7= —— = 0.001125.
4

Thus,

ak+) = g — 71 = (0.401875, 0.245875, 0.150875, 0.201375),

which are nonnegative and sum to 1.

Figure 2 presents a graph that illustrates the evolution of
the weight components «j,a,, a3, a4 over 50 genera-
tions, as generated by the Objective Weight Adaptation
algorithm. This visualization reveals the dynamic adjust-
ment of the weight vector in response to the observed
changes in the values of the objective function. At
iteration 1 the algorithm starts from the uniform prior
(o, ap, a3, 04) = (0.25,0.25,0.25,0.25). At each step, the
feedback rule compares normalized objective changes and
shifts toward objectives that deteriorated, while projecting
back to the simplex.

6.3 Impact of the Network Reliability on Emissions

Figure 3 represents the trade-off between emissions (kg
CO2) and reliability in the optimization model. The x-axis
corresponds to the total emissions generated by the fleet,
while the y-axis indicates the average reliability of the trans-
portation network. The curve is piecewise linear, reflecting
the discrete nature of optimal solutions derived from the
optimization model.

The downward trend of the Pareto front suggests an
inverse relationship between emissions and reliability. As
emissions decrease, reliability tends to improve, but this
relationship is not uniform across the entire range. The
presence of flat segments and sharp transitions in the curve
indicates that certain operational configurations maintain
reliability while reducing emissions up to a certain thresh-
old, after which further emissions reductions result in a
steeper decline in reliability.

This behavior is likely a result of how the logistics sys-
tem allocates AVs and HDVs in response to network condi-
tions. In scenarios with low emissions, a higher proportion
of AVs will likely be used as they produce fewer emissions

compared to HDVs. However, AVs depend on network con-
ditions for their effectiveness, meaning that, in deteriorating
network links with lower reliability, HDVs might be pre-
ferred because of their ability to operate in less predictable
environments. This substitution of AVs with HDVs leads
to increased emissions, but improved reliability in certain
cases.

In addition, the chart shows sharp declines in reliability
at certain emission thresholds, which could indicate criti-
cal changes in vehicle allocation or routing strategies. For
example, beyond a certain level of emissions, the model
might begin to introduce more HDVs into the fleet to com-
pensate for unreliable network conditions, leading to local-
ized jumps in reliability.

If the logistic operator seeks to reduce emissions while
maintaining high reliability, this chart can be used to deter-
mine threshold points where trade-offs become more severe.
These insights could be used to make strategic investments
in infrastructure, autonomous vehicle technology, or rout-
ing algorithms to balance emissions and reliability more
effectively.

6.4 Analysis of Network Reliability, Stability, and
Cost

In the following, we analyze how fluctuations in network
reliability and the stability analysis proposed in Section 4
impact rescheduling costs, considering ten decision time
points and the total operational cost as the objective function.
Algorithm 2 proposed in Section 5 has been implemented
starting from the proposed baseline instance, assuming ran-
dom variations of )\ﬁ‘j values over time. Parameter € is set

to 0.05. Figure 4 presents a four-panel analysis with four
subplots, which represent, in order:

(1) The average reliability values )\ﬁcj over all arcs (i, j) € A

and k € K® over time.

(2) The distribution of stability intervals for )\ﬁ‘j values
based on sensitivity analysis, presented as box plots.

(3) The total operational cost computed at each decision
point.

(4) The percentage variation in total operational cost from
one decision time to the next.

The first chart shows how the average reliability /\’i‘j changes

over time. The horizontal dashed line at A™" = 0.90 rep-
resents the critical threshold below which the reliability of
AVs begins to deteriorate significantly (see Constraint 52).
When reliability drops below this threshold, operational
adjustments, such as increasing the share of HDVs, are
required to maintain service stability. In general, these fluc-
tuations can trigger rescheduling procedures if the change
in )\fj for certain arcs is outside the corresponding stability
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Fig. 2 Trends of the adaptive scalarization weights over iteration

Fig. 3 The trade-off between emissions and reliability

Emissions (kg CO:)

intervals. The second chart visualizes these stability inter-
vals. Narrower boxes indicate more constrained intervals
in which )\ﬁ‘j can fluctuate without affecting optimal routing

decisions. Wider intervals offer greater flexibility, reducing
the need for rescheduling.

The third chart illustrates the total operational cost,
which reflects how the system reacts to changes in reliabil-

ity. When average )\5 values fall below the threshold, and

their deviation exceeds the stability range, rescheduling is
activated. This leads to an increase in cost, as captured in the
third and fourth charts.

The final chart displays the percentage change in opera-
tional cost relative to the previous decision point, highlight-
ing spikes associated with rerouting and the deployment of
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HDVs. Together, the four panels demonstrate how network
reliability and its allowed fluctuation bounds (stability) are
directly linked to operational rescheduling and associated
cost variation.

In Table 10, we report the actions and computing times
associated with the 10 decision points. A decision point
typically occurs every 10 to 15 minutes after the previ-
ous one.

To further analyze the role of A™" Fig. 5 reports the
share of total distance covered by AVs at the 10 deci-
sion time points for five reliability thresholds, i.e.,
Amin = 0,90, 0.89, 0.88, 0.87, 0.86. As can be observed, trends
tend to improve and become flat as soon as A™" is relaxed
(0.900.86).
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6.5 Supplementary Consistency Experiments

In this section, two supplementary experiments are illus-
trated on the same Northern-Italy case study of Tables 4-9.
The aim of these additional runs is twofold:

e to verify whether the vehicle-specific notation )\é‘j be-

comes operationally relevant when AVs are assigned
heterogeneous reliability profiles, and

e to quantify the LP-relaxation gap underlying the screen-
ing mechanism proposed in Section 4, together with
a direct validation of the screening trigger against ob-
served rerouting changes.

To make repeated MIP/LP re-solves computationally tracta-
ble in the present environment, the experiments were run on
a cost-reliability scalarized variant of the original model,
adopting the following objective function

Fig.4 Evolution of network metrics across ten deci-
sion time points

k
Ul

Average A%

—— Amin

: k Kk k
mlnE E wid;j X —oz4§ E AijXijs

keK (i,j)eA keKa (i,j)cA

with a4 = 50. Thus, operating cost remains the dominant
term while AV reliability still contributes explicitly to the
scalarized objective, which is important for the LP-based
sensitivity analysis.

6.5.1 Heterogeneous AV Reliabilities

In the experiments conducted in the previous subsections,
we assumed homogeneous AV reliabilities, i.e., )\é‘j = \jj

for all k € K%. Now, AVs are partitioned into two classes,

K%t = {AV1,AV2,AV3, AV4}, K%~ = {AV5,AV6,AV7,AVS},

and, for every arc (i, j) € A, the baseline reliability J;; is
transformed into vehicle-specific values according to
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Table 10 CPU time per decision point

Decision Trigger on Action Time
point )\6 (seconds)
1 initial plan Full solve 20

2 within stability intervals; cost flat — 0

3 active arcs still within ranges; cost flat — 0

4 drift beyond ranges; cost 1 Warm-start

5 local recovery; cost | Warm-start

6 widespread reliability violation; cost 1 sharply Full re-solve 19

7 stable vs. decision point 6; cost flat — 0

8 reliability rebound; cost | sharply Warm-start 7

9 reliability collapse; cost 1 sharply Full re-solve 20
10 within ranges; cost flat — 0
Total over 10 points 80
Re-optimizations (incl. 1) 6
Avg time (seconds) when triggered 13.7

Fig. 5 Share of total distance covered by AVs over 651
10 decision time points for five reliability thresholds —— ———— — - /”_'_._*.\.\
(Amin ¢ 0.90,0.89, 0.88,0.87,0.86}) o R R N AN N
_ o ARl PR = e R
S
e
2557
"
(]
o
C
c | T\ 7\ A
@sor N7\ T
o
2
45| —— ATN=090 —e- ATIN=087
-m- AMN=089  -%. ATN=0.86
sk AT =088

min{l, Al] + 002}, lfk S Ka’+,
max{0, \;; —0.03}, ifk € K*".

A;cj:{

This perturbation preserves the original network and
demand settings while activating the vehicle-specific index
in the reliability parameter.

Table 11 shows that the introduction of vehicle-spe-
cific reliability profiles materially changes the solution
to the original benchmark. The best incumbent objective
increases from 1952.40 to 2464.40, with a corresponding
increase of 26.22% (see also Fig. 6). At the same time, the
number of active AV arcs rises from 6 to 9, the number
of AV routes rises from 2 to 3, and seven AV arcs differ
from the homogeneous baseline. This confirms that the k
-indexed formulation is operationally meaningful once
AV heterogeneity is allowed, while the homogeneous
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Decision Time Point

assumption of the main experiments should be regarded as
a simplifying benchmarking choice (Fig. ).

6.5.2 LP Relaxation Gap and Validation of the Screening
Mechanism

A second supplementary experiment was performed to clarify
the practical interpretation of the LP-based screening mecha-
nism introduced in Section 4. The analysis consists of two
steps: first, computing the LP-relaxation gap on the original
benchmark; second, testing whether the screening rule cor-
rectly predicts observed rerouting changes under a sequence
of reliability degradations.

LP-Relaxation Gap The scalarized MIP defined above
was solved on the original case study instance under the
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Table 11 Homogeneous vs. heterogeneous AV reliability experiment

Metric

Homogeneous baseline

Heterogeneous AV reliabilities

Objective value 1952.40 2464.40

Variation (%) — +26.22%

Number of active AV arcs 6 9

Number of AV routes 2 3

Changed AV arcs — 7

AV distance share (%) 39.71 46.67

E
g — value changed by more than 1% with respect to the previous
é 2.000 | | decision point, or (ii) the set of active AV arcs changed. The
.E_{ screening rule of Section 4 was then evaluated for
Q
é Looo | | e € {0.01,0.02,0.05,0.10}.
E
& In these runs, the dual multipliers of the reliability rows
z 0 j j were numerically zero, so the first-order screening deriva-
® Homogencous Heterogeneous tive was driven by the LP AV-arc usage term of the envelope

Fig.6 Best incumbent objective value under homogeneous and hetero-
geneous AV reliability assumptions

homogeneous baseline reliability matrix, and the cor-
responding LP relaxation was then solved by relaxing all
binary variables while preserving the same coefficient struc-
ture and parameter values (Table 12).

The resulting LP gap is large (93.22%), which confirms that
the LP relaxation is a loose bound for this routing formula-
tion on the original benchmark. Therefore, the sensitivity
intervals derived from the LP relaxation should be inter-
preted as screening bands for rerouting decisions rather than
as exact post-optimality certificates for the mixed-integer
optimum.

Dynamic Screening-Validation Protocol To assess the
practical usefulness of the screening mechanism, a short
dynamic pilot was run over four decision points. Starting
from the homogeneous baseline reliability matrix, three pro-
gressively degraded matrices were generated by multiplying
all arc reliabilities by the factors

1.000, 0.9975, 0.9950, 0.9925.

At each decision point, the scalarized MIP was re-solved
with a 10 s time cap. A rerouting change was classified
as significant whenever either (i) the incumbent objective

Table 12 Scalarized MIP incumbent, LP-relaxation value, and relative

LP gap

Metric Value
Best incumbent MIP objective 1952.40
LP-relaxation objective 132.46
Relative LP gap (%) 93.22

formula. This is still consistent with the general sensitivity
expression, but it further reinforces the interpretation of the
screening mechanism as a practical rerouting trigger rather
than as an exact dual-based certificate.

Tables 13 and 14, together with Fig. 7, show that all three
transitions of the dynamic pilot correspond to meaningful
rerouting changes according to the adopted significance cri-
terion, and that the screening mechanism correctly flags all
of them for every tested value of €. Thus, on this original
benchmark pilot, the screening rule behaves as an effective
early-warning trigger.

Overall Interpretation The heterogencous-reliability test
confirms that the vehicle-specific notation )\’i‘j is meaningful
once AV heterogeneity is activated. The LP-relaxation and
dynamic pilot results show that the screening mechanism
can provide useful rerouting signals on the original case
study, while also making explicit that its theoretical support
comes from a relatively loose LP surrogate. This is precisely
why the screening bands are described as triggering inter-
vals and not as exact post-optimality guarantees.

6.6 Mixed Fleet Cost vs HDV-Only Fleet Cost with
Varying Client Nodes

Figure 8 examines the impact of increasing the number of
client nodes on the total operational cost for a mixed fleet
consisting of AVs and HDVs compared to a fleet with only
HDVs. Basically, we considered the same setup of the case
study in Tables from Tables 4 to 9, where clients are var-
ied from 5 to 20 with steps of 5. Customers’ demands are
defined in a wraparound fashion as follows: customers from
1 to 5 have the same demands as in Table 4; customers from
6 to 10, from 11 to 15, and from 16 to 20 have the same
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Table 13 Objective evolution over the dynamic decision points

Decision point Scaling factor Avg. A Best incumbent objective Active AV arcs
1 1.0000 0.9451 1952.40 6
2 0.9975 0.9427 2242.72 18
3 0.9950 0.9404 2930.70 6
4 0.9925 0.9380 3220.02 10
Table 14 Screening accuracy for different values of € in the dynamic pilot

TP FP FN TN Precision Recall
0.01 3 0 0 0 1.00 1.00
0.02 3 0 0 0 1.00 1.00
0.05 3 0 0 0 1.00 1.00
0.10 3 0 0 0 1.00 1.00

w
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o
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Best incumbent objective value
o
N
=)
IS

Decision point

Fig. 7 Evolution of the best incumbent objective value across the four
decision points of the dynamic pilot

demands as clients from 1 to 5, respectively. Customers
from 1 to 5 are located in the same way as those in Table
4. Locations of customers from 6 to 10, from 11 to 15, and
from 16 to 20 are generated at random in a range of 20 Km,
30 km, and 40 km from customers 1 to 5, respectively.

The x-axis in Fig. 8 represents the number of client
nodes, while the y-axis denotes the total operational cost.
The solid curve represents the cost associated with the
mixed fleet, while the dashed curve represents the cost
incurred when only HDVs are used for logistics opera-
tions. In these experiments, the reliability of the systems
does not change over time and is assumed to be the same
as that in Table 7.

The results indicate that as the number of client nodes
increases, the operational cost increases for both fleet con-
figurations. The mixed fleet consistently incurs lower costs
than the HDV-only fleet, and the cost difference between the
two fleets becomes more pronounced as the number of cli-
ent nodes increases, demonstrating the advantage of incor-
porating AVs in larger-scale logistics operations.

The trend observed in the chart is the result of several
operational factors. With more locations for clients, the
complexity of the logistics network increases, leading to
longer travel distances, higher fuel or energy consumption,
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and greater scheduling restrictions. The HDV-only fleet
experiences a sharper increase in costs, and, in contrast, the
mixed fleet benefits from AVs’ lower per-mile operational
costs, autonomy in navigation, and optimized scheduling,
which contribute to its comparatively lower cost trajectory.

This analysis highlights the scalability benefits of deploy-
ing AVs in distribution logistics. Although the initial invest-
ment in AV infrastructure may be significant, long-term
savings in operational costs justify the transition to automa-
tion. The results emphasize that the cost-effectiveness of AV
integration becomes more apparent as logistics networks
grow in complexity and size. Decision-makers can use this
information to make inferences about the composition of
the fleet, ensuring a balanced approach to cost optimization,
service reliability, and sustainability in large-scale logistics
operations.

6.7 Analysis on the Computational Scalability of the
Model

The computational performance of the proposed model has
been analyzed over a set of test instances characterized by
varying network sizes. The setting of this test is the same as
that of the previous section, with customers varying from
5 to 25 (Fig. 9). For smaller networks containing five cli-
ent nodes, the model is solved in approximately 20 seconds.
As the number of client nodes increases, the computational
effort exhibits an exponential growth pattern. When reach-
ing 20 client nodes, the solving time increases to 6852
seconds, indicating the computational burden imposed by
increasing network complexity. For networks with 25 client
nodes, the solver reaches the imposed time limit of 7200
seconds without obtaining an optimal solution. This behav-
ior is expected as the number of decision variables and con-
straints grows significantly with increasing network size,
particularly due to the combinatorial nature of vehicle rout-
ing and scheduling.
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Fig.8 Cost Comparison: Mixed fleet vs HDV-only 6000 : :
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Fig. 9 Computing time as a function of the number of clients
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This analysis provides insight into the scalability of the
proposed optimization framework. Although the model per-
forms efficiently for medium-scale networks, large-scale
instances require advanced solution strategies, such as
decomposition techniques, heuristic approaches, or parallel
computing frameworks to ensure practical applicability in
real-world logistics scenarios.

6.8 Strengthening the Proposed Formulation

In order to improve the model performance, in the follow-
ing, we present three families of valid inequalities, i.e., T1,
T2, and T3.

(T1) Load-based Constraints We enforce load-based MTZ
(Miller-Tucker—Zemlin) subtour elimination constraints
(see, e.g. Desrochers and Laporte [11], Kara et al. [17], Toth

7000
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Number of Clients
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and Vigo [33], Yaman [36]). Define node departure load
variables as follows:

a P a
Ui -= E Qiok

¢eEN

ho._ h
Ui -= E Qick

¢EN

Vi e N, Vk € K9,

Vi € N, Vk € K",

with bounds 0 < uf < Q%, 0 < ult < QP and the standard
activation 0 < g, < Qﬁa%‘j (AV)or0 < qihjk < Qﬁhf‘j (HDV).
Forevery arc (i, j) € A, the following inequalities enforce

the exact load change at node j whenever the arc is used:
AVs (k € K?):

a a a a a k
uje = ujp + Af - 05 — Qe —agp),

k
ufy < uge + A;‘k - @;?k + Qg (1 —aj)).

94)
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HDVs (k € K"):

h h h h h k
ujk 2 uik + Ajk - ij - Qk(l_hlj)y

9
- 6 + QL. ©3)

h h h
uje < uje + Aj
(At nodes j that are not supplies, set A}k = 0; at nodes that
are not customers, set ij =0.)

If (i,j) isused by k (a%‘j:l or hg‘j:l), Eqgs. 94-95 reduce to
Ujpe = Uy + Ay — O If the arc is not used, both inequali-
ties are implied by 0 < u; < Q;.. Summing these equalities
along any cycle of customers (no supplies) strictly decreases
uk by Z @)k > 0 yet returns to the start, a contradiction;

hence customer-only subtours are cut.

(T2) Tight Big-M for AV Energy Calculation with Lower
Bounds The following constraints implement the standard
state-of-charge recursion with activation and use node-
specific residual-energy lower bounds (via reverse energy
shortest paths). This aligns with common EVRP/EVRPTW
modeling where state-of-charge conservation is enforced,
and resource bounds (reachability to charging stations or
depot) are used to restrict the state space and/or strengthen
the master [10, 28].

For ease of presentation, the following analysis is per-
formed for k € K® (can be straightforwardly expanded
to k € K" adjusting the notation). Let ¥ be the state-of-
charge of k upon arrival at node 7, bounded by 0 < ¥ < Mg
. For each arc (i, j) € A, let ci-‘j > 0 be a valid arc energy

lower bound for k:

or c’-‘.:=( Mi )dij

k ._ pa/q..
Cij '_Rk dlj ij range,

(vF'™ a conservative speed limit and range, the maximum
autonomy of the vehicle.) By construction 0 < c’i‘j < efy for
all admissible conditions. Define the node-specific state-of-
charge lower bound

LY := min SPE(j = )
pEP

where SPZ( Jj — p) is the minimum state-of-charge needed

by k to reach some p € P (a shortest path on the directed

graph with arc costs c’i‘j). We replace the standard energy

big-M by
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k

oz —ey - (ME-Lf) (1-af),  VEDEA VRERS  (96)

together with 0 < 7} < Mg and 0 < 7} < M{.

If afj = 1, Eq. 96 reduces to 7 > nf —cfj. If af; =0
, the RHS equals 7} —cf; — (M7 — LF) < LF, so Eq. 96 is

implied by the bound n}‘ > L}‘ . Hence, it is valid and does

not remove any integer-feasible solution.

To compute L¥, run one reverse Dijkstra per vehicle type
k
ijo
source; the resulting distance to j is L}‘ as reported in Algo-
rithm 4.

on the graph with edge weights ¢, taking every p € P as a

Algorithm 4 Reverse Dijkstra for node lower bounds L}‘.

1: Create a new super-sink s; for each p € P add arc (p, s) with cost
0

2: Run Dijkstra on the reverse graph with edge weights cf.‘]., sources
{s} (or equivalently, multi-source Dijkstra from P on the forward
graph)

3: for each node j € N do

L’/‘. <« distance(J/, s)

5: end for

b

(T3) Energy-Feasible m-Path Cuts The following con-
straints are infeasible-path energy cuts that forbid short
arc patterns whose cumulative energy exceeds the battery
unless an intermediate charge occurs. These are local,
compact instances of the infeasible path cuts introduced
in recent EVRP branch-and-cut frameworks [29], and
conceptually parallel the energy-feasibility pruning used
in exact EVRP algorithms [10]. For case of presentation,
the following analysis is performed for k € K* (can be
straightforwardly expanded to k € K" adjusting the
notation).

Between two consecutive recharges, an AV cannot accu-
mulate more than M} energy consumption. Fix anode j ¢ P
(no recharge) and an integer m > 2. Define the best-case
m-step energy through j

m
(m)yk . _ o k
gj := min E [
r=1

Vg, ..., Uy, @ directed walk with v; = jorv,,_; = j}.

If g;m) ks M, then no feasible no-recharge segment can

pass through j with m consecutive arcs; hence, vehicle
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k cannot both enter and leave j within such a segment.
Enforce

Za§.+ Za}‘gl

whenever QEm ks Mg 97)
@i,))eA (J,6)eA

Assume by contradiction that there exists a feasible AV
route for £ with a no-recharge segment that enters j from
some i and leaves to some ¢, forming an m-step subwalk as
C(m)’k
=J

above. By definition of , that subwalk costs at least

Q;m)’k energy, which exceeds M}, contradicting feasibility

of any no-recharge segment. Thus, at most one of the two
events “enter j” / “exitj”’ can occur inside the same segment,
proving Eq. 97.
— @)k _ iocok k k k

When m = 2, = niién(cij +¢jp). If ¢ +cjp > Mg
for a pair of neighbors (i, j) and (j, ¢), we obtain the local
2—path cut
ag‘j + a}‘é, <1,

which can be generated by scanning only the adjacency lists
of j (complexity O(deg(j)?) per j) as reported in Algorithm 5.

Algorithm 5 Generation of m=2 energy 2-path cuts
a@ + a}‘é <1.

Fig. 10 Runtime vs. number of clients (5100,
step 5). Baseline (solid) and strengthened model
(dotted)
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1: for each k € K¢ do

2 for each j € N\ P do

3 for each (i, j) € A withi # j do
4: for each (j, £) € A with ¢ # j do
5: if ¢} + ¢}, > M{ then

6 Add cut: alkj + al;e <1

7 end if

8: end for

9: end for

10:  end for

11: end for

If ¢} + cf, > M}, then any no-recharge segment contain-
ing consecutive arcs i — j and j—¢ would exceed the bat-
tery budget, contradicting feasibility. Hence at most one of
the two arcs can be chosen in a no-recharge segment, i.e.,
ag‘j + a}‘e < 1. This is precisely the m=2 case of inequal-

ity Eq. 97 proved in T3.

Further Computational Results In Fig. 10, we compare the
runtime performance of the two models, i.e., the baseline
model and the strengthened model with T1-T3 inequalities,
for the objective of total cost. To do this, we further enlarged
the set of test instances from 25 clients to 100 clients (fol-
lowing the same implementation for the instance generation

— Baseline (no T1-T3)
----- With T1-T3

5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

Number of clients
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Fig. 11 Optimality gap at the 7,200 s time limit
vs. number of clients. Baseline (solid) and
strengthened model (dotted)
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o (6] o
T T T

Optimality gap at 7200s (%)

w
T

25 | — Baseline (no T1-T3)
----- With T1-T3

described in Section 6.6). The results show that we can
enlarge the set of instances solvable to optimality within
7200 seconds to 65 clients.

In Fig. 11, for the same experiment setting, we show the
optimality gap produced by the baseline model and the
improved model (with T1-T3).

6.9 Comparison with a Three-Phase Heuristic

To deeply understand the performance of our model pro-
posal, we propose a heuristic that constructs a mixed AV/
HDYV solution in three phases (the implementation has been
carried out in Python). First, for each depot d it initializes
singleton routes (d —c—d) for those customers ¢ whose
round-trip legs satisfy the per-leg feasibility checks used in
Algorithm 1 extended to vehicles k € K¢ U K"¢, and, for AV
candidates, the reliability gate A;; > Amn on both legs is
verified. Customers that fail the checks are initialized as
HDV in K \ K"¢ singletons. Second, it performs a directed
Clarke—Wright merge on each depot’s pool: for any
ordered pair (i — j) assigned to depot d, the directed sav-
ing is s(i—j) = dijg +dg; —d;j, and pairs are considered
in nonincreasing s(i — j) order. When a route r; currently
ends at / and a route r; currently starts at j, the algo-
rithm attempts the concatenation r; < r; o r; provided the
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merged payload q(r;) + q(r;) does not violate the capacity
constraint and all boundary legs created by the merge are
individually admissible under the same checks (the two
new internal legs, and the two outer legs connecting to the
depot). Whenever multiple vehicles can carry the merged
load, the check is made against the most permissive admis-
sible type (AV preferred if admissible, otherwise HDV).
This phase terminates when no further admissible merge
improves the depot’s total distance. The third phase applies
a route-improvement based on 2-opt on each constructed
route. Routes are represented as directed sequences
(Vo=d, V1, e s Uy U1 =d). For any pair of nonadjacent
edges (U, = Vg 41)and (Vg = Vg With0 < a4+ 1< 3 < m,
a 2-opt move proposes to remove these edges and recon-
nect as (v,—vg) and (v441—Vps1), followed by
reversing the intermediate segment (v,41,...,Up) to pre-
serve a simple path. Because the network is directed, both
the reconnection and the reversed segment are checked
in their actual new directions. A move is accepted only
if (i) it yields a strict decrease in travel cost, and (ii) a//
arcs in the modified route remain individually admissible
for the current vehicle type: for AV routes, the reliability
gate Aijj > A™n holds on every arc; the state-of-charge is

feasible for all AVs and HDVs in K"¢; the payload on the
route remains within capacity. Route improvement 2-opt
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moves are repeated until no improving, admissible move
exists (local optimum).

Algorithm 6 Three-Phase heuristic.

Input: Graph (N, 4) with depots D, customers C, chargers/parkings
P; distances d;;; vehicle sets K¢ (AV), K he (electrified HDV if any),
K" (HDV thermal); capacities Qy; SoC bounds M} for k € K¢;
compatibility 85., wﬁ; reliability A;;; threshold Amin,

Output: Feasible mixed-fleet solution x with routes and assigned vehi-
cle types.

1: procedure HEURISTICMIXEDAVHDV(D, C, P, K%, K", k")

2: x <« W

3 Phase I: Singleton initialization

4. foralld € D do

5: Pool(d) < ¢

6:  end for

7 for all customer ¢ € C do

8 d* < argmingep(dge + deq)

9 try AV: ok?’ <« 3k € K? : FEASIBLELEG(k, d*, ¢) and
FEASIBLELEG(k, ¢, d*)

10: if ok?’ then

11: pick any admissible k£ € K%; r < (d* — ¢ — d*) with
vehicle k&

12: else

13: fallback to HDV: pick k& € K" with
FEASIBLELEG(k, d*, ¢) and FEASIBLELEG(k, ¢, d*)

14: r < (d*— ¢— d*) with vehicle k

15: end if

16: Pool(d*) < Pool(d*) U {r}

17: end for

18:  Phase II: Directed Clarke—Wright merging (per depot)
19:  foralld € D do

20: build ordered pair list Py = {(( — j) : i # j,i,j €
C assigned to d} with savings s(i — j) = diq + dg; — d;j

21: sort Pz by nonincreasing s(i — j)

22: for all (( — j) € Py do

23: let r; be a route in Pool(d) that ends at i; let r; be a route
that starts at j (if they exist)

24 if r; and r; existand r; # r; then

25: Fnew, Ok < TRYMERGEDIRECTED(Y;, I}, d)

26: if ok and COST(fpew) < COST(r;) + COST(r;) then

27: replace r;, r; in Pool(d) with ey

28: end if

29: end if

30: end for

31:  end for

32:  Phase III: Route improvement by directed 2 - opt
33:  foralld € D do

34: for all route r € Pool(d) do
35: r < TWOOPTIMPROVE(r)
36: end for

37: end for

38:  x <« Uyep Pool(d)
39:  returnx
40: end procedure

Algorithm 7 Feasibility checks and operators used by the heuristic.

1: function FEASIBLELEG(k, i, j)

2. if §f; =0or wf =0or o} =0 then
3 return false

4 end if

5: ifke K%and A;; < A™" then

6 return false

7 end if

8 return true

9: end function

10: function FEASIBLEROUTEAFTERINSERTION(r, k)

11:  Capacity: ensure total load on ris < Qy

12:  Compatibility: 81’jv = 1 for all arcs (u, v) in r and a)ﬁ = 1 for
all visited nodes

13:  if k € K¢ then

14: Reliability: require A,, > A™I for all arcs (u, v) inr

15: simulate SoC along r; if a leg (u, v) violates SoC, attempt
to insert one charging node p € P near u; reset SoC to M} after
charge; re-simulate; if still infeasible, return false

16: end if

17: return true

18: end function

19: function TRYMERGEDIRECTED(r;, I, d)

20:  letk; (resp. k;) be the current vehicle types of r; (resp. r;)

21: construct concatenation re,; by linking the tail of r; to the head
of r;, preserving depot d

22:  Pick vehicle type (most permissive):

23: if 3k € K“ s.t. FEASIBLEROUTEAFTERINSERTION(Icy(, k) then
k* < such AV

24 else if 3k € K" s.t. FEASIBLEROUTEAFTERINSERTION(I ¢, k)
then i* < such HDV

25:  else
26: return (rcy, false)
27: end if

28:  set vehicle of rey to k*
29:  return (rcy, true)
30: end function

31: function TWOOPTIMPROVE(r)

32:  letr = (vp=d, vy, ..., Uy, Un+1 =d) with vehicle k&
33:  improved < true

34:  while improved do

35: improved <« false

36: fora =0tom — 2 do

37: for 6 =a +2tom do

38: propose replacing edges (vy — vVg41), (Vg —> Vg11)

with (vy — vg) and (Vo41 — vg41) and reverse segment

(Vot1, -+ VB)

39: if FEASIBLEROUTEAFTERINSERTION(proposed route,
k) and CosT(proposed) < COST(r) then

40: r <— proposed; improved < true; break

41: end if

42: end for

43: if improved then

44: break

45: end if

46: end for

47: end while
48:  returnr
49: end function
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In Algorithms 6 and 7, we report the pseudocode of the
three-phase heuristic. In Fig. 12, we compare the optimality
gap of the proposed improved model and the heuristic (the
gaps are calculated using the same lower bounds as in the
model gaps). Computing times of the heuristic are negli-
gible with respect to the model running times, but the opti-
mality gaps produced by the model are always lower than
those produced by the heuristic.

6.10 Comparison with an Adaptive Large
Neighborhood Search Algorithm

To further compare the modeling approach with the state-of-
the-art heuristic approaches, we implemented (in Python) an
Adaptive Large Neighborhood Search (ALNS) in the destroy/
repair paradigm [26], enriched with EV/SoC feasibility [28]
and an AV reliability gate. Candidate solutions encode a set
of depot-rooted routes assigned to vehicles k € K¢ U K"; AV
routes carry an implicit state-of-charge process and allow on-
the-fly insertion of charging stops at parking/charging nodes
P. The scalarized objective is as in Eq. 93.

In the Initialization, we build a complete, feasible incum-
bent as follows. For each customer ¢, in random order, we
scan all vehicles & and all insertion positions in their current
route (d, = depot) to minimize the objective increment Az
subject to feasibility: capacity, node/arc compatibility, and,
for AV trial routes, (i) reliability gate A;; > A™ on every
arc and (ii) SoC recursion with a single greedy charging
insertion if a leg would deplete SoC (The charging insertion
attempts one intermediate stop at the nearest charging node
to the leg’s tail; SoC is reduced by travel energy and reset to
M} upon charging). If no AV insertion is feasible for ¢, we
try all HDVs; since HDVs have no SoC and no reliability
gate, this fallback yields a complete feasible solution in our
instances. Ties in Az are broken by shorter travel distance.

The algorithm is iterative. At every iteration 7, we main-
tain a set D of four destroy operators: random removal (uni-
formly remove g assigned customers), Shaw/relatedness

Fig. 12 Optimality gaps: Three-phase heuristic vs. MIP
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Optimality gap (%)

removal (preferentially remove customers geographically
close to a seed), route removal (drop all customers from
a randomly chosen route), and energy-critical removal
(remove customers far from the nearest charger). A destroy
operator is selected by weighted roulette. Let w be the
current weight of operator o € D, then draw o with prob-

ability wff) / Z w((f,). The number of removed customers is
O/

q = max{1,|¢ |Cyssigneal]} With ¢ ~ Unif]0.15,0.35], trun-
cated to ¢ < min{20, |Cygsigned|}- The repair operator is fixed
to regret-2 insertion: for each to-be-inserted customer, we
enumerate feasible insertions, rank by objective increment,
and pick the one with the largest regret (second best — best);
feasibility tests and on-the-fly charging follow the same
rules as in initialization.

As for move acceptance and operator adaptation, let
Zeurr D€ the current value and z,q the candidate after
destroy/repair. We accept the candidate if it improves
the objective, or with simulated annealing probability
exP( — (Zcand — Zeurr)/T) otherwise. The temperature follows
geometric cooling T « T. Operator scores are updated as
follows: if the candidate is accepted, the active destroy (and
repair) operator receives a reward r,; if it also improves
the global best, it receives rye. Every I, iterations, weights
are smoothed by the reaction scheme wff” =1-p) wg)

score,
count,’
scores/counters are reset.

Feasibility checks (common to init/repair) takes into
account (i) capacity: load on each route < Qy; (ii) compatibil-
ity: node and arc masks w, § must be 1; (iii) AV reliability gate:
Aij =A™ for every AV arc; (iv) AV energy/SoC: along each

o € {random, Shaw, route, energy},and

AV route, SoC decreases by leg energy; if a leg would violate
SoC, insert at most one charging stop at the nearest p € P and
resume; if still infeasible, the insertion is rejected.

The ALNS algorithm runs until a CPU time limit of 7200
seconds and returns the best solution found. In Algorithms

—e&— Heuristic gap vs LB

10} -®- MIP gap (capped at 7200s)

of I-—--—I——-——-——-——l—--—I——I—-l-—«I-—lI
20 40 60
Number of clients

80 100
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8, 9, and 10, we report the whole pseudocode with the

parameters used in the implementation.

Algorithm 8 ALNS.

Input: Instance Z = (N, 4,d;;, K, Kh, Aij, @, 8, P, depg)ts);
weights @ = (0.25, 0.25, 0.25, 0.25); reliability threshold A™" =
0.90.

Output: Best solution x* and value z*.

1: Parameters: SA temperature 7y = 0.01 |zjpj¢|, cooling y = 0.9995;
operator reaction p = 0.20; weight update period 7, = 200 itera-
tions; removal rate ¢ ~ Unif (0.15, 0.35); removal cap ¢ < 20.

2: Operator sets: Destroy D =
{RANDOM, SHAW, ROUTEREM, ENERGYCRIT}; Repair R =
{REGRET2}.

3: Initialization (Greedy Best-Position): build x¥) by inserting cus-
tomers in random order into the best position of any vehicle route,
minimizing Az and enforcing feasibility via FEASIBLEAFTERINSER-
TION (Alg. 9).

4: Set current x < x©, z « z(x); best x* <« x, z* < z; initialize
operator weights w, < 1 for all 0 € D, scores 5, < 0, counts
¢o < 107%; temperature 7 < Tjp; iteration ¢ <— 0; start timer.

: while elapsed time < Ty« do

t<—t+1.

7:  Roulette destroy-pick: draw u ~ Unif (0, 1) and select 0 € D
with P(0) = wo/ Y, Wor.

8:  Removal size: let n. be # assigned customers; draw ¢ ~
Unif (0.15, 0.35); set ¢ < min{20, max(1, [¢n.])}.

9:  Destroy: x4 < DESTROY(x, 0, ¢).

10:  Repair (Regret-2): x“® < REGRETTWOREPAIR(xY) using
feasibility from Alg. 9.

11:  if x5 infeasible then

12: continue

13:  endif

14: Zeand < z(x®d): A« zgng — 2.

15:  SA acceptance: accept if A < 0 or exp(—A/T) > rand().

16:  if accepted then

D W

17: x <« xcand 7 < Zeand; F < L.

18: if z < z* then

19: x*<—x,z¥ <z, r<>5

20: end if

21: Updates, < s,+r,c, < c,+1 for the active destroy/repair.
22:  endif

23:  Cooling: T < max(10~°, y 7).
24: if t mod I, = O then

25: for each o € D do

26: wo < (1= p)w, + p (s,/ maxfco, 107°); 5, < 0,
cp < 1072

27: end for

28:  endif

29: end while
30: return x*, z*

Algorithm 9 Feasibility check function.

1: function FEASIBLEAFTERINSERTION(route, k)
2:  Capacity: cumulative delivered load on route < Q.
3:  Compatibility: for all arcs (i, j) in route, 8;‘/. = 1 and for all

nodes v, a){‘, =1.

4:  if k € K? then

Reliability gate: for all arcs (i, j), require A;; > AMin

6: Energy/SoC: simulate SoC along the route; if a leg (7, j)
violates SoC, attempt a single charging insertion at the nearest p € P
to i; after charging, reset SoC to M, ,f and continue. If still infeasible,
return infeasible.

7:  endif

return feasible route

9: end function

b4

o

Algorithm 10 Destroy and repair operators.

1: function DESTROY(x, 0, q)

2 if o = RANDOM then

3: remove g customers uniformly at random.

4 else if o = SHAW then

5 pick a seed customer c; iteratively add the most related cus-
tomer (smallest geometric distance to the current removed set) until
q are removed.

6:  else if o = ROUTEREM then

7: select a random nonempty route; remove all its customers
(truncate to ¢ if needed).

8:  else if o = ENERGYCRIT then

9: score customers by distance to nearest charger (larger first);
remove top q.
10:  endif

11:  return partially destroyed solution

12: end function

13: function REGRETTWOREPAIR(x)

14: U <« list of unassigned customers.

15:  while U # 0 do

16: for each c € U do

17: enumerate all vehicles & and insertion positions; for each,
build trial route and call FEASIBLEAFTERINSERTION; compute objec-
tive increment Az.

18: let Az(1y(c) < Az)(c) < ... be the best increments; set
regret(c) = Az()(c) — Az(1)(c) (if only one feasible position, use
regret(c) = Az(1y(c); if none, mark c infeasible).

19: end for

20: if all c infeasible then

21: return infeasible

22: end if

23: choose ¢* = arg max_ regret(c) and perform the correspond-
ing best insertion.

24: update U and the incumbent routes.

25: end while
26:  return repaired solution
27: end function
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In Table 15, we report the overall comparison of the
model performance with respect to the three-phase heuris-
tic and the ALNS metaheuristic previously presented. The
strengthened formulation (+T1-T3) markedly improves
computational performance and scalability. It closes the
optimality gap to 0% up to 65 clients (vs. 20 clients for the
baseline MIP) and reduces runtime substantially at fixed
size (e.g., 6,800 823 s at 20 clients, an ~8.3x speedup;
1,200~ 512 s at 15 clients, ~2.3x). Beyond 65 clients,
+T1-T3 still yields tighter gaps than the baseline (e.g.,
7.0% vs. 22.0% at 80 clients; 20.0% vs. 25.0% at 100 cli-
ents within the 7, 200 s cap). The constructive Clarke—
Wright+2opt heuristic (three-phase heuristic) is fast but
consistently farther from the lower bound (gaps grow from
2.5% to 11.0% as size increases). The ALNS metaheuris-
tic dominates the simple heuristic across all sizes (e.g.,
1.5% vs. 2.5% at 5 clients; 9.8% vs. 11.0% at 100 clients)
and exhibits strong behavior: its best solution is typically
found well before the time cap (e.g., 45 s at 10 clients;
4,300 s at 100). Notably, at the largest scales, ALNS pro-
duces better (primal) solutions than the MIP within the
time limit (gap 9.8% vs. 20.0% at 100 clients against the
same lower bound), whereas for small/medium instances,
the strengthened MIP remains preferable due to provable
optimality and shorter runtimes.

6.11 MIP and Heuristics Hypervolume Analysis

In the following, we assess the quality of the solution set
through the hypervolume (HV) indicator computed in the
full multi-objective space. Let the objective vector be
2(x) = (z1(x), zy(x), z3(x), z4(x)), wWhere z1,z,,z3 are to be
minimized (emissions, cost, energy), while z, is a reliabil-
ity-related objective to be maximized.

For each method m € {MIP, three-phase heuristic, ALNS},
we first extract the set of non-dominated solutions P™NP
from the produced solution pool ™.

To compute HV comparably across methods, we normal-
ize objectives on the union of solution sets PY = U,, P"™ND_
Define, for ¢ € {1,2,3} (minimization objectives),

. z,(x) — Z" i
2= S A

— 1 max _ .
;nax _ Zlenin + 5’ - }I,Ielg‘l‘ Z"(y)’ Ze " = ;Ié‘jl;wxr Z"(y)’ (98)

and for the reliability objective z, (maximization),

Zmax _ o (y .
2,0 = S 2
Zp —zZ" e

= minz,(). 2™
yepU

= max z4(). (99)

With Eqgs. 98-99, all normalized objectives Z, are fo be
minimized and lie (approximately) in [0, 1]. We set the
hypervolume reference point to r = (1,1,1, 1).
Given a normalized non-dominated set 2"NP for method
m, its hypervolume can be defined [3] as

(100)

where [Z, 1] denotes the axis-aligned hyper-rectangle with
opposite corners z and r. Higher HV indicates a better
approximation of the (unknown) Pareto set, rewarding both
convergence and diversity in the objective space.

To visualize how quickly each approach builds a high-
quality Pareto approximation, we also plot cumulative HV
values: ordering the non-dominated points of each method
by the associated scalarization parameter/exploration index
(the same order used to generate the solution pool), we com-
pute HV, on the first t = 30 non-dominated points.

Figures 13, 14, and 15 summarize the quality of the Pareto
sets when all objectives are considered simultaneously.

To assess whether the hypervolume conclusions were
sensitive to the number of sampled solutions, we extended
the analysis beyond the initial pool of 30 points. The

Table 15 Summary of the performance of the MIP and the heuristics. Baseline denotes the original MIP; +T1-T3 is the strengthened formulation
with valid inequalities. Heuristic gaps refer to the Clarke—Wright+2opt algorithm and are computed against the same lower bound used for MIP
gaps. ALNS runs with a 7, 200 s cap; we report the best-found gap versus the same lower bound and the time (in seconds) when that best solution

was first reached

# Clients MIP Runtime (s) MIP Gap at 7,200 s (%) Heuristic ALNS

Baseline +T1-T3 Baseline +T1-T3 Gap vs LB (%) Gap vs LB (%) Time-to-Best (s)
5 20 18 0.0 0.0 2.5 1.5 12
10 100 85 0.0 0.0 2.8 1.9 45
15 1,200 512 0.0 0.0 3.8 29 160
20 6,800 823 0.0 0.0 4.5 3.6 420
25 7,200 1,123 6.0 0.0 3.9 32 820
40 7,200 2,589 10.0 0.0 5.5 4.8 1,300
55 7,200 5,012 16.0 0.0 7.1 6.2 1,950
65 7,200 7,200 18.0 0.0 7.8 7.0 2,600
80 7,200 7,200 22.0 7.0 9.0 8.4 3,400
100 7,200 7,200 25.0 20.0 11.0 9.8 4,300
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Fig. 13 MIP: cumulative hypervolume computed on its
respective non-dominated set with the same normaliza- 0.45
tion and reference point as in Eqs. 98—100
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Fig. 15 Final hypervolume comparison after 30 non-dominated
solutions

additional runs showed that the weighted-sum MIP bench-
mark already reaches a stable hypervolume at 30 sampled
solutions, whereas ALNS exhibits a further increase up to
about 150 sampled solutions and then remains flat up to the
maximum tested budget. The three-phase heuristic remains
unchanged throughout. Therefore, the main qualitative
conclusions are stable, but the extended test confirms that

5 10 15 20 25 30
Number of non-dominated solutions considered

30 sampled solutions are fully sufficient only for the exact
weighted-sum benchmark, while a somewhat larger pool is
needed to observe the complete stabilization of ALNS.

Within the sampled solution pools considered here, the
weighted-sum MIP approach provides an exact benchmark on the
supported solutions generated by the scalarization scheme, but its
hypervolume stabilizes very early. By contrast, ALNS explores
a broader sampled trade-off region and achieves additional
hypervolume gains before stabilizing. The three-phase heuristic
remains the weakest method in terms of sampled hypervolume.

We conclude this analysis, noting that the hypervolume
analysis reported should be interpreted as a comparative
indicator of solution-set quality within the sampled pool of
non-dominated solutions generated by each method. Since
the problem is four-dimensional and the evaluation is based
on a finite number of sampled non-dominated points, the
resulting hypervolume values do not provide an exhaustive
description of the entire Pareto structure. Rather, they offer
a comparative measure of convergence and diversity for the
solution sets effectively explored by the different methods
under the adopted computational budget.
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7 Conclusions

This paper introduced a mixed-integer programming frame-
work for routing a heterogeneous fleet of autonomous vehicles
(AVs) and human-driven vehicles (HDVs) in freight distribution.
Beyond standard VRP/EVRP elements, four ingredients are cen-
tral: (i) a reliability-gated arc admissibility rule for AVs controlled
by a single threshold A™™", (i) LP-relaxation-based screening
intervals (via dual multipliers of the reliability constraints) used
as an event-trigger to decide when changes in )\ﬁ‘j warrant re-opti-

mization, (iit) a lightweight feedback-driven weight adaptation
scheme for the multi-objective scalarization (emissions, energy,
cost, reliability), and (iv) three families of valid inequalities (T1-
T3) that strengthen the formulation by tightening the load/energy
structure and pruning infeasible energy patterns. The resulting
framework supports dynamic rerouting under time-varying net-
work reliability while maintaining tractability and providing clear
operational “corridor” rules for AV deployment.

We validated the approach on a Northern-Italy case study
with real road distances and calibrated demands/reliabilities,
and we embedded the model into a discrete-time decision
framework in which arc reliabilities /\i.‘j(t) are periodically
updated (e.g., via the logistic-regression pipeline described
in Section 5.1). The dynamic layer shows how stability
intervals can prevent unnecessary re-optimizations while
guaranteeing feasibility when updated reliabilities invali-
date active AV arcs (i.e., when X < A™" on used arcs).

From a computational standpoint, the strengthening pro-
vided by T1-T3 yields substantial scalability gains. In the
cost-minimization environment used for the computational
comparison, the baseline formulation solves instances up to
20 clients within the 7,200 s budget and reaches the time cap
starting at 25 clients (with a nonzero gap). The strengthened
formulation (+T1-T3) attains 0% optimality gap up to 65 cli-
ents (with the first instances hitting the time cap at 65) and
delivers markedly tighter gaps at larger sizes (e.g., improved
performance at 80—100 clients within the same time limit).
To complement exact optimization, we also implemented a
constructive three-phase heuristic and an ALNS metaheuris-
tic: both provide high-quality feasible solutions quickly,
and ALNS in particular remains competitive at the largest
instance sizes when the MIP is time-limited.

Managerially, the proposed framework provides action-
able levers and deployment guidance. (i) A™™ acts as a policy
parameter converting safety/reliability targets into auditable
AV corridors. The rule A™® = gL translates a route-level
reliability target 5 into an arc-level admissibility threshold
using a data-driven proxy L, while the feasibility cap avoids
over-stringent settings that could disconnect customers. (ii)
The emissions—reliability trade-off and the adaptive weight
update mechanism offer a practical way to explore balanced
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Pareto solutions without modifying the solver or introducing
additional variables. (iii) The event-triggered rerouting proce-
dure (based on stability intervals and feasibility checks) sup-
ports periodic planning with override actions under reliability
shocks (e.g., weather/congestion disruptions), enabling opera-
tors to control recomputation frequency and response time.
Finally, the framework naturally supports phased deployment
strategies: AV-preferred corridors in high-reliability regions,
mixed operations with HDV fallback, and explicit human-
override policies when reliability drops below threshold.

As for limitations and future work, the current model uses
fixed recharge increments and deterministic time/energy rela-
tionships, and the case study adopts simplifying assumptions
(e.g., complete arc compatibility and homogeneous AV arc reli-
abilities). Extending the framework to richer charging represen-
tations (variable-rate charging, queueing), time windows and
service times, correlated reliability across arcs, and more explicit
uncertainty treatments (e.g., stochastic energy consumption) are
natural directions. On the reliability side, a promising extension
is to incorporate a complementary HDV risk gate (e.g., AﬁiD“V)
capturing human-factor risks (fatigue, incident likelihood) to sup-
port unified safety governance across mixed fleets. Continuous
learning and calibration of )\’i‘j (t), and tighter integration with
real-time traffic and charging forecasts, would further improve
responsiveness and operational realism. Another limitation is that
the mapping from the route-level target 3 to the arc-level thresh-
old A™in relies on an independence approximation across arcs.
Although this yields a simple and auditable admissibility rule, it
does not explicitly model spatial dependence in reliability condi-
tions, which would be a valuable direction for future work.
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