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Abstract

This paper addresses the Energy-aware Pickup and Delivery Problem with Time
Windows (E-PDPTW), which aims to minimize both total engine energy con-
sumption and service lateness in logistics operations. Unlike traditional models,
we integrate a physics-based energy consumption model that accounts for vehi-
cle load, speed, and driving resistance, providing a more realistic assessment
of fuel use. To solve this complex problem, we propose a Perturbation-based
variable neighborhood search with the route sequencing optimization algorithm
(PVNS-RSO). The algorithm features a tree-based solution representation that
inherently preserves pickup-delivery precedence and vehicle capacity constraints.
It combines multiple neighborhood structures for effective local search, enhanced
by an RSO-based route refinement module for intensive local optimization. A
strategic perturbation mechanism is incorporated to escape local optima and
maintain search diversity. Comprehensive experiments on benchmark instances
demonstrate that our proposed PVNS-RSO algorithm significantly outperforms
state-of-the-art methods in both solution quality and computational efficiency,
particularly excelling in large-scale and complex scenarios. The results validate
the effectiveness of our approach in achieving sustainable and efficient routing
solutions for modern logistics.
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1 Introduction

Vehicle Routing Problem (VRP) plays a crucial role in modern logistics and supply
chain management, significantly influencing business efficiency, customer satisfaction,
and urban sustainability [1]. VRP has evolved into a central topic in combina-
torial optimization with broad applications in transportation, manufacturing, and
e-commerce. However, VRP remains NP-hard, and its practical extensions continue to
present complex challenges in real-world logistics operations [2, 3]. In recent years, the
pickup and delivery problem with time windows (PDPTW) has emerged as a promi-
nent VRP variant with a strong connection with services such as ride-sharing, courier
delivery, and cold-chain transportation [4, 5]. The PDPTW requires designing vehicle
routes to fulfill paired pickup and delivery requests within capacity and time-window
constraints. Unlike conventional routing problems that focus solely on delivery, the
PDPTW coordinates both pickup and delivery operations, thereby reducing empty
mileage, optimizing resource utilization, and enhancing overall logistics efficiency.

Additionally, the rapid expansion of e-commerce and just-in-time distribution
has drawn increasing attention to sustainability and energy-aware logistics plan-
ning [6]. Green routing aims not only to minimize travel distance or service time
but also to reduce fuel consumption and carbon emissions in alignment with global
decarbonization goals. Recent studies emphasize that realistic energy models, which
account for vehicle mass, speed, and driving resistance, provide a more accurate basis
for route optimization than distance-based surrogates [7]. However, incorporating
energy consumption into PDPTW formulations introduces additional nonlinearities
and trade-offs between efliciency, service punctuality, and environmental impact.

To address these issues, this paper proposes an energy-aware PDPTW formulation
that minimizes total engine energy consumption and lateness penalties simultaneously.
The model integrates an energy consumption model on various components, including
aerodynamic drag, rolling resistance, and load weight. This approach captures the pri-
mary energy-related factors in logistics operations and provides a balanced framework
between sustainability and service quality. Furthermore, we develop a perturbation-
based variable neighborhood search with route sequencing optimization (PVNS-RSO)
algorithm. The PVNS-RSO employs a tree-based route representation that inherently
preserves pickup—delivery precedence and vehicle capacity constraints. Local operators
such as subtree swap, node relocation, and subtree rotation promote diverse yet feasi-
ble neighborhood exploration. In addition, the route sequencing optimization (RSO)
component refines individual routes, while adaptive perturbation mechanisms help
prevent premature convergence and improve search robustness. Therefore, the main
contributions of this study are summarized as follows:



® We develop an energy-aware PDPTW formulation that integrates a physics-based
engine energy model with lateness penalties, enabling more realistic and sustainable
route planning.

e We propose a perturbation-based variable neighborhood search (VNS) framework
that employs a tree-based representation, which inherently preserves feasibility while
supporting diverse neighborhood operations. In addition, a route-sequencing opti-
mization module is incorporated to refine intra-route visit orders, improving local
search efficiency and accelerating overall convergence.

® Numerical experiments on multiple benchmark sets demonstrate that the proposed
approach delivers superior performance and strong scalability compared to state-of-
the-art algorithms.

The remainder of this paper is organized as follows. Section 2 Section 3 provides
an overview about related works. The problem formulation and energy model are
presented in Section 3. Section 4 describes the proposed algorithm. Section 5 discusses
results, and Section 6 concludes the paper.

2 Related works

The pickup and delivery problem (PDP) is a classical NP-hard routing problem in
which a fleet of vehicles fulfills paired pickup-and-delivery requests [4, 5]. Each request
includes a pickup and a corresponding delivery node, and routes must satisfy prece-
dence and capacity constraints. When service time windows are imposed, the problem
becomes the PDPTW, which aims to minimize routing cost while meeting service
deadlines [3, 8, 9]. Zhang et al. [8] addresses a multi-type vehicle routing problem with
integrated pickup and delivery under time windows. Yang et al. [9] introduces a time-
dependent PDPTW for electric vehicles in cold supply chains, while Wang et al. [3]
formulates a bi-objective model minimizing total operating cost and fleet size. Recent
extensions of the PDP have incorporated environmental considerations, giving rise
to the Green Vehicle Routing Problem (GVRP) and the Pollution Routing Problem
(PRP), which explicitly account for fuel consumption and COy emissions [10, 11, 12].
Sadati et al. [10] optimize multi-depot GVRPs using alternative-fuel vehicles, while
Qi et al. [11] introduce a multi-objective model that minimizes travel duration, energy
use, and customer dissatisfaction, considering slope, speed, and vehicle load. Amiri et
al. [13] address total GHG emissions from mixed fleets of conventional and electric
trucks. Wang et al. [14] further consider dynamic traffic and variable speed effects
on fuel and emission costs. These studies highlight the growing attention to both
operational efficiency and environmental sustainability in routing optimization.

2.1 Exact approaches

A wide range of algorithmic strategies has been developed to address the PDP and its
variants. Exact methods, including branch-and-price and branch-and-cut, have proven
effective for small- to medium-sized instances, particularly when enhanced with decom-
position or metaheuristic components. Gabriel et al. [15] develops a branch-and-price
algorithm for a capacitated fleet performing deliveries and profitable pickups under



time-window constraints, aiming to minimize total routing cost minus pickup revenues.
Karaoglan et al. [16] proposes a branch-and-cut algorithm for depot location and vehi-
cle routing, integrating valid inequalities and a simulated annealing—based local search
to improve upper bounds. Additionally, Thomas et al. [17] formulate an integer lin-
ear programming (ILP) model for the Location and Routing Problem with Pickup
and Delivery and introduce a column-generation framework using a label-setting algo-
rithm to solve the subproblem efficiently. More recently, several studies have employed
mixed-integer linear programming (MILP) models to capture various PDP extensions
[18, 19, 20], achieving high solution accuracy and benchmark competitiveness. How-
ever, these exact approaches suffer from poor scalability, limiting their applicability
to large-scale or real-time scenarios.

2.2 Approximate approaches

Regarding metaheuristics, algorithms such as evolutionary computation, swarm intel-
ligence, and local search—based methods have become promising for solving large-scale
PDPs. These approaches effectively balance exploitation and exploration, enabling
them to handle precedence, capacity, and time-window constraints while maintaining
computational efficiency. Cui et al. [21] propose an adaptive genetic algorithm that
addresses the timeliness and high cost of logistics distribution. Wang et al. [22] intro-
duce a hybrid framework that applies fuzzy C-means clustering to decompose the
problem into smaller subproblems, which are then solved by an enhanced multipopu-
lation genetic algorithm integrated with VNS. Ren et al. [23] design an improved ant
colony optimization (ACO) algorithm that initializes pheromones using vehicle infor-
mation and applies heuristic mechanisms to ensure high-quality initial solutions. Local
search—based approaches also demonstrate strong performance, including adaptive
large neighborhood search (ALNS) [24, 25], tabu search [26], and simulated anneal-
ing [27], which iteratively refine solutions through trajectory-based improvements.
Several hybrid frameworks have been developed to combine the strengths of multi-
ple metaheuristics. Oztac et al. [28] propose a hybrid algorithm integrating iterated
local search, variable neighborhood descent, and threshold acceptance, where pertur-
bation and intensification strategies enhance exploration efficiency. Gao et al. [29]
employ logic-based Benders decomposition and dynamic programming to accelerate
subproblem resolution.

Zhou et al. in [30] formulated a practical Dynamic Pickup and Delivery Prob-
lem (DPDP) model that incorporates real-world constraints such as limited docks,
time windows, vehicle capacity, and last-in-first-out loading. To solve it, they pro-
posed a Variable Neighborhood Search with Multiple Local Searches and Efficient
disturbance algorithm, which dynamically reconstructs solutions as new orders arrive.
The proposed method demonstrated strong performance, achieving the first place
among 153 teams in the ICAPS 2021 DPDP competition. In parallel, other researchers
have extended the pickup and delivery framework to green and sustainable logistics
systems. For instance, [31] introduced the Cold Chain Green Multi-Depot Vehicle
Routing Problem with Time Windows and Mixed Fleets , which integrates both
electric and conventional vehicles under a realistic energy consumption model. The



proposed improved Variable Neighborhood Search algorithm minimizes total opera-
tional costs—including fixed, energy, damage, and environmental costs—and evaluates
the impact of carbon pricing and time-window adjustments. On the other hand, the
authors in [32] actually solved a relaxed version of the ICAPS-DPDP rather than the
original problem. Specifically, they ignored the limited docking-port constraint at fac-
tories and consequently modified the benchmark dataset without explicitly mentioning
it. Experimental evidence showed that their published results corresponded to a case
where the number of docks was unlimited, thus making their comparison and claims
of state-of-the-art performance misleading for the true ICAPS-DPDP.

Recently, learning-based methods have been incorporated into PDP optimization
to improve adaptivity and generalization. Reinforcement learning (RL) frameworks
[33, 34, 35] learn routing policies directly from experience, providing strong perfor-
mance on unseen instances. Parameter-adaptive metaheuristics have also emerged,
leveraging machine learning for automatic tuning. Pugliese et al. [36] combine machine
learning techniques with VNS to explore promising regions of the solution space. Zhang
et al. [37] propose a two-stage learning-based method that employs a graph convolu-
tional network with attention for clustering, followed by a trained model to generate
vehicle routes.

2.3 Research gaps and Motivations

Despite significant progress in solving PDP and its variants, several research gaps
remain that hinder the development of more sustainable and adaptable routing
systems. Exact algorithms, such as branch-and-price and branch-and-cut, provide
optimality guarantees but are computationally prohibitive for large-scale or real-time
applications [15, 16]. Their exponential complexity limits scalability when dealing with
high-dimensional problems, particularly in applications involving a large number of
vehicles, customers, or complex constraints. Metaheuristic and hybrid approaches
have demonstrated strong global search capabilities and flexibility in handling complex
constraints [24, 28, 22]. However, most existing studies rely on random initialization,
which slows convergence and increases computational cost, and on restricted solution
representations, which limit evolutionary diversity and hinder both the exploration and
exploitation of the solution space. Although RL methods [33, 34] have recently shown
promise in learning adaptive routing policies, they typically require large amounts
of training data and extensive computational resources. Moreover, the generaliza-
tion ability of RL-based models across heterogeneous PDP scenarios remains limited,
especially when problem parameters or constraints change dynamically, as in time-
dependent travel conditions or varying customer demands. Additionally, while many
recent works have incorporated energy and environmental considerations into vehicle
routing problems, they often assume fixed or simplified models of fuel consumption
and rarely address the dynamic nature of vehicle load variation in pickup-and-delivery
operations.

To bridge these gaps, this paper adopts a physics-based engine energy model in
which the energy required to traverse each arc depends dynamically on the vehi-
cle’s instantaneous payload. This more realistic modeling approach enables accurate



assessment of fuel consumption as a function of vehicle weight and speed, provid-
ing deeper insight into the trade-offs between logistical efficiency and environmental
impact. Extending the PDPTW problem to include such an energy objective results
in the E-PDPTW, where energy consumption is directly affected by the pickup and
delivery sequence. In this paper, we propose a PVNS-RSO algorithm that integrates
VNS, route sequence optimization, and controlled perturbation mechanisms to effec-
tively address the energy-efficient pickup and delivery routing problem. The proposed
algorithm begins with a hybrid population initialization strategy to generate diverse
and high-quality starting solutions. Then, a VNS framework is employed to explore
multiple neighborhood structures for solution improvement, while an RSO optimiza-
tion operator refines the visiting order of service nodes to minimize travel cost. Finally,
a perturbation mechanism is applied to enhance population diversity and prevent
premature convergence.

3 Problem Formulation

This section formally defines the Energy-aware Pickup and Delivery Problem with
Time Windows (E-PDPTW) and presents the corresponding objective functions and
constraints.

3.1 System Description

The problem is defined on a complete directed graph G = (V, A), where V is the set
of vertices and A is the set of directed arcs. Let R denote the set of n transportation
requests. Each request € R requires the transportation of a load ¢, from the pickup
location 71 to its delivery location r~.

Each pickup and delivery operation incurs a handling time ¢,.+ and t,.—, respectively,
and must satisfy corresponding time-window constraints:

[ep+,0+] and [eq—,l—],

which represent the earliest and latest allowable start times for service.
The vertex set is defined as:

V={0}u{rT}u{r},

where vertex 0 represents the depot, and all other vertices correspond to pickup and
delivery points. The arc set A includes all possible directed connections between dis-
tinct vertices, with travel time t;; associated with each arc (¢,j) € A. The fleet is
represented by a finite set of vehicles K = {1,2,...,|K|}. Each vehicle k € K starts
and ends at the central depot. We denote that @) is the capacity of each vehicle.

3.2 Energy Consumption Model

This work focuses on engine energy consumption, while refrigeration-related energy
use is excluded for model tractability. Although refrigeration can contribute up to 40%



of total energy consumption in cold-chain logistics 7], including it would introduce
numerous uncertain parameters, such as unloading duration, door-opening frequency,
ambient temperature. Thus, the proposed model isolates the engine-related cost, and
refrigeration effects are left for future work.

The total engine energy consumption of vehicle k along its route is defined as:

Ex= > L, (1)

(i,5)Epathy,

where pathy is the route of vehicle k£ and ij is the energy consumed by vehicle k
when traveling from node 7 to node j, which is calculated as follows:

k k
LY =GY by 2)

The instantaneous fuel (or energy) consumption rate ij is computed as:

Tk
v & ij
Gij——mp (wR+ » ), (3)

where:

¢ fuel-to-air mass ratio,

 heating value of the fuel (energy per unit mass),

U engine friction coefficient,

w constant representing idling or baseline consumption,
R baseline engine load,

n driveline efficiency (0 <n < 1).

The mechanical power output Tf; required to move vehicle k from ¢ to j is given by:

1
Tz’; = §cdpAv3 + (my + ufj)gcrv7 (4)

where:

cq aerodynamic drag coefficient,
p air density,

A vehicle frontal area,

g gravitational constant,

¢, rolling resistance coefficient,
my curb weight of vehicle k,

uF. total cargo weight carried on arc (i, j).

)



3.3 Objective Function

The total cost of the system is formulated as a weighted sum of energy consumption
and lateness penalty:

minf:plek +pzsz7 (5)
keK keK
where p; and p, are weights for energy cost and lateness penalty, respectively. The
objective is to minimize total operational energy while reducing service lateness across
all vehicles.
For vehicle k, the total lateness penalty is:

P, = Z lateness;.

i€pathy,

A lateness penalty is incurred if a vehicle arrives at a node after its latest service time.
Therefore, the lateness at node i is defined as:

lateness; = max(0, visit; — [;),
where visit; is the actual arrival time and [; is the latest allowable time.

3.4 Constraints
To monitor the vehicle scheduling process, the following decision variables are defined:

xfj Equals 1 if vehicle k travels along arc (, j) to serve location j, and 0 otherwise;

(jf Denotes the load carried by vehicle k£ upon visiting node ;
t; Represents the service start time at location ¢;
M A sufficiently large constant.

Specifically, E-PDPTW is subject to the following constraints:

Service assignment constraint

Each request must be served exactly once by a single vehicle:

Zfo+j:1,Zfor,:1, Vr € R, (6)

keK jeV kEK i€V
fo+j:2xf_j, Vr € R, Vk € K. (7)
jev jev

Flow continuity constraint
For each vehicle, the number of arcs entering a vertex must equal the number of arcs
leaving it:
doak =Yk, vkeK, vjieV\{o}. (8)
1% heV
This ensures that every vehicle maintains a continuous and feasible route.



Vehicle capacity constraint

At any time, the total load carried by a vehicle cannot exceed its capacity Q:
iF<Q, VkeK, VjeV, 9)

@F+di—MQA-ak)<q, Vij)eA VkeK, (10)

where d; denotes the load quantity, being positive at pickup nodes and negative at
delivery nodes.

Pickup-before-delivery constraint

Each delivery node must be visited after its corresponding pickup node:
tp- > t+ + 8+ +t+,—, VreR, (11)
where s,.+ is the service time at the pickup location.

LIFO constraint

The loading and unloading sequence must follow the LIFO rule: the last item picked
up must be delivered first. For any two requests r1, 7y served by the same vehicle:

trf < tr;r’ tTf > tr;’ Vri,72 € Ry. (12)

Depot constraints

Each vehicle must start and end its route at the depot:

Y oaf;=1, VEEK, (13)
jevi{o}

> aky=1, VkeK (14)
1€V\{0}

Time window constraints

Each node must be visited within its specified time window:
e, <t;<l;, VieV. (15)
If a vehicle arrives early, waiting is allowed:
ti >ty +s;+t — M(L—2k,), V(i) €A VkeK, (16)

Binary and non-negativity constraints

8 e {0,1}, >0, ¢ >o0. 17
1] )
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Fig. 1: Framework of the PVNS-RSO algorithm.

4 Proposed algorithm

4.1 Framework of Perturbation-based Variable Neighborhood
Search with RSO optimization algorithm

The overall PVNS-RSO algorithm integrates VNS, route sequence optimization, and
perturbation mechanisms to enhance both exploration and exploitation. The process
begins with the population initialization phase (see Section 4.2), where an initial set
of feasible solutions (individuals) is generated. Each individual is represented by a
tree-based structure encoding the assignment of pickup and delivery requests to vehi-
cles. Next, for each individual in the population, the algorithm applies the VINS.
The VNS iteratively explores multiple neighborhood structures using the defined local
moves to improve solution quality while maintaining feasibility. Afterward, the RSO
operator is applied to each route within an individual to optimize the visiting order of
service nodes. This step refines the route structure and reduces overall travel cost by
solving a local sequencing subproblem for each vehicle. Finally, a perturbation oper-
ator is employed to diversify the population and prevent premature convergence. It
introduces controlled randomness into selected individuals, allowing the algorithm to
escape local optima and explore new regions of the search space. Figure 1 illustrates
the framework of PVNS-RSO algorithm.

4.2 Individual representation

The pickup and delivery problem (DPDP) can be effectively represented by a tree-
based structure, as shown in Figure 2. In this representation, the root node denotes
the depot, serving as the origin and destination of all vehicles. The first-level child
nodes correspond to the set of available vehicles (e.g., v, v2, v3). Each vehicle node

10



is associated with a subtree that specifies the sequence of pickup and delivery tasks
assigned to that vehicle. Within each subtree, both internal nodes and leaf nodes may
represent service locations, where a label ‘4’ indicates a pickup node and a label ‘-’
indicates a delivery node.

This hierarchical representation allows the entire solution to be decomposed into
independent route substructures, one for each vehicle, while still preserving global
precedence and capacity constraints. By applying an in-order traversal to each vehicle
subtree, the exact service sequence can be derived. Importantly, this traversal mecha-
nism naturally enforces the precedence constraint, i.e., every pickup location is always
visited before its corresponding delivery location. For example, vehicle vy is assigned
orders 1, 13, 8, 10, 12, 6, and traversing its subtree in in-order sequence produces the
route: 14+, 13+, 13—, 84, 8-, 1-, 10+, 10—, 12+, 6+, 6—, 12— Similarly, vehicle v
serves orders 7, 11, 4, 9, 3, while vehicle vs serves orders 14, 5, 2.

This tree-based modeling approach offers several advantages. First, it ensures
solution feasibility by construction, as the pickup—delivery precedence constraint is
inherently satisfied. Second, it enables structured manipulation of solutions, since sub-
trees can be directly modified, recombined, or exchanged between vehicles in heuristic
or evolutionary optimization algorithms. Finally, it provides a clear visualization of
complex routes, making it easier to analyze, evaluate, and optimize routing strategies
in large-scale DPDP instances.

13+

Fig. 2: Individual representation.

4.3 Heuristic Initialization

To provide a strong starting point for the PVNS-RSO algorithm, we adopt a
hybrid greedy initialization strategy that combines deterministic and randomized con-
structions. The deterministic solution establishes a high-quality baseline following
a time-based service policy, while the randomized individuals enhance diversity by
exploring different regions of the solution space. All solutions are generated using the
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same greedy best-insertion heuristic, ensuring computational efficiency. This hybrid
design balances quality, diversity, and robustness, allowing the algorithm to start
from a well-distributed set of promising solutions that effectively guide subsequent
VNS, RSO optimization and perturbation phases. The detailed steps of the heuristic
initialization are presented in Algorithm 1.

Algorithm 1: Population Initialization

Input: Set of requests R, set of vehicles K, graph G, population size Npop
Output: Initial population P = {S1,52,...,Sn,.,}
1 Initialize empty population P <« (J;
// Generate deterministic individual
Rordered < Sort_By_Earliest_Pickup_Time(R);
S7 < Heuristic Initialization(Rordered; &, G);
P+ PU {Sl};
// Generate randomized individuals
for i = 2 to N, do
Rshufiied < Random_Shuffle(R);
S; < Heuristic_Initialization( Rshufiied, K, G);
P+ PU {SZ},

return P;

W N

o 3 o o

©

Step 1: Deterministic individual generation. The first individual is con-
structed deterministically to provide a strong quality baseline. All transportation
requests are first sorted in ascending order of their earliest pickup times:

Rordered = Sort(R, by e+ ).

This ordering reflects a time-prioritized service policy that minimizes waiting and
lateness at the early stage of route construction. Then, the best insertion heuristic is
applied to sequentially insert each request into the available vehicle routes, resulting in
the deterministic solution S7. This solution ensures temporal consistency and typically
yields a feasible, near-greedy baseline for the population.

To ensure a high-quality baseline solution in the initial population, we incorporate a
deterministic initialization strategy that processes requests in a specific order based on
their temporal characteristics. This approach provides a stable, reproducible starting
point that serves as a reference for evaluating the diversity introduced by randomized
initializations.

The deterministic strategy sorts all requests in ascending order of their earliest
pickup time (or release time) before applying the best insertion heuristic. Formally,
requests are ordered such that:

€t S S Se, (18)

where e _+ denotes the earliest allowable pickup time for request r;.
By using this deterministic ordering for one individual in the population, we
establish a consistent benchmark that represents a reasonable, time-conscious routing

12



strategy. This deterministic individual often produces competitive results and provides
a stable foundation for the population-based search.

Step 2: Randomized individual generation. To introduce solution diversity,
the remaining Npop — 1 individuals are generated using randomized permutations of
the request sequence:

Rgl)umed = Random_Shuffle(R), i=2,3,..., Npop.

For each randomized sequence, the same best insertion heuristic is applied to construct
a feasible solution S;. By randomizing the request order, these individuals explore
different regions of the search space, promoting population diversity and preventing
premature convergence.

Step 3: Best inserttion heuristic. Apply the best insertion heuristic to each
Régufﬂed to obtain S;.

The heuristic initialization employs a best insertion strategy that iteratively pro-
cesses requests one by one and inserts each pickup-delivery pair into the position that
yields the minimum increase in the total objective value. The algorithm begins with
empty vehicle routes and sequentially assigns requests by evaluating all possible inser-
tion positions across all vehicles. For each request, the algorithm considers all feasible
combinations of pickup and delivery positions, selects the one with minimum cost
increase, and updates the solution accordingly. The heuristic initialization is formally
detailed in Algorithm 2.

For a problem instance with n requests, m vehicles, and an average route length of
£, the computational complexity can be analyzed as follows. For each request, the num-
ber of candidate insertion positions per vehicle is on the order of O(¢2). Considering
all m vehicles, each request therefore requires O(mf?) evaluations. When processing
n requests sequentially, the overall complexity becomes O(nmf?). Since the average
route length ¢ typically increases with the number of inserted requests, in the worst
case where ¢ ~ n, the computational complexity reaches O(mn?).

Although the algorithm exhibits a cubic worst-case complexity, it remains com-
putationally efficient in practice. This efficiency arises from three main factors. First,
infeasible insertions are often discarded early during feasibility checks, which signifi-
cantly reduces the number of evaluated candidates. Second, the feasible search space
is relatively sparse, as capacity and time-window constraints restrict the number of
valid insertion positions. Finally, route lengths tend to grow gradually and approxi-
mately linearly with the number of inserted requests, rather than quadratically as in
the theoretical worst case.

4.4 Variable Neighborhood Search

The proposed framework incorporates several local moves. These operators differ in the
scale of modification they introduce: subtree-based moves support large-scale adjust-
ments, often redistributing requests among vehicles, while node-based moves enable
fine-grained changes within or across routes. By combining both types, the search pro-
cess achieves a balance between diversification and intensification, which is crucial for
escaping local optima and discovering high-quality solutions.

13



Algorithm 2: Best Insertion Heuristic

Input: Set of requests R, vehicles K, and graph G
Output: Initial tree-based solution S

// Initialization

1 Initialize each vehicle k € K with route route; < [0,0] ; // Depot at both
ends

2 R’ + Random_Shuffle(R);

3 Request insertion:
foreach r € R’ do

a best < (0o, null, —1, —1) ; // (cost, vehicle, pickup, delivery)
5 foreach k € K do

6 for i =1 to |route;| — 1 do

7 for j =i+ 1 to |routex| do

8 new_route < Insert(r™,4) and Insert(r™,j) into routes;

9 if Is_Feasible(new_route, G) then

10 AC + Cost(new_route, G) — Cost(routey, G);

11 if AC < best.cost then

12 L best < (AC, k,1i,7);
13 if best.vehicle # null then
14 Insert r* and r~ into routepest.vehicle at positions best.pickup and

best.delivery;

15 Finalize:
S + Routes_To_Tree({routey, | k € K});
16 return S;

4.4.1 Subtree swap

In the local search framework based on the tree representation, a typical neighbor-
hood operator is the subteee swap. In this operation, two subtrees are selected from
different branches of the solution tree, where each branch corresponds to the route of a
particular vehicle. Each subtree represents a contiguous set of service tasks (including
both pickup and delivery nodes) assigned to the corresponding vehicle. The subtree
swap operator exchanges the positions of these two subtrees between the routes of the
selected vehicles.

For example in Figure 3, consider a subtree in the route of vehicle v; representing
a pickup—delivery pair and another subtree in the route of vehicle vs corresponding
to a different order. The subtree swap exchanges these subtrees, such that the order
previously served by wv; is reassigned to wvs, and vice versa. Importantly, the inter-
nal structure of each subtree remains unchanged during the swap, thereby preserving
the precedence relation between pickup and delivery nodes. The subtree swap oper-
ator offers two main benefits. First, it enables the exploration of new solution spaces

14



by reallocating orders between vehicles while maintaining feasibility with respect to
precedence constraints. Second, it contributes to search diversification, reducing the
likelihood of being trapped in local optima when combined with other neighborhood
moves.

Fig. 3: Subtree swap.

4.4.2 Node swap

Another local move is the node swap, where two arbitrary nodes in the tree are selected
and their positions are exchanged. Each node represents either a pickup and delivery
location within a vehicle route. The swap operation alters the relative positions of the
two selected service nodes, potentially reordering the sequence of visits in one or two
vehicle routes depending on the location of the swapped nodes. Figure 4 shows an
example of this operator, a node 8 in vehicle v; and a node 9 in vehicle vy are chosen,
the node swap operator exchanges their positions, reassigning 8 to the route of v and
9 to the route of v;. Similarly, if both nodes are selected within the same route, the
swap only modifies the internal visiting sequence of that vehicle.

= = = N =

Fig. 4: Node swap.
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4.4.3 Subtree relocate

This operator selects a subtree corresponding to one or more pickup-delivery requests
from the route of a given vehicle and reassigns it to the route of another vehicle. The
subtree is detached from its original vehicle route and then inserted into the route of
a different vehicle, typically at a feasible position that maintains the pickup—delivery
precedence and vehicle capacity constraints.

An example is shown in Figure 5, consider a subtree with root 4 in the route of
vehicle vo. Applying the subtree relocate move transfers this subtree to vehicle vy,
effectively reassigning the corresponding customer request from vy to vy. After the
relocation, the internal structure of the subtree remains unchanged, while the overall
workload distribution among vehicles is altered. This operator is particularly useful
for balancing load across vehicles, as well as for reducing route costs in cases where
transferring a group of requests to another vehicle results in shorter travel distances
or better time window alignment.

Fig. 5: Subtree relocate.

4.4.4 Node relocate

This operator modifies the solution tree by detaching a single node from its current
position and reinserting it into a different part of the tree. The procedure is as follows:
first, a node z is randomly selected. The children of x are then directly reattached
to the parent of y, thereby preserving the connectivity of the tree after x is removed.
Next, another node y is randomly chosen, and the detached node z is reinserted as
a child of y. An example of this operator is in Figure 7, with = being node 4, and y
being node 10.

4.4.5 Subtree rotate

This operator enables internal restructuring of a subtree by promoting a selected node
to become the new root while preserving the relative relationships among other nodes
through systematic tree rotations. The operation proceeds as follows: first, a subtree
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Fig. 6: Node relocate.

S with root r is selected from the solution tree. Then, a node z within S is chosen to
become the new root. The transformation involves repeatedly applying tree rotations
along the path from x to r until = reaches the root position.

During this process, for every node u that is either z itself or an ancestor of
x in the original subtree, the branch from u to its parent becomes the rightmost
branch in the restructured subtree. This systematic rightward shifting ensures that all
precedence constraints within the subtree are maintained while achieving the desired
reorganization.

For example, as illustrated in Figure 7, a subtree rooted at node 1 is selected.
Within this subtree, node 8 is designated to become the new root. The rotation oper-
ation is then successively applied along the path from node 8 to the original root 1,
resulting in node 8 being promoted to the root position. Throughout this process, the
relative parent—child relationships among other nodes, such as nodes 13 and 1, are
preserved.

Fig. 7: Subtree rotate.

4.5 RSO Optimization

The objective of this stage is to optimize the visiting sequence of child nodes within
each local route tree in order to minimize the total travel cost. Two distinct strategies
are employed depending on the size of the branch. For small branches, a brute-force
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search is applied. All n! possible permutations of the child nodes are generated, and the
total cost of each permutation is evaluated. The permutation yielding the minimum
cost is selected. This approach ensures an optimal visiting sequence for small-scale
subtrees. For branches containing more than seven child nodes, the computational
cost of brute-force search is prohibitively high. Therefore, the Regret-2 heuristic is
employed. This heuristic iteratively inserts the next node in a way that minimizes the
additional cost. It provides an efficient approximation with near-optimal performance.

4.6 Perturbation Operator

The perturbation process proceeds as follows. First, the subtree with the highest
accumulated route cost is identified from the solution tree. This subtree typically cor-
responds to a vehicle route that contributes the most to the total objective value.
Next, all nodes within this subtree are removed from the solution. Finally, the removed
nodes are reinserted sequentially into the tree, each at its best feasible position deter-
mined according to the cost-minimization criterion while maintaining precedence and
capacity feasibility. This perturbation mechanism introduces significant structural
modifications while preserving the feasibility of the overall solution. It allows the algo-
rithm to escape local minima by reconstructing suboptimal routes in a more efficient
form, thereby improving global search capability and solution diversity.

5 Experiments

5.1 Experimental Setting

This paper evaluates the proposed algorithm using the PDPTW benchmark instances
[38], which are widely recognized as the standard for assessing PDPTW algorithms due
to their diversity and complexity. Each instance name encodes key characteristics in
the format [Typel] [Size]-[Category]-[Index], where Type indicates the geographic
distribution of customers, such as C: clustered, R: random, RC: mixed; Size denotes
the number of requests, including 100, 200 and 400 requests, Category specifies the
time-window width, such as 1: narrow, 2: wide, and Index identifies the instance. For
example, C200-4-8 corresponds to a clustered distribution with 200 requests, wide
time windows, and is the eighth instance. The number of trucks and the capacity of
each truck are predefined for each dataset. Therefore, the performance of the proposed
algorithm is evaluated across a total of 180 instances.

All algorithms are implemented in Python 3.9 and run on a machine running
Ubuntu 22.04 LTS, equipped with an Intel Core i7-12700K CPU @ 3.60GHz and 32GB
of DDR4 RAM. Each algorithm is evaluated over 10 independent runs per instance
with different random seeds to ensure statistical validity. Each run is limited to 50,000
solution evaluations, and average results across runs are reported for analysis.
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5.2 Experimental Results
5.2.1 Impact of initialization on algorithm performance

To evaluate the effectiveness of our proposed heuristic initialization strategy, we
conduct a comprehensive ablation study comparing the strategy against random ini-
tialization. Table 1 presents the comparative results across instances of varying sizes
and distributions. The objective value combines total energy consumption and lateness
penalty as defined in Equation 5.

Table 1: Ablation study comparing heuristic and random initialization in terms of aver-
age objective value and average computation time

Random Initialization Heuristic Initialization
Instance

Average objective Average time Average objective Average time

100-C 2.52E405 £ 2.86E+05  23.77 £ 0.62  2.04E+04 £+ 2.81E+403 26.55 £ 3.66
100-R 1.67E+05 £ 2.87TE+05  23.70 £ 0.80  3.22E4-04 + 3.14E-404 25.71 £5.73
100-RC 2.41E405 £ 3.06E+05 23.69 £ 0.78 3.06E4+04 + 5.06E+03 25.67 £ 4.83
200-C 3.38E4-06 + 3.08E4-06  42.93 £1.00 7.01E+04 + 1.31E+404 60.83 £ 10.96
200-R 1.85E+06 + 1.80E406  42.62 + 1.14 9.06E4-04 + 1.79E4-04 69.94 £ 27.02
200-RC 1.53E+06 + 1.21E406  42.55 + 1.86  7.37TE404 + 1.04E4-04 67.17 £ 17.77
400-C 4.30E407 £ 2.24E+07 84.12 + 10.45 1.95E+05 + 3.85E+04 162.12 £ 38.61
400-R 2.73E4+07 £ 1.64E+07 93.84 &+ 15.78 2.38E+405 + 7.41E404 215.39 £+ 105.62
400-RC 2.87E407 £ 1.37E407  89.37 + 13.54 1.96E+05 + 2.51E+404 186.49 £ 70.19

The ablation study results demonstrate the critical importance of our proposed
heuristic initialization strategy. The most striking observation is the dramatic improve-
ment in solution quality achieved by heuristic initialization. Across all instance, the
heuristic initialization produces solutions that are one to two orders of magnitude
better than those obtained through random initialization. The computational trade-
off between the two methods reflects their inherent complexity differences. Random
initialization operates with a time complexity of O(n), yielding faster execution
times ranging from 23.77 to 93.84 seconds across instances. In contrast, heuristic ini-
tialization exhibits O(n3) complexity, requiring substantially higher computational
resources. This complexity difference manifests in the observed runtime patterns: for
100-request instances, heuristic initialization requires approximately 8 — 12% addi-
tional time; for 200-request instances, the time increase expands to 40 — 64%, and
for 400-request instances, heuristic initialization takes approximately 1.9 — 2.3 times
longer than random initialization.

Despite the increased computational demand, the exceptional improvement in
solution quality fully justifies this investment. The heuristic method’s intensive
optimization of penalty time objectives effectively reduces overall service tardiness
while ensuring timely order fulfillment and maintaining solution feasibility across all
operational constraints. Furthermore, heuristic initialization demonstrates superior
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consistency and reliability, as evidenced by the significantly smaller standard devia-
tions in objective values. In 100-C instances, the standard deviation decreases from
2.86 x 10° with random initialization to 2.81 x 103 with heuristic initialization. This
substantially lower variance indicates stable and predictable performance, making the
heuristic approach more suitable for practical applications where solution reliability
is paramount. In contrast, random initialization exhibits high volatility, underscoring
its limitations for real-world deployment.

5.2.2 Impact analysis of algorithm components

To further validate the effectiveness of key components in our proposed algorithm,
we conducted an additional ablation study examining the impact of removing the
Asymmetric Traveling Salesman Problem (RSO) optimization module and the pertur-
bation mechanism. Table 2 presents the comparative results across different instance
categories.

Table 2: Ablation study on algorithm components

w/o RSO w/o Perturbation
Instance

Worse Better Equal % Worse Better Equal %
100-C  14/17  3/17  0/17 497% 15/17  2/17  0/17  2.42%

100-R 22/23  1/23  0/23  4.06% 21/23  2/23  0/23  2.69%
100-RC  15/16  1/16  0/16 4.65% 14/16 2/16  0/16 3.72%
200-C 14/20  6/20  0/20 3.24% 16/20  4/20  0/20  3.91%
200-R 12/20  8/20  0/20 3.06% 18/20  2/20  0/20 3.47%
200-RC  16/20  4/20  0/20 3.33% 17/20  3/20  0/20  3.04%
400-C 14/20  2/20  3/20 3.25% 16/20 1/20  3/20 3.33%
400-R 15/20  1/20  4/20 3.72% 14/20  1/20  5/20  4.69%
400-RC  13/20  1/20  6/20 3.18% 15/20 1/20  4/20 3.83%

The ablation results in Table 2 highlight the essential roles of both algorithmic
components, demonstrating the individual and synergistic contributions of the RSO
optimization and perturbation mechanisms.

Evaluation of RSO Optimization for Energy-Efficient Routing

The removal of the RSO component consistently leads to significant performance
degradation across all instance types and sizes. The empirical data show that solutions
without RSO optimization perform worse in the vast majority of cases, 12/20 to 22/23
instances across different categories, with average performance deterioration ranging
from 3.06% to 4.97%. This substantial decline underscores the indispensable role of
RSO optimization in generating energy-efficient vehicle routes. The RSO component
serves as the computational engine that minimizes energy consumption costs by solv-
ing the underlying routing subproblems with optimal sequencing. Despite handling
routes of varying lengths and complexity, the RSO optimizer maintains computational
efficiency and effectively balances solution quality with reasonable computational over-
head. This component ensures that vehicles follow the most energy-efficient paths while
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satisfying all operational constraints, making it fundamental to the overall system
performance.

FEvaluation of Perturbation Mechanism in Escaping Local Optima

The results demonstrate that removing perturbation leads to worse solutions in 14/16
to 18/20 cases, with performance degradation averaging between 2.42% and 4.69%.
This consistent pattern confirms the perturbation mechanism’s essential function in
preventing premature convergence to local optima. The strategic perturbations enable
the algorithm to escape local optima and explore previously inaccessible yet potentially
promising regions of the solution space. This capability proves particularly valuable in
complex instances with 400 requests, where the search landscape contains numerous
local optima that can trap simpler algorithms.

The consistent performance degradation observed when removing either compo-
nent highlights their powerful synergistic relationship within our proposed framework.
The RSO optimization provides intensive local search capability, delivering high-
quality refinements to vehicle routes and energy consumption patterns. Meanwhile,
the perturbation mechanism ensures sustained global exploration capacity, continu-
ously redirecting the search toward unexplored, potentially superior regions of the
solution space. This complementary interaction establishes a well-balanced algorithmic
framework that harmonizes intensification and diversification. The RSO component
focuses on the exploitation of high-quality solutions, while the perturbation mechanism
facilitates broad exploration across the solution landscape. Therefore, the strategies
constitute a robust optimization engine capable of effectively managing the intricate
trade-offs among route efficiency, energy consumption, and computational tractability
in vehicle routing problems with time windows.

5.2.3 Comparison with State-of-the-Art Algorithms

To comprehensively assess the effectiveness of the proposed PVNS-RSO, exten-
sive comparative experiments are conducted against two state-of-the-art algorithms,
including CZW [31], an improved VNS incorporating balanced perturbation and
memory-based local search, and CLZ algorithm [30], a VNS framework integrat-
ing multiple local search strategies and efficient disturbance mechanisms. Notably,
CLZ achieved first place in the ICAPS 2021 competition and represents the current
state-of-the-art for solving complex pickup and delivery problems with capacity and
LIFO constraints. Figure 8 demonstrates superior performance and robustness of the
proposed algorithm across diverse instances.

Comparison in solution quality

For smaller instances with 100 requests, PVNS-RSO achieves solution quality com-
parable to CLZ while significantly outperforming CZW. This advantage becomes
more evident as problem complexity increases. For medium-sized instances with 200
requests, PVNS-RSO demonstrates a clear performance, yielding substantially lower
objective values than both baselines across all distribution patterns. The improvement
is particularly notable in the 200-RC category, where the performance gain is most
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Fig. 8: Performance comparison with state-of-the-art algorithms. Our method consis-
tently demonstrates superior performance across most problem instances, particularly
excelling in larger and more complex scenarios.

pronounced. In large-scale instances with 400 requests, PVNS-RSO exhibits outstand-
ing scalability, maintaining low objective values even as CZW and CLZ experience
considerable degradation. The most substantial improvements occur in the 400-RC
category, where the proposed method reduces objective values by approximately 5%
relative to CZW and 8% relative to CLZ.

Comparison in computational efficiency

Beyond solution quality, the proposed algorithm exhibits remarkable computational
efficiency that further enhances the practical applicability. PVNS-RSO consistently
requires significantly less computation time than both comparative methods across all
instances. For 100-request instances, the proposed method achieves an average runtime
of 25.97 seconds, representing a 22.8% reduction compared to CZW and 79.5% reduc-
tion compared to CLZ. On the 200-request instances, PVNS-RSO is 2.3 times faster
than CZW and 4.0 times faster than CLZ. The performance gap is most pronounced
on the largest 400-request instances, where the proposed method with 187.97 seconds
outperforms CZW and CLZ by a factor of 5.3 and 3.3, respectively. Notably, these
significant computational efficiency gains are achieved while simultaneously delivering
improved solution quality across all instance types

This combination of speed and accuracy arises from the algorithm’s well-balanced
design. The heuristic initialization provides high-quality starting points, reducing
the need for extensive search. The strategic integration of perturbation and RSO
optimization enables rapid convergence to near-optimal solutions without excessive
computational overhead. The effectiveness of the approach can be attributed to
the seamless interaction among the core components: the tree-based representation
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ensuring feasibility, the VNS providing thorough exploration, the RSO optimization
enabling intensive exploitation, and the perturbation mechanism maintaining diver-
sity. Therefore, this design effectively balances the competing demands of solution
quality and computational efficiency, achieving notable improvements over existing
state-of-the-art methods. Figure 8 illustrates that the PVNS-RSO algorithm deliv-
ers substantial advances in solving complex vehicle routing problems, particularly
for large-scale real-world applications where both solution quality and computational
efficiency are critical.

Impact of problem parameters on algorithm performance

To further evaluate the practical applicability and efficiency of the proposed PVNS-
RSO algorithm, this paper conducts comprehensive experiments analyzing the
performance under reduced vehicle fleet scenarios. This analysis is particularly rele-
vant for real-world logistics operations where optimizing fleet utilization can lead to
significant cost savings and improved sustainability, including two vehicle reduction
scenarios: 50% and 80% reduction from the original fleet size. These scenarios repre-
sent challenging operational conditions where efficient route planning becomes critical
to maintain service quality with limited resources.

Objective Function by Customer Distribution Objective Function by Problem Size

Objective Function Value
Objective Function Value

100 200 400
Customer Distribution Problem Size (Number of Customers)

Clustered Random

EEN CZW (50%) [N CLZ (50%) [ Our (50%) NN CZW (50%) [N CLZ (50%) [=3 Our (50%)
[ CZW (80%) [N CLZ (80%) [ Our (80%) [ CZW (80%) [N CLZ (80%) [1 Our (80%)

Fig. 9: Performance comparison under vehicle fleet reduction scenarios: (left) by
customer distribution type, (right) by problem size. Our PVNS-RSO algorithm demon-
strates superior performance in both 50% and 80% vehicle reduction scenarios across
all distribution patterns and problem scales.

Impact of the number of vehicles on datasets with different customer
distributions: The experimental results in Figure 9 demonstrate a significant cor-
relation between vehicle availability and solution quality across all algorithms. It
is emphasized that reducing the number of available vehicles leads to substantially
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increased objective function values, reflecting the heightened challenge of serving the
same customer demand with limited resources. A particularly notable observation
is the dramatic impact of vehicle reduction on smaller problem instances. For 100-
customer instances, reducing the fleet to 50% of the original size causes an exponential
increase in objective function values across all algorithms. This sharp deterioration
indicates that smaller instances lack the flexibility to absorb significant resource con-
straints while maintaining service quality. However, PVNS-RSO exhibits remarkable
resilience under the more severe 80% vehicle reduction scenario. Despite the extreme
constraints, the proposed method maintains superior performance compared to both
CZW and CLZ across all distribution types. This robustness can be attributed to the
effective integration of tree-based representation and RSO optimization, which enables
efficient resource allocation even under tight constraints.

Impact of the number of vehicles on datasets with different problem
sizes: For 100-customer instances, the 50% vehicle reduction produces the most dra-
matic performance degradation across all methods. However, the proposed algorithm
demonstrates the smallest relative deterioration, maintaining its competitive edge over
benchmark methods. In 200-customer instances, PVNS-RSO demonstrates exceptional
performance in the 50% reduction scenario, achieving the best results among all com-
pared methods. This suggests that PVNS-RSO is particularly effective at handling
medium-scale optimization problems under substantial resource constraints. For the
largest 400-customer instances, the proposed method maintains consistent superiority
in both reduction scenarios. The performance advantage is most pronounced in the
80% reduction case, where PVNS-RSO significantly outperforms both competitors.
This pattern underscores the scalability of our approach and its ability to manage
complex routing challenges with severely limited resources.

Therefore, fleet reduction intensifies the difficulty of maintaining service quality,
particularly with respect to time window satisfaction. However, PVNS-RSO effectively
addresses this challenge through a combination of adaptive perturbation and route
sequencing optimization. The perturbation mechanism resolves penalty hotspots by
reconstructing overloaded routes, while the RSO component improves temporal coor-
dination to minimize lateness. Furthermore, the integrated objective design enables
the algorithm to balance energy efficiency and service quality, even when resources are
severely constrained. These mechanisms collectively explain the strong resilience and
superior performance of PVNS-RSO in penalty-sensitive, reduced-fleet scenarios.

6 Conclusions

This paper investigated the E-PDPTW, aiming to minimize both total energy con-
sumption and service lateness in logistics operations. To effectively solve this complex
optimization problem, we proposed a novel algorithm, called PVNS-RSO, which
integrates the perturbation-based VNS with a route sequencing optimization algo-
rithm. Additionally, the method implements a tree-based representation to ensure
feasibility, multiple neighborhood structures for diversified exploration, and an RSO
module for local refinement. Extensive experiments on standard benchmark instances
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demonstrate that PVNS-RSO achieves superior performance compared with state-
of-the-art approaches in terms of both solution quality and computational efficiency,
leading to the potential of the proposed approach to enhance sustainability and
operational efficiency in modern logistics networks. For future research, several direc-
tions can be explored. First, the proposed PVNS-RSO framework can be extended
to multi-objective formulations that jointly consider fuel consumption, carbon emis-
sions, and operational costs. Second, incorporating stochastic travel times or uncertain
energy parameters would further enhance the model’s applicability to real-world
conditions. Finally, integrating the proposed algorithm with real-time data and
online decision-making strategies could enable adaptive routing in dynamic logistics
environments.
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