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Abstract
The split delivery vehicle routing problem with three-dimensional loading constraints (3L-SDVRP) is a complex capacitated
vehicle routing problem variant that considers split delivery and three-dimensional loading. It aims to determine the optimal
routes for a fleet of vehicles by minimizing the number of vehicles required and the total travel distance. However, current
methods are limited in efficiency and often yield suboptimal solutions. More efficient and effective methods are needed.
Building on a state-of-the-art algorithm for solving the 3L-SDVRP, this paper proposes a more efficient algorithm with
several novel features. Firstly, improvements to the packing method are introduced to enhance the loading performance and
reduce required vehicles. Secondly, three new search operators are proposed to exploit problem characteristics in order to
improve search efficiency significantly. Thirdly, a new adaptive splitting strategy dynamically decides when to split boxes
according to the current status of the vehicle and node, thereby reducing computational costs. Lastly, the algorithm includes
a new post-optimization method to further improve the solution quality. Extensive experiments validate that our proposed
method efficiently reduces the number of required vehicles with fewer computational resources. The effectiveness of each
novel component has also been confirmed through ablation experiments.

Keywords Routing · Packing · Split delivery · Hybrid evolutionary algorithms · Local search

1 Introduction

The split delivery vehicle routing problem with three-
dimensional loading constraints (3L-SDVRP) is a challeng-
ing combinatorial optimization problem that combines two
NP-hard problems, namely the three-dimensional packing
(also called loading) problem and the split delivery vehicle
routing problem. As shown in Fig. 1, each node contains a set
of rectangular boxes to deliver.Multiple vehicles are required
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to depart from a depot, travel to different customer nodes to
load the boxes at each node, and subsequently return to the
depot.

The 3L-SDVRP is different from other VRP variants ([17,
18, 22]) due to twokey characteristics: (1)Splitting of deliver-
ies. In real-world applications, vehicles have finite capacities,
and the quantity and 3D sizes of boxes at each nodemay vary
greatly. These differences can lead to two main issues: the
total load from a node may exceed the maximum capacity of
a vehicle, or the remaining capacity of a vehiclemay be insuf-
ficient for all boxes when visiting a node. Consequently, the
problem permits multiple vehicles to service the same node,
enabling box delivery in separate batches. (2) 3D loading
constraints. In typical VRPs, only the volume and weight of
boxes are considered to ensure that the load of a vehicle does
not exceed its capacity. However, in the case of 3L-SDVRP,
where boxes are treated as cuboids, it is necessary to consider
not only the volume and weight, but also the 3D size, loading
sequence, and placement position.

The features mentioned above add additional complex-
ity to the problem because they require optimization of
both routing and loading. Due to the high complexity of
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Fig. 1 Illustration of the
3L-SDVRP

the 3L-SDVRP, exact algorithms are incapable of solving it
effectively. Consequently, many heuristics [25], metaheuris-
tics [16, 19, 20, 31], and hybrid algorithms [5, 7, 15] have
been proposed in previous studies. However, despite these
advanced algorithms, solving the problem efficiently and
effectively remains challenging.

For example, Liu et al [16] introduced amachine learning-
assisted multi-objective evolutionary algorithm named
MOEA/D-OM for solving the 3L-SDVRP. This innovative
approach integrates machine learning techniques to enhance
the evolutionary search process, offering a novel solution
to this complex optimization problem. However, its success
largely depends on generatingmany packing-infeasible solu-
tions during the search. The pre-trained packing evaluation
model may limit algorithm adaptability and performance
across diverse problems due to potential constraints in gener-
alization ability of the training data. Additionally, MOEA/D-
OM is not well-suited for solving large-scale problems: the
instances used in their study contain a maximum of only 16
nodes, with an average of approximately 9 nodes and 400
boxes per instance, indicating that the problem size is rel-
atively small. In contrast, Bortfeldt and Yi [5] proposed a
local search-based algorithm called SDVRLH2, whichmain-
tains the best-known solutions for most problem instances in
terms of solution quality and can solve large-scale problems
(up to 200 nodes and 14230 boxes). Thus, SDVRLH2 can
be considered the state-of-the-art method for solving the 3L-
SDVRP. However, SDVRLH2 has the following weakness:

• The packing algorithm employs a strategy of packing two
boxes at a time, which generates only two sub-spaces,
potentially leading towasted space and an increasednum-
ber of utilized vehicles.

• The routing process of the algorithm utilizes traditional
search operators, such as swap, shift, 2-opt, and 3-opt,
but fails to exploit problem properties as heuristic infor-
mation, thus reducing the search efficiency.

• The outer loop, which varies maximal admissible split-
ting costs, ignores the status of vehicle/node and causes
high computational overhead.

• The post-optimization phase, which uses 3-opt, is com-
putationally expensive and not very effective.

Inspired by the state-of-the-art SDVRH2 algorithm for
solving the 3L-SDVRP, we propose a more efficient local
search algorithm. Our contributions can be summarized as
follows:

• We improve the box loading and sub-space generation
process by two distinct approaches: (a) packing two
boxes at once, generating five sub-spaces, and (b) pack-
ing one box at a time, generating three sub-spaces. Both
methods generate packing solutions, and a heuristic rule
is employed to determine the optimal packing solution.
Additionally, the two customers packing pattern (2C-SP,
which is described in Sect. 3.2) construction method is
also adjusted.
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• For routing, we design three novel search operators
that exploit problem properties as heuristic information,
resulting in improved efficiency and effectiveness.

• We propose an adaptive splitting strategy to replace the
multiple local search loops in SDVRLH2. This strategy
evaluates splitting feasibility at each node based on vehi-
cle remaining capacity and box layer configuration, thus
reducing computational overhead.

• We develop a new post-optimization approach which
includes two stages: reassigning vehicle loads to reduce
the number of utilized vehicles, and independently opti-
mizing the travel distance of each vehicle. This further
enhances the quality of the final solution.

The remainder of this paper is structured as follows.
In Sect. 2, we provide a mathematical formulation of 3L-
SDVRP and review related work. In Sect. 3, we introduce our
algorithm, comprehensively describing its overall framework
and key features. In Sect. 4, we present experimental stud-
ies, including comparisonswith the state-of-the-art algorithm
and in-depth analysis of ourmethod. Finally,we conclude our
paper in Sect. 5, summarizing our contributions and high-
lighting future research directions.

2 Background and related work

2.1 Problem formulation

This problem involves multiple customer nodes and a sin-
gle depot. As shown in Fig. 1, the depot serves as both the
starting and ending nodes. Distances between all nodes are
predetermined. At each node, there are boxes characterized
by weight and 3D size (length, width, height). The task is to
dispatch vehicles to transport all boxes from these customer
nodes to the depot. This requires decisions on the number of
vehicles, the route for each vehicle, the assignment of boxes
to vehicles, their spatial arrangement within vehicles, and the
order of loading. The objectives are to minimize the number
of vehicles and the total travel distance (t td) for all vehicles,
addressing both routing and packing challenges.

2.1.1 Notations

Assuming that there are N customer nodes and a single depot
(with index 0 and N+1) as the starting and ending nodes. The
distances between all pairs of nodes are known. Additionally,
N sets of boxes are provided, with all boxes at each node
belonging to a single set. Each box is characterized by its
weight and 3D sizes (i.e., length, width, and height). The
notations used in the mathematical formulation are shown in
Table 1. Decision variables include the number of vehicles
used (p), the route (i.e., nodes sequence) of each vehicle, and

the packing scheme (i.e., the allocation of boxes to vehicles,
the 3D coordinates of each box, and the loading sequence for
all boxes within each vehicle).

2.1.2 Amathematical model

The following mathematical model is constructed based on
Moura and Oliveira [20]. There are two objectives relevant
to both routing and packing aspects of the problem. The first
one:

min f1 = p. (1)

In Eq. (1), p is the number of vehicles used.
The second one:

min f2 =
p∑

t=1

N+1∑

i=0

N+1∑

j=0

di j X
t
i j . (2)

The optimization process focuses on minimizing two
objective functions. The first objective function, f1, aims to
minimize the number of vehicles required, while the second
objective function, f2, seeks to minimize the total travel dis-
tance (t td) for all vehicles.

Although 3L-SDVRP inherently involves two objectives,
it is conventionally treated as a single-objective problem in
most literature ([5, 7, 8, 15, 20, 25, 31]). In practice, minimiz-
ing the number of vehicles is considered more crucial than
reducing total travel distance ([5]), due to the substantially
greater expenses of obtaining, maintaining extra vehicles,
and employingmore drivers compared to the additional travel
costs. Therefore, in alignment with previous studies, this
paper prioritizes the optimization of the number of vehicles
used as the primary objective, with the minimization of total
travel distance (t td) as the secondary objective. When eval-
uating the quality of two solutions during the search process,
we first examine the number of vehicles, with fewer vehicles
indicating a superior solution. When the number of vehicles
is the same, we then compare the total travel distances, with
shorter distances representing better solutions.

The constraints are as follows.

N∑

j=1

Xt
0 j = 1, t = 1, . . . , p. (3)

N∑

i=1

Xt
i(N+1) = 1, t = 1, . . . , p. (4)

N∑

i=0

Xt
ik =

N+1∑

j=1

Xt
k j ,

k = 1, . . . , N ; t = 1, . . . , p. (5)
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Table 1 Notations used in the mathematical formulation

Notations Descriptions

G = (V , E) Road network, a complete directed graph

V = {0, 1, ..., N , N + 1} V is the set of vertices

0 and N + 1 are the depot (i.e., the starting point and ending point)

1 ∼ N are customer nodes

E = {(i, j) | i, j ∈ V , i �= j } the set of edges

di j Non-negative travel distance, di j �= d ji

O = {Ki | i = 1, . . . , M } one delivery order/dataset; 1 ≤ M ≤ N

Ki = {1, . . . ,mi } the set of boxes that need to be transported in the node i

mi : Number of boxes in the node i

At
i ⊂ Ki The set of boxes that are loaded in vehicle t in the node i

lk , wk , hk The length, width, and height of the box k

qk , vk the weight and volume of the box k

xk , yk , zk The coordinate of the center of the box k

Lt ,Wt , Ht , t = 1, . . . , p the length, width, height of container vehicle t

p: Total number of vehicles used to transport boxes

Qt , t = 1, . . . , p The weight capacity of container vehicle t

X t
i j = 1 if vehicle t travels from node i to j

= 0 otherwise; (i, j = 0, 1, · · · , N + 1; t = 1, · · · , p)

xk1, yk1, zk1 The smallest x , y, and z coordinates of the box k in the vehicle.

xk2, yk2, zk2 The largest x , y, and z coordinates of the box k in the vehicle

xt1, yt1, zt1 The smallest x , y, and z coordinates of the container of the vehicle t (the origin of the coordinate
system)

xt2, yt2, zt2 The largest x , y, and z coordinates of the container of the vehicle t

N∑

i=0;i �= j

X t
i j ≤ 1,

j = 1, . . . , N ; t = 1, . . . , p. (6)

δ1 (xk2 − xl1) (xl2 − xk1) ≤ 0,

k, l ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p. (7)

δ2 (yk2 − yl1) (yl2 − yk1) ≤ 0,

k, l ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p. (8)

δ3 (zk2 − zl1) (zl2 − zk1) ≤ 0,

k, l ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p. (9)

δ1, δ2, δ3 ∈ {0, 1}, δ1 + δ2 + δ3 ≥ 1. (10)
⋃

t=1,...,p

At
i = Ki , i = 1, . . . , N . (11)

⋂

t=1,...,p

At
i = ∅, i = 1, . . . , N . (12)

∑

b∈Bk
[min{xb2 − xk1, xk2 − xb1}·

min{yb2 − yk1, yk2 − yb1}] ≥ r · wklk,

k ∈ At
i , t = 1, . . . , p; i = 1, . . . , N ,

Bk : the set of boxes under and
touching the box k in vehicle t .

(13)

∑

k∈At
i

qk ≤ Qt , i = 1, . . . N ; t = 1, . . . , p. (14)

xk1 ≥ xt1, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(15)

yk1 ≥ yt1, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(16)

zk1 ≥ zt1, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(17)

xk2 ≤ xt2, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(18)

yk2 ≤ yt2, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(19)

zk2 ≤ zt2, k ∈ At
i ; i = 1, . . . , N ; t = 1, . . . , p.

(20)
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Ik > Il , if equations (22, 23, 25) or (23, 24, 26) hold
simultaneously.k ∈ At

i ; l ∈ At
j ; i, j = 1, . . . ,

N ; t = 1, . . . , p.Ik, Il : the loading sequence
of box k and l in the vehicle Rt .

(21)

(xk2 − xl1) (xl2 − xk1) > 0. (22)

(yk2 − yl1) (yl2 − yk1) > 0. (23)

(zk2 − zl1) (zl2 − zk1) > 0. (24)

zk1 ≥ zl2. (25)

xk1 ≥ xl2. (26)

The constraints in this study primarily focus on two
aspects: vehicle routing and 3D loading. Equations (3) and
(4) ensure valid route formation: each route must start from
the starting node and end at the ending node. In this paper, the
depot represents both the starting and ending nodes. Addi-
tionally, vehicles must adhere to flow conservation (Eq. (5)),
which dictates that the number of vehicles arriving at a node
must equal the number of vehicles departing from the node.
Equation (6) enforces a single visit requirement,meaning that
a customer can only be visited by the same vehicle once. The
remaining constraints relate to 3D loading. Non-overlapping
constraints (Eqs. (7–10)) ensure that boxes within the same
vehicle do not overlap in any dimension. Non-splitting con-
straints (Eqs. (11–12)) specify that a box can only be loaded
into one vehicle. Equation (13) is the full supporting stabil-
ity constraint in which Bk represents the set of all boxes that
are under box k and in contact with the bottom surface of k.
Thus, this constraint requires that the supporting area must
be greater than or equal to the percentage r of the bottom
area of the box (r = 1.0 in this paper). Weight capacity
constraint (Eq. (14)) specifies that the total weight of boxes
loaded onto a vehicle cannot exceed the weight capacity of a
vehicle. Size constraints (Eqs. (15–20)) mean that all boxes
must be loaded inside the vehicle container, with exceeding
the container wall or door prohibited. Lastly, the last-in-first-
out (LIFO) constraint, defined by Eqs. (21–26), ensures that
boxes loaded later must be unloaded first. Once a vehicle
leaves a node, boxes loaded there cannot be moved.

2.2 Related work

Table 2 summarizes the problem properties considered in
various studies on 3L-SDVRP. It is evident that the problem
exhibits varying characteristics in different scenarios, which
must be taken into account when designing algorithms. Thus,
a thorough analysis of the constraints and characteristics of
the problem in each scenario is crucial for the effective design
of algorithms.

Algorithms for the 3L-SDVRP can be categorized into
local search-based and global search-based methods. Local
search approaches encompass classic local search ([5, 20]),
tabu search ([8, 31]), and simulated annealing ([7]). For
global search, MOEA/D ([16]), estimation of distribution
algorithms ([15]), and genetic algorithms ([19, 21]) are
employed. In addressing packing constraints within the lit-
erature, various methods have been employed, including
genetic algorithms ([5, 31]), local search techniques ([8, 19,
20]), constructive heuristics ([25]), and a bundle of heuris-
tic approaches ([7, 15]), all aimed at determining efficient
packing arrangements.

Global search-based approaches offer the advantage of
exploring a broader solution space, potentially avoiding
local optima. However, they usually encounter challenges
such as higher computational costs and slower convergence
rates, especially in the context of complex and large-scale
problems. The most recent global search-based method,
introduced by Liu et al [16], leverages machine learning
models to evaluate the packing feasibility of routes, which
improve the efficiency of solving the 3L-SDVRP. Despite
this progress, the authors acknowledge the method is limited
in its ability to handle larger-scale problems effectively.Mor-
ever, in terms of solution quality, this approach falls short of
the performance of SDVRLH2.

SDVRLH2, a local search-based algorithm by Bortfeldt
and Yi [5], leads the field due to its strong performance
across various problem instances. Nonetheless, it still has
some limitations: (1) The packing algorithm employs a strat-
egy of packing two boxes at a time, which generates only
two sub-spaces, potentially leading to wasted space and an
increased number of utilized vehicles. (2) The routing com-
ponent of the algorithm utilizes traditional search operators,
such as swap, 2-opt, and 3-opt, but fails to exploit problem
properties as heuristic information, thus reducing the search
efficiency. (3) The outer loop, designed to vary the maximal
admissible splitting costs, incurs a substantial computational
overhead. (4) Its post-optimization phase, which employs 3-
opt, is computationally expensive and not very effective.

Therefore, our research aimed at proposing a more effi-
cient algorithmon the basis of SDVRLH2. In the next section,
we introduce our algorithm in details.

3 An efficient local search algorithm for
3L-SDVRP

Building on the SDVRLH2 algorithm ([5]), we propose a
more efficient algorithm that incorporates several innova-
tions to tackle the limitations of SDVRLH2. This section
first gives an overview of the framework of our algorithm,
and then provides an in-depth discussion of each innovation
introduced.
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Table 2 3L-SDVRP problem
properties considered in
different research

Literature BD HV TW WL LIFO Re Or VS FS VN

Liu et al [16] � � � � � � � � � �

Rajaei et al [25] � � � - � � � � � �

Pei et al [21] � � � � � � � � � �

Bortfeldt and Yi [5] � � � � � � � � � �

Chen et al [8] � � � � � � � � � �

Li et al [15] � � � � � � � � � �

Yi and Bortfeldt [31] � � � � � � � � � �

Ceschia et al [7] � � � � � � � � � �

Moura and Oliveira [20] � � � � � � � � � �

Moura [19] – � � � � � � � � –

Ours � � � � � � � � � �

BD = back to depot; HV = heterogeneous vehicles; TW = time window; WL = weight limit; LIFO = last-in-
first-out; Re = reachability; Or = orientation; VS = vertical stability; RS = robust stability; FS = full support
stability; SS = surrounded stability; LBS = load bearing strength; VN = vehicle number limit; The symbol
“-” means the relative entry is not mentioned in the literature

3.1 Overview of our algorithm

Following SDVRLH2, our algorithm employs a “packing
first routing second” strategy. As illustrated in Algorithm 1,
this approach first utilizes packing heuristics to generate fea-
sible packing arrangements (Steps 1–2), followed by a local
search-based approach for routing optimization. In the rout-
ing process, a “giant tour” (also termed as an “individual” in
Algorithm 1) acts as the representation of a solution. It is a
sequence of all nodes but does not represent a feasible route,
as a single vehicle cannot traverse all nodes in one route
without violating constraints. Therefore, a decoding process
is essential to transform a giant tour into a feasible routing
and packing plan for evaluation. Detailed insights into the
giant tour decoding are provided in Appendix A.

Referencing Algorithm 1, initially, we generate a ran-
dom initial individual as the best individual discovered so
far (Step 3). We conduct iterative exploration based on the
current best individual, sbest (Steps 4–20). This process
involves multiple searches (Steps 6–19), each centered on
the current individual, scurr . For scurr , we first employ our
proposed LKH mutation operator to identify an improved
individual, siter_best (Step 7). Next, we utilize our proposed
route-pair swap operator to obtain the neighborhood, Nswap,
of siter_best (Step 8). After merging Nswap with siter_best
(Step 9), we decode individuals in N and select the best indi-
vidual among them as the new siter_best (Step 10). We then
apply our multi-pair elitist recombination operator to get the
neighborhood NMPER (Step 11). This is done for individ-
uals in Nswap that outperform the original siter_best before
the route-pair swap operation. We choose the best individual
from NMPER and siter_best as the new siter_best (Steps 12–
13). Following the update of sbest and scurr (Steps 14–15),

we terminate the current loop if scurr has not been updated
for nno_imp consecutive iterations (Steps 16–18). Once the
search is completed, the algorithm implements the new post-
optimization method on the best individual, sbest , for further
optimization (Steps 21–25).

Overall, Algorithm 1 extends the hill-climbing approach
by conducting exhaustive local searches with various moves
from the current best solution, sbest . In the following subsec-
tions, we will describe our innovative contributions in detail.

3.2 Improved packingmethod

Our layer-based packing strategy, inspired by methods from
Bortfeldt and Yi [5] and Bortfeldt and Gehring [4], organizes
boxes at each node into cuboid basic layers as shown in Fig.
2. By checking the layer depth against the x-axis length of the
vehicle, this approach simplifies the solving process. It elim-
inates the need for frequent 3D packing problem resolutions
during routing, thus reducing computational requirements.

Building on the basic layer concept, Bortfeldt and Yi [5]
introduced three packing patterns: one customer full load
pattern (1C-FLP), one customer segment pattern (1C-SP),
and two customers segment pattern (2C-SP). 1C-FLP groups
basic layers from one node into a full vehicle load for direct
delivery. When layers of a node exceed the vehicle capacity,
one or more 1C-FLPs are formed as not all layers fit. The
remaining basic layers of the node, which do not constitute
any 1C-FLP, form a 1C-SP. The 2C-SP integrates 1C-SPs
from two distinct nodes to formulate a mixed layer contain-
ing boxes from both nodes (as illustrated in Fig. 3). This
approach strategically selects combinations that maximize
space utilization, thereby minimizing the overall volume
occupied by the boxes. By merging layers from different
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Fig. 2 Packing plan with three basic layers (top-down view)

nodes, the 2C-SP not only optimizes packing efficiency but
also potentially reduces the number of vehicles required for
transportation, leading to improved operational efficiency
and cost-effectiveness in logistics operations. For compre-
hensive definitions of these patterns, readers are referred to
Appendix B and Bortfeldt and Yi [5].

Our enhancements to the packing method focus on two
main aspects: refining the box-packing and space-generation
strategy, and advancing the construction technique of the 2C-
SP.

3.2.1 Improved box-placement and space-generation
strategy

The basic layer is the smallest vehicle loading unit in our
method. Comprehensive details on constructing a basic layer
are provided in the Appendix B. In the packing phase,
the term “space” denotes an empty cuboidal area available
for box placement. Loading a box means aligning its rear-
bottom-left vertexwith the corresponding corner of the space,
which creates new sub-spaces for further loading, changing
the original space. This operation is crucial to the packing
algorithm, significantly influencing its performance.

In Bortfeldt and Yi [5], the loading approach is loading
two boxes (i.e., a box pair) at a time: first, load one box
into current space scurr , generate three subspaces, then load
the second box into one of the three subspaces, and add the
remaining two subspaces to the set of available spaces Savail

(note that the second box does not generate new subspaces).
If no suitable box pair exists in B f ree, one box that fits into
scurr is loaded. Through analysis, we believe that the method
of loading box pairs has twodisadvantages: it generates fewer
subspaces, as the second box does not generate subspaces,
potentially leading to space wastage; and the selected box
pair may not maximize space utilization.

Consequently, we improved the box-packing and space-
generation strategy in two directions, resulting in two mod-
ified strategies. One enhanced method (denoted as PM1)
increases the number of subspaces generated. In the original
method, two boxes are loaded at a time, with the second box
not generating subspaces. Our improved strategy generates
subspaces along the axes after loading both boxes, resulting
in five subspaces, which enhances space utilization. Another
improved method (denoted as PM2) loads one box at a time,
creating three subspaces along the x , y, and z axes, instead
of loading two boxes at once.

Two improvement directions yield two modified pack-
ing methods, each producing a packing solution (p1 and
p2). When entering the routing stage, a packing solution is
selected based on the selection criteria. As shown in Algo-
rithm 2, for each packing solution, first calculate the sum of
the depths of all packing patterns (including 1C-FLP, 1C-
SP, and 2C-SP) as l1 and l2 (Step 1), then divide l1 and l2
by the vehicle length lv to obtain v1 and v2 (Step 2). Let
n(1)
2C−SP and n(2)

2C−SP represent the number of 2C-SPs in
p1 and p2, respectively (Step 3). When v2 − v1 ≤ α1 or
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Fig. 3 Illustration of two customers segment pattern (2C-SP). The mixed layer contains boxes of both nodes

n(2)
2C−SP − n(1)

2C−SP ≤ α2, p2 is selected as the final packing
solution; otherwise, p1 is chosen (Steps 4–8).

This approach tries to select the most suitable packing
solution, taking into account both space utilization and the
number of 2C-SPs. By implementing the twomodified strate-
gies, our method effectively improves the overall packing
performance.

3.2.2 Multi-stage 2C-SP construction

As shown in Fig. 3, 2C-SPs include box layers from two
different nodes and a mixed layer that contains boxes from
both nodes. We extend the method for constructing 2C-
SPs in SDVRLH2. The original approach allows a node to
attempt 2C-SP construction with only some adjacent nodes.
After construction, many nodes that could form 2C-SPs
may remain. To address this issue, we propose a multi-stage
method for 2C-SP construction, as described in Algorithm 3.
This method considers N as a set of all nodes that have not
yet constructed a 2C-SP. It applies the method from Bort-
feldt and Yi [5] to construct 2C-SP for nodes in N (Step 4).
Following a construction cycle, N is updated to only include
nodes that have not yet constructed a 2C-SP (Step 7), and
the procedure is reiterated until no further 2C-SPs can be
established (Steps 3–7). Compared to a single construction

cycle, this method promises a more exhaustive formation of
2C-SPs, thereby further reducing the number of vehicle used.

3.3 New search operators

This studyunderscores the importanceof employing advanced
search operators that leverage domain knowledge in the
search process. Commonly used operators in current research
on the 3L-SDVRP include the swap operator ([5, 32]), the
shift operator ([5, 29]), the 2-opt operator ([5, 26]), and
the 3-opt operator ([5, 26]). Specifically, the swap opera-
tor exchanges the positions of two nodes; the shift operator
moves a node to another position; the 2-opt operator breaks
two edges and reconnects them to alter the node order;
and the 3-opt operator breaks three edges and reconnects
them to create a new sequence of nodes. While these gen-
eral operators are applicable to a variety of combinatorial
optimization problems, they lack the ability to effectively
leverage problem-specific characteristics, leading to sub-
optimal search performance when tackling problems with
complex constraints or large-scale instances.

In the 3L-SDVRP studied in this paper, we use the giant
tour as the solution representation, which is then decoded
into multiple routes and feasible 3D packing plans for each
route (i.e., each vehicle). The aforementioned general oper-
ators operate on the entire giant tour but typically have small
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Algorithm 1 Overview of our method (Key innovations in
red boxes.)
Input: problem data, parameters
Output: best solution sbest

// Get packing arrangement
1: p1, p2 ← generate basic layer, formulate 1C-FLP and 1C-SP

packing pattern, then construct 2C-SP (Algorithm 3) by using

PM1 and PM2 respectively

2: p ← select packing solution from p1 and p2 for routing (Algo-

rithm 2)
// Perform routing process with p

3: generate initial individual sini t and set sbest ← sini t
4: for t ← 1 to nout do
5: scurr ← sbest
6: for i ter ← 1 to niter do
7: siter_best ← perform LKH mutation on scurr and get

updated solution

8: Nswap ← get neighborhood of siter_best by route-pair swap

(Algorithm 4)
9: N ← Nswap ∪ {siter_best }
10: siter_best ← decoding and evaluate individuals in N

(including determining the packing schedule of each vehicle,

splitting arrangement (Algorithm 6), and route), then determine

best individual
11: NMPER ← get neighbourhood based on good individuals in

Nswap by multi-pair elitist recombination (Algorithm 5)

12: N ← NMPER ∪ {siter_best }
13: siter_best ← decoding and evaluate individuals in N

(including determining the packing schedule of each vehicle,

splitting arrangement (Algorithm 6), and route), then determine

best individual
14: update sbest by siter_best where necessary
15: scurr ← siter_best
16: if scurr has not been improved for nno_imp consecutive itera-

tions then
17: break
18: end if
19: end for
20: end for

// Post-optimization
21: if number of node ≥ 100 then
22: sbest ← perform reassignment (Algorithm 7) and single route

optimization to sbest
23: else
24: sbest ← perform single route optimization to sbest
25: end if

26: return sbest

search step sizes and overlook that a giant tour inherently
consists of multiple distinct routes. To conduct more effec-
tive searches, we leveraged this characteristic and designed
three novel search operators: the LKH mutation, the route-
pair swap (RPS), and the multi-pair elitist recombination
(MPER). The LKH mutation operator optimizes each route
obtained after decoding the giant tour. The RPS operator
selects two routes from the decoded giant tour and performs
node swaps between them. The MPER operator aggregates

Algorithm 2 Select a packing solution (Key innovation in
red box.)
Input: p1, p2: two packing solutions obtained by the two improved

methods PM1 and PM2; lv : length of vehicle
Output: p f inal : selected packing solution
1: l1, l2 ← the sum of depth of all packing patterns (1C-FLP, 1C-SP,

2C-SP) in p1, p2
2: v1 ← l1 / lv; v2 ← l2 / lv
3: n(1)

2C−SP , n(2)
2C−SP ← the number of 2C-SP in p1, p2

4: if v2 − v1 ≤ α1 or n
(2)
2C−SP − n(1)

2C−SP ≤ α2 then
5: p f inal ← p2
6: else
7: p f inal ← p1
8: end if

9: return p f inal

Algorithm 3 Multi-stage 2C-SP construction (Key innova-
tion in red box.)
Input: N : the set of all nodes that have not constructed any 2C-SPs
Output: Pf inal : all constructed 2C-SPs
1: Pf inal ← ∅
2: while True do
3: n1 ← ∣∣Pf inal

∣∣
4: P ′ ← get 2C-SPs from N by the method in Bortfeldt and Yi [5]
5: Pf inal ← Pf inal ∪ P ′
6: n2 ← ∣∣Pf inal

∣∣
7: if n2 == n1 then break else update N end if
8: end while

9: return Pf inal

the effective swap operations identified during the route-pair
swap process to further improve solution quality. The syn-
ergistic use of these three operators enables a more efficient
search, enhancing both algorithm performance and solution
quality. Detailed descriptions of these three operators are as
follows.

LKH mutation: Following the decoding and evaluation
of the parent giant tour (i.e., parent individual), a set of vehi-
cle routes are obtained, with each route that can be regarded
as an independent TSP problem. The TSP is a classical com-
binatorial optimization problem, and research progress has
led to advancedTSP-solving algorithms. TheLKHalgorithm
([28]) is among the most effective and cutting-edge heuris-
tic algorithms for solving TSP. The LKH mutation process
independently optimizes each route derived from a giant tour
using LKH algorithm and subsequently generates an opti-
mized route set.

Route-pair swap (RPS): Algorithm 4 demonstrates the
route-pair swap process, which swaps nodes between two
different routes in R (Steps 2–10). Specifically, for each route
r1 in R, a random route r2 is chosen from the remaining
routes (Step 3). Then, for each node in r1, a random node n2
is selected from r2 to swap, yielding two new routes, r ′

1 and
r ′
2 (Steps 5–6). A giant tour g is created as a neighbor based
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on r ′
1, r

′
2, and the remaining routes (Steps 7–8). Finally, a

neighbourhood Nswap is obtained.

Algorithm 4 Route-pair swap
Input: a set of routes R
Output: neighbourhood Nswap
1: Nswap ← ∅
2: for r1 in R do
3: r2 ← random select one route from the remaining routes
4: for node n1 in r1 do
5: n2 ← random select a node from r2
6: r ′

1, r
′
2 ← swap n1 and n2 and get two new routes

7: g ← get a giant tour based on r ′
1, r

′
2 and remaining routes in

R
8: Nswap ← Nswap ∪ {g}
9: end for
10: end for
11: return Nswap

Multi-pair elitist recombination (MPER): This operator
is designed to be used in conjunction with RPS operator and
is applied after it. As shown in Algorithm 5, after evaluating
individuals in Nswap , those that outperform the parent indi-
vidual (i.e., the individual before RPS operator) are selected
to form a set Sgood (Step 2). Subsequently, the algorithm
selects as many mutually “compatible” individuals from
Sgood as possible to create Scompat (Step 4). The swaps in
the Scompat individuals are then combined to form a new
giant tour, g, as an individual in NMPER (Steps 8–9), and
the individuals in Scompat are removed from Sgood (Step 10).
The resulting neighbourhood for this operator is NMPER .

Algorithm 5 Multi-pair elitist recombination
Input: neighbourhood obtained by route-swap operator Nswap
Output: neighbourhood NMPER
1: NMPER ← ∅
2: Sgood ← select individuals better than the parent individual from

Nswap
3: while Sgood �= ∅ do
4: Scompat ← select individuals that are compatible with each other

from Sgood
5: if Scompat = ∅ then
6: break
7: end if
8: g ← obtain a giant tour by combining the swap of each individual

in Scompat
9: NMPER ← NMPER ∪ {g}
10: Sgood ← Sgood \ Scompat
11: end while
12: return NMPER

It is important to define the concept of “compatible” indi-
viduals. Individuals are compatible if their swaps do not
interfere. This means nodes involved in different swaps are
not adjacent and avoids disrupting new edges created by a
swap with subsequent swap operations. As illustrated in Fig.

4, the two swaps in (a) and (b) are compatible, whereas those
in (c) are incompatible. This is because when the swaps in
(c) are combined, nodes 3 and 1 become adjacent, indicating
that one new edge has been disrupted.

Additionally, while RPS and MPER operators alter node
positions across routes, there is no need to assess the impact
on the packing feasibility of each route. This is because the
adjusted routes are ultimately merged back into a giant tour,
with a feasible solution obtained through giant tour decoding
in the subsequent search process.

3.4 Adaptive splitting strategy

The 3L-SDVRP incorporates split delivery, a crucial feature
that allows boxes from a single node to be loaded onto multi-
ple vehicles. This flexibility significantly influences solution
quality, as split decisions directly impact vehicle routing and
box loading arrangements.

Bortfeldt and Yi [5] proposed a method where split deliv-
ery decisions are integrated into the giant tour decoding
process. In this approach, vehicles sequentially visit nodes
in the giant tour from front to back. Let ncurr represent
the current visiting node, nnext the subsequent node, and
0 denote the depot. The distance between nodes i and
j is given by di, j . When a vehicle cannot accommodate
all box layers at nnext , it will still visit nnext and load
as many layers as possible if the following condition is
met: (dncurr ,nnext + dnnext ,0)/dncurr ,0 ≤ max_spli t_costs.
Here,max_spli t_costs is a predefined hyperparameter. This
method sets multiple max_spli t_costs values as the outer
loop and performs local searches for each value. However,
this approach has two significant limitations:

• It fails to consider the remaining capacity of the vehicle
and the box layer configuration at nnext . For instance, if
the vehicle remaining capacity can only accommodate a
minimal number of box layers, visiting nnext maybe inef-
ficient, as the incurred costs could outweigh the potential
benefits.

• Using multiple max_spli t_costs values requires sepa-
rate local searches for each value, increasing computa-
tional time and complexity.

To address these shortcomings, we propose an adaptive
splitting strategy. As illustrated in Algorithm 6, splitting
delivery at node i is executed only when the ratio of lvi to
li exceeds a specific threshold p (Steps 5–7). This strategy
adaptively determines whether to perform splitting delivery
based on the information of the vehicle and node. Addition-
ally, it eliminates the need to traverse Max_spli t_costs,
thereby conserving computational resources and enhancing
efficiency. Therefore, our proposed approach:
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Fig. 4 Compatible and incompatible swaps

• Dynamically determines whether to visit the next node
based on the vehicle remaining capacity and the box layer
configuration at that node.

• Eliminates the need for multiple local searches, thereby
reducing computational overhead.

Algorithm 6 Adaptive splitting strategy
Input: vehicle v, node i
Output: bspli tt ing (True: splitting; False: not splitting)
1: lv ← the residual length of v

2: li ← the sum of depths of all layers in i
3: Lv

i ← select as many layers loaded into v as possible from i based
on lv

4: lvi ← the sum of depths of layers in Lv
i

5: if lvi / li < p then bspli tt ing ← False
6: else bspli tt ing ← True
7: end if
8: return bspli tt ing

3.5 New post-optimization approach

In SDVRLH2, a 3-opt operator is employed for post-
optimization. As a commonly used search operator in VRPs,
the number of neighbourhood solutions generated by the
3-opt increases exponentially with the problem size ([3]),
resulting in high computational complexity. Moreover, due
to the lack of heuristic information utilization, the effec-
tiveness of employing 3-opt for post-optimization in this
problem is not ideal. Therefore, this paper designs a new

post-optimization method to further improve solution qual-
ity.

The proposed post-optimization method consists of two
main components: reassignment and routing optimization.
The former aims to reassign layers loaded on a specific vehi-
cle to other vehicles to reduce the vehicle count, while the
latter employs our LKH mutation operator to independently
optimize each route to minimize the total travel distance.

Reassignment. The overall process of reassignment is
demonstrated in Algorithm 7. All routes in the set R are
sorted in ascending order based on the sum of their loaded
layers’ depths (Step 1). The reassignment is prioritized for
routes with smaller loadings (Steps 2–12) since they have
a higher likelihood of successful reassignment. Specifically,
after determining the route r1 that requires reassignment, the
remaining routes in R are sorted in descending order accord-
ing to the residual length of the vehicles (Steps 3–4). Then,
all layers in r1 are attempted to be reassigned to the routes
in R (Step 5). If all layers in r1 are successfully reassigned,
R is updated and its routes are re-sorted based on the sum of
their loaded layers’ depths (Steps 7–8), followed by the next
iteration; otherwise, the reassignment process stops, and the
algorithm ends (Step 10).

As shown in Algorithm 8, after identifying route ra for
reassignment, the algorithm reallocates its layers to other
vehicles in R. This process involves calculating the max-
imum available space (rlmax ) for each route (Step 1) and
sorting layers of ra by depth in Lra (Step 2). The algorithm
tries to reassign layers in Lra to suitable vehicles in R, mark-
ing success if all layers are reassigned (Steps 4–28). For each
layer l in Lra , it seeks a new route r , assessing the needed
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Algorithm 7 Framework of Reassignment
Input: a set of routes R with loaded layers
Output: R after reassign
1: R ← sort R in ascending order based on the sum of the depths of

the layers each route carries
2: for route r1 ∈ R do
3: R ← R \ {r1}
4: R ← sort R in descending order based on the residual length of

each vehicle
5: bsucc, Rreassign ← reassign layers in r1 to remaining routes in R

by Algorithm 8
6: if bsucc is True then
7: R ← Rreassign
8: R ← sort R in ascending order based on the sum of the depths

of the layers each route carries
9: else
10: break
11: end if
12: end for
13: return R

additional space (lneed , Step 8). If lneed ≤ 0, the layer fits
without adjustments. If lneed > rlmax , l cannot be reas-
signed to r . For 0 ≤ lneed ≤ rlmax , the algorithm might
transfer layers from r to accommodatel, selecting the option
that minimizes additional required space lw (Steps 20–21).
Failure to reassign any layer from Lra indicates a reassign-
ment failure, and the original R is retained; otherwise, the
successful reassignment potentially reduces the number of
needed vehicles.

Single route optimization. After the reassignment pro-
cess, some layers on certain routes are redistributed to other
routes, making it necessary to optimize the routes post-
reassignment. In 3L-SDVRP, each customer node can only
be visited once by the same vehicle. Consequently, each vehi-
cle departs from the depot, visits some customer nodes, and
returns to the depot. Given this, every vehicle route can be
considered an independent TSP problem. Therefore, in this
step, we employ our proposed LKH mutation operator to
optimize the routes after reassignment, aiming to reduce the
overall travel distance.

4 Computational studies

In this study, we have evaluated our algorithm against
SDVRLH2 ([5]), which is the current state-of-the-art method
for the 3L-SDVRP, across three widely-used datasets: B-Y
([5]), Shanghai ([5]), and SD instances ([7]). Instances are
categorized based on the node count: those with fewer than
100 nodes are considered small-scale, and those with 100 to
200 nodes are considered large-scale. The comparative anal-
ysis is explained in Sect. 4.2. Additionally, Sect. 4.3 delves
into further analyses. It examines how different objectives
influence outcomes, assesses the novel features of our algo-

Algorithm 8 Reassign layers in a route to other routes
Input: ra : route to be reassignedwith loaded layers; R: routes receiving

layers from ra
Output: bsucc: a Boolean variable used to indicate the success of the

reassignment; R: other routes after reassignment
1: rlmax ← the maximal residual length of vehicles corresponding to

R
2: Lra ← sort layers of ra in descending order based on layer depths
3: bsucc ← True
4: for each layer l ∈ Lra do
5: ll ← the depth of l
6: lw_min ← a big positive number; s ← ∅
7: for route r ∈ R do
8: lv ← residual length of the vehicle for route r ; lneed ← ll −lv
9: if lneed ≤ 0 then
10: lw1 ← −lneed ; lw2 ← 0
11: else if lneed > rlmax then
12: break
13: else
14: Lremove ← layers to be removed from r
15: lre ← the depth sum of Lremove
16: if lre ≤ rlmax then
17: lw1 ← lre − lneed ; lw2 ← move Lremove to the most

suitable route r ′ and update its vehicle residual length
18: end if
19: end if
20: lw ← lw1 + lw2
21: if lw < lw_min then lw_min ← lw;s ← reassignment arrange-

ment of l end if
22: end for
23: if s = ∅ then
24: bsucc ← False; return bsucc , original R
25: else
26: ra, R ← perform reassignment according to s and update ra

and R
27: end if
28: end for
29: return bsucc, R

rithm through ablation studies, and conducts a time analysis.
For improved readability, this paper presents comparative
evaluation data across different algorithms in the main text.
Detailed experimental results are available in Appendix D.

4.1 Experimental setting

In line with the SDVRLH2, we prioritize the number of vehi-
cles as the primary objective and total travel distance (t td)
as the secondary objective (with lower priority). Therefore,
when evaluating the quality of two solutions, we first exam-
ine the number of vehicles, with fewer vehicles indicating
a superior solution. When the number of vehicles is equal,
we then compare the t td, with shorter distances represent-
ing better solutions. The parameter settings are as follows:
in Algorithm 1, nout = 2, niter = 100, and nno_imp = 2;
in Algorithm 2, α1 = 0.5 and α2 = 0. It is worth noting
that we did not perform a rigorous parameter tuning process
because we want to show that the strong performance of our
algorithm originates from novel algorithm designs, not from
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Table 3 Comparison results
between SD and Ov on
small-scale instances (number
of nodes <100)

Instances (small) Avg # v Avg ttd Best # v Best ttd CPU Time # FE
Ov-SD (Ov-SD)/SD Ov-SD (Ov-SD)/SD Ov/SD Ov/SD

B-Y1 −1.1 0.2780 −2 0.2141 0.1264 0.0018

B-Y2 −0.5 0.4953 0 0.4354 0.0882 0.0019

B-Y3 −1.0 0.2007 −1 0.1249 0.1720 0.0027

B-Y4 1.3 0.5466 1 0.4916 0.1345 0.0019

B-Y5 −2 0.3155 −2 0.2752 0.0627 0.0017

B-Y6 −0.3 0.5965 −1 0.5636 0.0443 0.0018

B-Y7 −2 0.2363 −2 0.1897 0.0710 0.0016

B-Y8 1.0 0.7038 1 0.6638 0.0514 0.0016

Sha1 0 0.0238 0 0.0135 2.0054 0.0210

Sha2 0.2 0.0456 0 0.0239 0.0472 0.0126

Sha3 0 0.0534 0 0.0132 0.4951 0.0050

Sha4 0 0.1938 0 0.0718 0.2729 0.0051

Sha5 −1 −0.0636 −1 −0.0817 0.1035 0.0083

Sha6 −1 0.3199 −1 0.2425 0.0867 0.0035

Sha7 −0.7 0.0600 −1 −0.0071 0.0967 0.0038

Sha8 0 0.0494 0 0.0238 0.2648 0.0070

Sha9 0 0.2128 0 0.1463 0.1394 0.0027

Sha10 0 0.1544 0 0.0993 0.1331 0.0034

Sha11 −0.2 0.2208 0 0.1735 0.0376 0.0013

Sha12 −2 0.2075 −2 0.1535 0.0641 0.0020

Sha13 −0.7 0.2785 0 0.2510 0.0182 0.0015

SD1 0 0.1749 0 0.1563 1.1004 0.0079

SD2 −1 0.2033 −1 0.1360 0.3453 0.0036

SD3 0 0.1501 0 0.1409 0.0888 0.0034

SD4 −1 0.4285 −1 0.3341 0.1273 0.0026

SD5 2 0.5586 2 0.5486 0.0618 0.0014

SD6 −2 0.4721 −2 0.4322 0.5147 0.0021

SD7 −2.5 0.4053 −3 0.3213 0.0558 0.0023

SD8 −3 0.2882 −3 0.2431 0.2041 0.0019

SD9 −3 0.5665 −3 0.4841 0.0568 0.0019

SD10 −9 0.3239 −9 0.2461 0.0397 0.0019

SD11 −11.1 0.6625 −11 0.5747 0.0238 0.0010

Avg −1.3 0.3779 −1.3 0.3224 0.0599 0.0018

Total −40.6 0.3779 −42.0 0.3224 0.0599 0.0018

SD refers to the SDVRLH2algorithm;Ov refers to our algorithmwith # v as the first objective. # v = the number
of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The data in bold signifies
that our strategy produces better results than the contrasted strategies numerically. The Mann-Whitney U test
was employed, and the data with underlined values indicate a significant difference at the significance level
α = 0.05

finely tuned parameters. The experiments were conducted 30
times using Python 3.7 on aDell R370 serverwith 2x Intel(R)
Xeon(R) CPU E5-2650 v4@ 2.20GHz, 128G RAM, and the
CentOS 7.6 operating system.

4.2 Comparative analysis

The experimental results of our proposed algorithm and
SDVRLH2 ([5]) are presented in Tables 3 and 4. The exper-

imental data for SDVRLH2 originates from Bortfeldt and
Yi [5], and the calculation method for the number of FEs is
provided in Appendix C.

Small-scale instances. Table 3 shows that our algorithm
outperforms SDVRLH2 in the average number of vehicles
used, achieving better outcomes on 21 instances and similar
results on 9 instances. Our proposed algorithm outperforms
SDVRLH2 in both average number of vehicles and average
t td on instance Sha5, establishing new records for the low-
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Table 4 Comparison results
between SD and Ov on
large-scale instances
(100≤number of node≤200)

Instances (large) Avg # v Avg ttd Best # v Best ttd CPU Time # FE
Ov-SD (Ov-SD)/SD Ov-SD (Ov-SD)/SD Ov/SD Ov/SD

B-Y9 −4 0.4413 −4 0.3581 0.2627 0.0015

B-Y10 −3 0.6334 −3 0.5385 0.1325 0.0016

B-Y11 −4.1 0.3295 −5 0.2523 0.3184 0.0013

B-Y12 1.0 0.8921 1 0.8323 0.1066 0.0014

B-Y13 −7.1 0.4152 −8 0.3443 0.5825 0.0012

B-Y14 −2 0.6790 −2 0.6287 0.1389 0.0013

B-Y15 −10.5 0.3515 −10 0.2958 0.4684 0.0011

B-Y16 1.1 0.8698 2 0.7213 0.4735 0.0011

B-Y17 −12.4 0.3098 −13 0.2400 0.7362 0.0008

B-Y18 −6.6 0.8257 −6 0.7099 0.4009 0.0009

B-Y19 −14.1 0.2064 −15 0.1631 1.3106 0.0008

B-Y20 −0.9 0.8021 0 0.6925 0.5849 0.0009

Sha14 −2.2 0.6836 −2 0.6144 0.0922 0.0007

Sha15 −5.0 0.9501 −5 0.8700 0.3990 0.0005

SD12 0 0.3429 0 0.2946 0.1662 0.0015

SD13 −3 1.0800 −3 1.0135 0.8826 0.0011

Avg −4.5 0.5645 −4.6 0.4989 0.4391 0.0009

Total −72.6 0.5645 −73.0 0.4989 0.4391 0.0009

SD refers to the SDVRLH2algorithm;Ov refers to our algorithmwith # v as the first objective. # v = the number
of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The data in bold signifies
that our strategy produces better results than the contrasted strategies numerically. The Mann-Whitney U test
was employed, and the data with underlined values indicate a significant difference at the significance level
α = 0.05

est number of vehicles on 17 instances and the smallest t td
on 2 instances. Notably, our proposed algorithm achieves a
maximum reduction of 11 vehicles on instance SD11 and
a 6.36% reduction in t td on instance Sha5, contributing to
a total reduction of 40.6 vehicles across all instances. Over
multiple runs, our algorithm achieves new best-known solu-
tions for the number of vehicles on 17 instances and for
both objectives on 2 instances. Furthermore, our proposed
algorithm requires significantly less CPU time and fewer fit-
ness evaluations (FEs). Across 32 small-scale instances, our
algorithm requires, on average, merely 0.18% of the FEs per
instance compared to those required by SDVRLH2.

Large-scale instances.As shown in Table 4, when applied
to 16 larger-scale problem instances, our algorithm signifi-
cantly reduces the average number of vehiclesrequired on
13 instances, achieving a maximum reduction of 15 vehi-
cles compared to SDVRLH2 on instance B-Y19. There is
a total reduction of 72.6 vehicles across all instances, with
an average of 4.5 vehicles per instance. Based on the best
results across multiple runs, the proposed algorithm identi-
fies new best-known solutions on 12 problem instances in
terms of the number of vehicles utilized. The total number
of vehicles saved across all large-scale problem instances
reaches 73, equivalent to an average reduction of 4.6 vehi-
cles per instance. The algorithm also establishes new records

by achieving the lowest number of vehicles on 12 instances.
Compared toSDVRLH2, our algorithm requires significantly
fewer FEs and is therefore computationally more efficient.
On all 16 instances, the number of FEs required by our algo-
rithm does not exceed 0.2% of those used by SDVRLH2.

However, our proposed algorithm does increase the t td,
particularly in larger-scale problems where the substantial
reduction in vehicles leads to longer travel distances. On
small-scale instances, the average t td increases by 37.79%
compared to SDVRLH2. On large-scale instances, the t td
rises by 56.45%. This can be attributed to three factors: (1)
The number of vehicles and t td represent conflicting objec-
tives: an improvement in one leads to a decline in the other.
(2)Ourmethod constructsmore 2C-SPs, thereby saving vehi-
cle space and reducing the number of vehicles. However, the
2C-SP may be maintained during the route search process
if it helps reduce the number of vehicles used, which could
potentially increase the t td. (3) The algorithm uses few FEs
in the route search process. The t td could be further reduced
by allocating additional computational resources to routing.
These are areas for our future studies.
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Table 5 Comparison results
between Ov and Ot on
small-scale instances (number
of nodes <100)

Instances (small) Avg # v Avg ttd Best # v Best ttd CPU Time # FE
Ot-Ov (Ot-Ov)/Ov Ot-Ov (Ot-Ov)/Ov Ot/Ov Ot/Ov

B-Y1 0.1 −0.0197 1 0 1.353 1.363

B-Y2 0.0 −0.0215 0 0 1.524 1.417

B-Y3 1.0 −0.0151 1 0 1.138 1.167

B-Y4 0.7 −0.0400 1 0 1.535 1.374

B-Y5 0.8 −0.0068 0 0 1.268 1.338

B-Y6 0.3 −0.0266 1 0 1.392 1.263

B-Y7 0.2 −0.0095 0 0 1.320 1.488

B-Y8 0.9 −0.0198 0 0 1.325 1.240

Sha1 0.0 −0.0066 0 0 1.594 1.730

Sha2 −0.1 −0.0084 0 0 1.846 1.611

Sha3 0.0 −0.0126 0 0 1.304 1.460

Sha4 0.0 0.0036 0 0 1.846 1.646

Sha5 0.0 −0.0012 0 0 1.778 1.583

Sha6 0.0 −0.0134 0 0 1.618 1.601

Sha7 0.3 −0.0114 0 0 1.341 1.556

Sha8 0.0 −0.0105 0 0 1.475 1.508

Sha9 0.0 −0.0265 0 0 1.492 1.582

Sha10 0.0 −0.0150 0 0 1.151 1.472

Sha11 0.0 −0.0153 0 0 1.222 1.517

Sha12 0.1 −0.0063 0 0 1.280 1.382

Sha13 0.6 −0.0098 0 0 0.940 1.306

SD1 0.0 −0.0061 0 0 1.756 1.403

SD2 0.0 −0.0319 0 0 1.837 1.589

SD3 0.0 −0.0220 0 0 1.507 1.327

SD4 0.2 −0.0041 0 0 1.616 1.433

SD5 0.0 −0.0021 0 0 1.857 1.628

SD6 0.0 −0.0254 0 0 1.370 1.452

SD7 0.5 −0.0520 1 0 1.449 1.362

SD8 0.0 −0.0108 0 0 1.246 1.316

SD9 0.3 −0.0263 0 0 1.388 1.496

SD10 0.6 −0.0473 0 0 1.447 1.430

SD11 0.0 −0.0249 0 0 1.251 1.373

Avg 0.2 −0.0220 0.16 0 1.322 1.379

Total 6.5 −0.0220 5 0 1.322 1.379

Ov (Ot) refers to our algorithm with # v (ttd) as the first objective. # v = the number of vehicles used; ttd=total
travel distance; # FE= the number of fitness evaluations. The data in bold signifies that our strategy produces
better results than the contrasted strategies numerically. The Mann-Whitney U test was employed, and the
data with underlined values indicate a significant difference at the significance level α = 0.05

4.3 Further analysis

This section explores three aspects of our algorithm: (1) the
effects of changing the primary objective on performance,
(2) the contributions of each novel component through abla-
tion studies, and (3) the efficiency of our algorithm through
time analysis. Our experiments use a fixed iteration count,
setting a consistent limit on fitness evaluations (FEs). How-
ever, Algorithm 1 can terminate early if no improvement is

observed after nno_imp consecutive iterations, suggesting a
local optimum has been reached. Hence, the actual FEs used
may vary across different algorithm configurations, reflect-
ing the distinct search effectiveness of each setting.

4.3.1 Comparative study of primary objectives

In real-world scenarios, reducing the number of vehicles
holds greater importance than minimizing total travel dis-
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Table 6 Comparison results
between Ov and Ot on
large-scale instances
(100≤number of node≤200)

Instance (large) Avg # v Avg ttd Best # v Best ttd CPU Time # FE
Ot-Ov (Ot-Ov)/Ov Ot-Ov (Ot-Ov)/Ov Ot/Ov Ot/Ov

B-Y9 2.0 −0.1048 2 0 0.180 1.232

B-Y10 1.3 −0.0744 2 0 0.188 1.077

B-Y11 1.7 −0.0809 2 0 0.199 1.381

B-Y12 1.9 −0.0726 1 0 0.322 1.176

B-Y13 2.9 −0.1026 3 0 0.203 1.132

B-Y14 2.0 −0.0829 2 0 0.555 1.212

B-Y15 3.1 −0.0996 3 0 0.364 1.419

B-Y16 2.5 −0.1043 2 0 0.186 1.334

B-Y17 3.6 −0.0978 4 0 0.371 1.330

B-Y18 2.4 −0.1051 2 0 0.390 1.247

B-Y19 4.2 −0.1067 5 0 0.227 1.279

B-Y20 3.2 −0.1059 3 0 0.347 1.225

Sha14 1.0 −0.0857 1 0 0.128 1.481

Sha15 1.1 −0.0776 2 0 0.078 1.269

SD12 0.0 −0.0286 0 0 0.186 1.301

SD13 0.0 −0.0242 0 0 0.051 1.325

Avg 2.0 −0.0610 2.13 0 0.229 1.271

Total 32.7 −0.0610 34 0 0.229 1.271

Ov (Ot) refers to our algorithm with # v (ttd) as the first objective. # v = the number of vehicles used; ttd=total
travel distance; # FE= the number of fitness evaluations. The data in bold signifies that our strategy produces
better results than the contrasted strategies numerically. The Mann-Whitney U test was employed, and the
data with underlined values indicate a significant difference at the significance level α = 0.05

tance ([5]), due to the significantly higher costs associated
with acquiring, maintaining, and employing drivers for addi-
tional vehicles compared to the costs incurred from increased
travel distances. Our algorithm, aligned with SDVRLH2,
aims to minimize the number of vehicles as the primary
objective, with the total travel distance (t td) as the secondary
objective. To assess how the objective prioritizations affect
algorithmic performance, we have performed experiments
comparing the algorithms with the vehicle number (Ov) and
t td (Ot) as the primary objective respectively. Tables 5 and
6 present these results. Note that in the algorithm process,
solution evaluations are initially based on the primary objec-
tive. When solutions have the same primary objective value,
the secondary objective then distinguishes their quality.

Small-scale instances. As shown in Table 5, on 32 small-
scale problem instances, in terms of average vehicle counts,
Ot underperformed Ov on 10 instances but matched Ov on
the remaining ones. Ot utilized 6.5 more vehicles in total
compared to Ov. Concerning average t td, Ot outperformed
Ov on 11 instances, achieving reductions in t td of up to
5.2%, with an average decrease of 2.2% per instance. Upon
analyzing the best results from multiple runs, Ot used more
vehicles than Ov on 5 instances but matched Ov in t td across
all instances.

Large-scale instance. According to Table 6, on the 16
large-scale instances, the gap between Ot and Ov widened

considerably. Ot needed more vehicles than Ov, with a
notable increase on 14 instances, leading to 32.7 more vehi-
cles in total. However, Ot significantly reduced the t td,
outperforming Ov by more than 7% on 14 instances and
averaging a 6.1% t td reduction.When looking at the best out-
comes from multiple runs, Ot underperformed Ov in terms
of vehicle count, but matched the t td achievements of Ov.

There is a clear conflict between vehicle count and t td
when comparing Ov and Ot. Prioritizing vehicle count gen-
erally results in fewer vehicles used, while prioritizing t td
achieves shorter total distances, particularly in larger-scale
problems. Whether focusing on minimizing vehicle count
(Ov) or reducing t td (Ot), it is challenging to perform well
in both objectives simultaneously. From a Pareto dominance
aspect, the results emphasiz the inherent difficulty of achiev-
ing a balanced optimization between these objectives within
a single-objective optimization framework. Thus, our work
highlights the complexity of simultaneously optimizing vehi-
cle number and t td, presenting a challenging task in the
search for improved overall solutions.

4.3.2 Ablation study

To evaluate the effectiveness of each innovation in our
approach, a comprehensive series of ablation experiments
was conducted. Table 7 presents the algorithm notations
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Table 7 Notions for algorithms
with different components in
ablation experiments

Notation Algorithm with X Notation Algorithm with X

A1 X=Improved packing method A3 X=A2+Adaptive splitting strategy

A2 X=A1+New search operators A4 X=A3+New post-optimization

Table 8 Ablation experimental
results (A1 vs. SD) on
small-scale instances (number
of nodes <100)

Instances (small) Avg # v Avg ttd Best # v Best ttd CPU time # FE
A1-SD (A1-SD)/SD A1-SD (A1-SD)/SD A1/SD A1/SD

B-Y1 −1.8 0.2621 −2 0.2019 53.25 9.3636

B-Y2 −0.5 0.3572 0 0.3217 62.04 8.9687

B-Y3 −1 0.1718 −1 0.0933 47.16 8.5743

B-Y4 1.1 0.5064 1 0.4446 66.08 8.2154

B-Y5 −2 0.2356 −2 0.2149 70.22 15.9788

B-Y6 −1 0.5302 −1 0.4308 93.59 15.7573

B-Y7 −2 0.1720 −2 0.1484 63.39 15.7287

B-Y8 1 0.7079 1 0.6746 77.21 13.2315

Sha1 0 0.0135 0 0.0135 151.76 1.3735

Sha2 0 0.0278 0 0.0239 5.22 2.0096

Sha3 0 0.0438 0 0.0433 95.87 1.8017

Sha4 0 0.0973 0 0.0718 34.22 2.2397

Sha5 −1 −0.0708 −1 −0.0887 8.32 3.1993

Sha6 −1 0.2664 −1 0.2412 14.89 2.5766

Sha7 −1 0.0488 −1 0.0156 12.80 2.8038

Sha8 0 0.0196 0 0.0104 18.46 5.1853

Sha9 0 0.1404 0 0.1493 21.29 5.1815

Sha10 0 0.0770 0 0.0791 23.14 7.4412

Sha11 −0.2 0.1209 0 0.1034 17.85 6.2510

Sha12 −2 0.1333 −2 0.1232 18.86 5.5049

Sha13 −0.7 0.2149 0 0.2106 18.07 10.4225

SD1 0 0.0844 0 0.0775 16.86 2.4892

SD2 −1 0.1118 −1 0.0827 27.02 4.6064

SD3 0 0.0250 0 0.0194 17.78 7.4335

SD4 −1 0.2706 −1 0.2649 38.69 7.4225

SD5 2 0.5496 2 0.5480 35.17 6.3895

SD6 −2 0.4225 −2 0.4001 24.97 8.3223

SD7 −3 0.2508 −3 0.1689 24.03 9.3373

SD8 −3 0.2652 −3 0.2435 20.96 8.0568

SD9 −3 0.4292 −3 0.4260 20.38 11.2968

SD10 −9 0.1323 −9 0.1089 18.04 13.7202

SD11 −11.1 0.3448 −11 0.3372 20.50 17.0319

Avg −1.4 0.2176 −1.3 0.1939 43.32 12.1300

Total −43.2 0.2644 −42 0.2451 43.32 12.1300

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. SD
refers to the SDVRLH2 algorithm; The meaning of A1 is shown in Table 7. The data in bold signifies that
our strategy produces better results than the contrasted strategies numerically. The Mann-Whitney U test
was employed, and the data with underlined values indicate a significant difference at the significance level
α = 0.05

employed in these experiments. To assess the impact of each
innovation, we sequentially added each innovation to the pre-
vious algorithm and conducted 10 repeated runs to obtain
experimental results. This approach determined whether the

innovation indeed enhanced the algorithm’s performance.
Tables 8 - 15 demonstrate the comparative results.

Improved Packing Methods (A1 vs. SDVRLH2). As
shown in Tables 8 and 9, on average, on the 32 small-scale

123



18 Page 18 of 37 Memetic Computing (2025) 17 :18

Table 9 Ablation experimental
results (A1 vs. SD) on
large-scale instances
(100≤number of node≤200)

Instances (large) Avg # v Avg ttd Best # v Best ttd CPU time # FE
A1-SD (A1-SD)/SD A1-SD (A1-SD)/SD A1/SD A1/SD

B-Y9 −3 0.3164 −3 0.2479 2.68 1.1103

B-Y10 −2.7 0.4860 −2 0.4524 1.89 1.1227

B-Y11 −3 0.2225 −3 0.1956 2.81 1.0722

B-Y12 2 0.7164 2 0.6958 2.03 1.0945

B-Y13 −5.1 0.2838 −6 0.2689 24.04 1.1049

B-Y14 −1 0.5245 −1 0.5180 16.70 1.1463

B-Y15 −8.5 0.2511 −8 0.2115 13.35 1.1068

B-Y16 2.6 0.7161 3 0.5765 10.09 1.1247

B-Y17 −9.5 0.2392 −10 0.1901 41.11 1.1234

B-Y18 −4.9 0.6911 −5 0.5789 28.47 1.1510

B-Y19 −11.2 0.1048 −12 0.0726 74.49 1.1147

B-Y20 1.2 0.6532 2 0.5925 58.18 1.1310

Sha14 −1.2 0.4816 −1 0.4923 4.55 1.0575

Sha15 −3.9 0.8108 −3 0.7939 38.58 1.0750

SD12 0 0.0534 0 0.0435 18.05 1.3288

SD13 −3 1.0577 −3 0.9710 23.50 1.0858

Avg −3.2 0.4755 −3.1 0.4313 23.52 1.1198

Total −51.2 0.4098 −50.0 0.3693 23.52 1.1198

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. SD
refers to the SDVRLH2 algorithm; The meaning of A1 is shown in Table 7. The data in bold signifies that
our strategy produces better results than the contrasted strategies numerically. The Mann-Whitney U test
was employed, and the data with underlined values indicate a significant difference at the significance level
α = 0.05

instances,A1 reduced the number of vehicles on20 instances,
with a maximum reduction of 11.1 vehicles (SD11) and a
cumulative reduction of 43.2 vehicles across all instances.
On the 16 large-scale instances, A1 reduced the number of
vehicles on 12 instances, with a maximum reduction of 11.2
vehicles (B-Y19) and a cumulative reduction of 51.2 vehicles
across all instances. The experimental results indicate that the
improved packing methods effectively reduce the number of
vehicles, especially on larger-scale problems.

New Search Operators (A2 vs. A1). Building upon A1,
the old search operators were replaced with our proposed
new search operators to obtain Algorithm A2. According to
Tables 10 and 11, compared to A1, A2 significantly reduced
the total travel distance (t td) on 9 out of 32 small-scale
instances and on all 16 large-scale instances, with maxi-
mum reductions of 6.99% on instance B-Y8 and 11.09%
on instance SD13, respectively. Notably, the new operators
exhibited more significant effects on larger-scale instances,
reducing the average t td per instance by 6.15%. On an addi-
tional 20 small instances, the t td of A2 was found to be as
good as that of A1. Importantly, the use of new operators
significantly reduced the number of fitness evaluations (FEs)
consumed by the algorithm. For the small-scale instances,
A2 used less than 10% of the FEs of A1 on 28 instances. The
maximum usage was 35.58% on instance Sha1, and the min-
imum was 1.44% on instance SD11. For the 16 large-scale

instances, A2 used only 20% to 40% of the FEs reuqired
by A1. This demonstrates that the new operators can greatly
improve the search efficiency of the algorithm and help find
better solutions.

Adaptive Splitting Strategy (A3 vs. A2). Algorithm A3
is obtained by incorporating our proposed adaptive splitting
strategy into A2. As shown in Tables 12 and 13, compared
to A2, A3 increased the t td while maintaining almost the
same number of vehicles, and further significantly reduced
the number of FEs. The number of FEs used byA3 accounted
for only 0.2% to 4.09% of those used by A2.

Post-Optimization (A4 vs. A3). Algorithm A4 has been
developed by integrating an innovative post-optimization
technique into Algorithm A3. As demonstrated in Tables 14
and 15, the results obtained by A4 on most small-scale prob-
lem instances showno significant difference fromA3. For the
16 large-scale instances,A4considerably reduces the number
of vehicles on 14 instances and the t td on a single instance,
resulting in an aggregate reduction of 23.6 vehicles. Further,
considering the best results from multiple runs, A4 outper-
forms A3 on 14 instances in reducing the number of vehicles
and on 2 instances in reducing the t td. The experimental
results substantiate that the post-optimization method intro-
duced in this study effectively lessens the number of vehicles
on larger-scale problems. However, it is crucial to note that
reducing the number of vehicles often results in an increase
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Table 10 Ablation experimental
results (A2 vs. A1) on
small-scale instances (number
of nodes <100)

Instances (small) Avg # v Avg ttd Best # v Best ttd CPU time # FE
A2-A1 (A2-A1)/A1 A2-A1 (A2-A1)/A1 A2/A1 A2/A1

B-Y1 0.7 −0.0336 0 −0.0155 0.07 0.0216

B-Y2 0 0.0104 0 0.0214 0.06 0.0218

B-Y3 0 −0.0658 0 −0.0114 0.08 0.0237

B-Y4 −0.1 −0.0383 0 −0.0149 0.07 0.0238

B-Y5 0 −0.0114 0 −0.0119 0.01 0.0173

B-Y6 0.1 0.0172 0 0.0225 0.01 0.0175

B-Y7 0 −0.0107 0 −0.0176 0.02 0.0176

B-Y8 0 −0.0699 0 −0.0465 0.01 0.0207

Sha1 0 0.0000 0 0.0000 0.25 0.3558

Sha2 0 −0.0030 0 0.0000 0.23 0.1580

Sha3 0 −0.0342 0 −0.0288 0.19 0.1267

Sha4 0 −0.0251 0 0.0000 0.23 0.0945

Sha5 0 −0.0139 0 0.0033 0.24 0.0740

Sha6 0 −0.0012 0 −0.0049 0.16 0.0687

Sha7 0 −0.0293 0 −0.0236 0.15 0.0619

Sha8 0 −0.0143 0 −0.0017 0.21 0.0436

Sha9 0 0.0127 0 0.0028 0.13 0.0320

Sha10 0 0.0233 0 0.0017 0.07 0.0279

Sha11 0 0.0302 0 0.0188 0.05 0.0232

Sha12 0 0.0169 0 0.0042 0.07 0.0277

Sha13 0 0.0067 0 0.0140 0.02 0.0199

SD1 0 −0.0080 0 0.0471 1.62 0.1008

SD2 0 −0.0058 0 0.0159 0.33 0.0377

SD3 0 0.0193 0 0.0194 0.13 0.0269

SD4 0 −0.0026 0 −0.0207 0.10 0.0254

SD5 0 −0.0008 0 0.0000 0.08 0.0271

SD6 0 −0.0250 0 −0.0128 0.43 0.0260

SD7 0 −0.0045 0 0.0499 0.07 0.0217

SD8 0 −0.0201 0 −0.0152 0.23 0.0259

SD9 0 −0.0062 0 0.0012 0.08 0.0203

SD10 0 0.0212 0 0.0378 0.07 0.0193

SD11 0 0.0699 0 0.0495 0.05 0.0144

Avg 0.02 −0.0061 0 0.0026 0.03 0.0191

Total 0.7 0.0022 0 0.0093 0.03 0.0191

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A1 and A2 is shown in Table 7. The data in bold signifies that our strategy produces better
results than the contrasted strategies numerically. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05

in t td. Moreover, post-optimization for large-scale problems
demands considerable time, posing additional challenges.

In summary, the ablation experiments demonstrate the
effectiveness and validity of each proposed innovation. The
improved packing method (A1) effectively reduces the num-
ber of vehicles, particularly on larger-scale instances. The
new search operators (A2) not only further reduce t td onvari-
ous instances but also significantly improve search efficiency
by substantially reducing the number of FEs consumed. The
adaptive splitting strategy (A3) maintains a similar number

of vehicles while achieving a further reduction in the num-
ber of FEs. Lastly, the new post-optimization method (A4)
contributes to reducing the number of vehicles on large-scale
instances.

4.3.3 Time analysis

In real-world industrial scenarios, computational resource
consumption is critical, placing higher demands on algo-
rithm efficiency. Since theoretical analysis of computational
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Table 11 Ablation experimental
results (A2 vs. A1) on
large-scale instances
(100≤number of node≤200)

Instances (large) Avg # v Avg ttd Best # v Best ttd CPU time # FE
A2-A1 (A2-A1)/A1 A2-A1 (A2-A1)/A1 A2/A1 A2/A1

B-Y9 0 −0.0302 0 −0.0316 0.38 0.2963

B-Y10 0 −0.0304 0 −0.0322 0.35 0.2933

B-Y11 0 −0.0496 0 −0.0462 0.41 0.3089

B-Y12 0 −0.0453 0 −0.0393 0.38 0.2996

B-Y13 0.1 −0.0603 1 −0.0585 0.45 0.3816

B-Y14 0 −0.0745 0 −0.0692 0.44 0.3679

B-Y15 -0.1 −0.0784 0 −0.0568 0.85 0.3807

B-Y16 0.4 −0.0887 0 −0.0587 0.84 0.3741

B-Y17 −0.5 −0.1028 0 −0.0751 0.60 0.4082

B-Y18 −0.2 −0.0896 0 −0.0801 0.48 0.3978

B-Y19 0.2 −0.0810 1 −0.0603 0.48 0.4103

B-Y20 0.2 −0.0896 1 −0.0769 0.48 0.4038

Sha14 0 −0.0574 0 −0.0591 0.24 0.2037

Sha15 0 −0.0912 0 −0.0866 0.30 0.2895

SD12 0 0.0952 0 0.1003 0.09 0.2898

SD13 0 −0.1109 0 −0.0694 0.08 0.3547

Avg 0.01 −0.0615 0.2 −0.0500 0.43 0.3595

Total 0.1 −0.0458 3.0 −0.0273 0.43 0.3595

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A1 and A2 is shown in Table 7. The data in bold signifies that our strategy prodsuces better
results than the contrasted strategies numerically. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05

time complexity is only practical for simple metaheuristic
algorithms on artificial problems, we conducted experiments
to perform an empirical time analysis. To comprehen-
sively evaluate the efficiency of our proposed algorithm,
we compared its CPU runtime with that of the state-of-the-
art SDVRLH2 algorithm for the 3L-SDVRP, using results
reported in Bortfeldt and Yi [5].

As shown in Table 16, for all small-scale instances,
SDVRLH2 required a total of 6627.5 seconds, averaging
207.1 seconds per instance. In contrast, our proposed algo-
rithm, when minimizing the number of vehicles (Ov), took
only 397.0 seconds in total, averaging 12.4 seconds per
instance-just 6% of the time required by SDVRLH2. When
total travel distance was set as the primary objective (Ot),
our algorithm took 524.7 seconds in total, averaging 19.8
seconds per instance, which is only 8% of the running
time required by SDVRLH2. For all large-scale instances,
SDVRLH2 required a total of 30673.1 seconds, averaging
1917.1 seconds per instance. In comparison, our algorithm
needed 13468.4 seconds in total, averaging 597.2 seconds
per instance when minimizing the number of vehicles (Ov)-
only 44% of the time required by SDVRLH2. When total
travel distance was the primary objective (Ot), our algo-
rithm required just 3078.0 seconds in total, averaging 192.4
seconds per instance, or only 10% of the CPU time of
SDVRLH2. Overall, the runtime of our algorithm was just

37% of SDVRLH2 when optimizing for the number of vehi-
cles (Ov), and only 9% when optimizing for total travel
distance (Ot).

Moreover, our algorithm was implemented in Python,
whereas SDVRLH2 was implemented in C++. Considering
that programs implemented in C++ generally run faster than
those in Python, the efficiency advantage of our proposed
algorithm is likely even greater than these results suggest.
This underscores the high efficiency of our method.

5 Conclusion

In this paper, we present an efficient algorithm for solv-
ing the 3L-SDVRP. Our proposed algorithm encompasses
several innovations that contribute to its effectiveness and
efficiency. Regarding packing, we introduce improvements
to the box-packing, space-generation, and 2C-SP construc-
tion methods, enhancing space utilization and reducing the
number of vehicles required. In terms of routing, we propose
three novel search operators: LKHmutation, route-pair swap,
and multi-pair elitist recombination. These operators lever-
age the characteristics of the 3L-SDVRP, improving search
efficiency.Moreover, we introduce an adaptive splitting strat-
egy that dynamically determineswhether to split nodes based
on the loading conditions of vehicles and nodes, thereby fur-
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Table 12 Ablation experiment
results (A3 vs. A2) on
small-scale instances (number
of node <100)

Instance (small) Avg # v Avg ttd Best # v Best ttd # FE
A3-A2 (A3-A2)/A2 A3-A2 (A3-A2)/A2 A3/A2

B-Y1 0 0.0479 0 0.0292 0.0085

B-Y2 0 0.0983 0 0.0791 0.0102

B-Y3 0.1 0.1074 0 0.0763 0.0130

B-Y4 0.2 0.0797 0 0.0675 0.0095

B-Y5 0 0.0755 0 0.0698 0.0065

B-Y6 0.6 0.0419 0 0.0894 0.0062

B-Y7 0 0.0680 0 0.0545 0.0065

B-Y8 0.1 0.0805 0 0.0668 0.0059

Sha1 0 0.0117 0 0 0.0409

Sha2 0.2 0.0259 0 0.0083 0.0411

Sha3 0 0.0437 0 0.0103 0.0194

Sha4 0 0.1285 0 0 0.0267

Sha5 0 0.0285 0 0.0044 0.0354

Sha6 0 0.0416 0 0.0311 0.0206

Sha7 0.2 0.0808 0 0.0603 0.0231

Sha8 0 0.0394 0 0.0245 0.0338

Sha9 0 0.0626 0 0.0209 0.0164

Sha10 0 0.0487 0 0.0292 0.0166

Sha11 0 0.0623 0 0.0447 0.0090

Sha12 0 0.0714 0 0.0555 0.0119

Sha13 0 0.0567 0 0.0513 0.0070

SD1 0 0.1004 0 0.0484 0.0281

SD2 0 0.1045 0 0.0735 0.0207

SD3 0 0.0953 0 0.0982 0.0162

SD4 0 0.1290 0 0.0930 0.0131

SD5 0 0.0069 0 0.0004 0.0084

SD6 0 0.0713 0 0.0422 0.0090

SD7 0.6 0.1230 0 0.0766 0.0127

SD8 0 0.0484 0 0.0553 0.0082

SD9 0 0.0978 0 0.0580 0.0096

SD10 0 0.1248 0 0.0828 0.0077

SD11 0 0.1559 0 0.1453 0.0041

Avg 0.06 0.0737 0.0 0.0515 0.0158

Total 2.0 0.0891 0 0.0679 0.0078

# v = the number of vehicle used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A2 and A3 is shown in Table 7. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05

ther reducing the consumption of computational resources.
Finally, we design a new post-optimizationmethod to further
improve the solution quality. Comprehensive experimental
results and further analysis confirm the efficiency and effec-
tiveness of our proposed method. In particular, compared to
the current state-of-the-art algorithm, SDVRLH2 ([5]), our
proposed algorithm achieved a significant reduction in the
number of vehicles on most examined problem instances.

Furthermore, it achieved a significant reduction in the quan-
tity of fitness evaluations required, decreasing by two orders
of magnitude compared to SDVRLH2.
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Table 13 Ablation experiment
results (A3 vs. A2) on
large-scale instances
(100≤number of node≤200)

Instances (large) Avg # v Avg ttd Best # v Best ttd # FE
A3-A2 (A3-A2)/A2 A3-A2 (A3-A2)/A2 A3/A2

B-Y9 0.5 0.0272 0 0.0592 0.0048

B-Y10 0.2 0.1133 0 0.1119 0.0040

B-Y11 0 0.0745 0 0.0649 0.0040

B-Y12 0 0.0912 0 0.0735 0.0044

B-Y13 0.1 0.0693 0 0.0558 0.0026

B-Y14 0 0.1281 0 0.1141 0.0029

B-Y15 0.6 0.0751 0 0.0579 0.0026

B-Y16 0.1 0.0922 1 0.0752 0.0025

B-Y17 0.3 0.0935 0 0.0785 0.0018

B-Y18 0.5 0.0987 1 0.1525 0.0018

B-Y19 0.2 0.0880 −1 0.0625 0.0016

B-Y20 −0.1 0.1056 −1 0.0803 0.0019

Sha14 0 0.1477 0 0.1235 0.0031

Sha15 0 0.1112 0 0.1101 0.0017

SD12 0 0.2068 0 0.1718 0.0035

SD13 0 0.1333 0 0.1124 0.0029

Avg 0.15 0.1035 0.0 0.0940 0.0029

Total 2.4 0.1312 0.0 0.1130 0.0022

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A2 and A3 is shown in Table 7. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05

Table 14 Ablation experiment
results (A4 vs. A3) on
small-scale instances (number
of node <100)

Instances (small) Avg # v Avg ttd Best # v Best ttd
A4-A3 (A4-A3)/A3 A4-A3 (A4-A3)/A3

B-Y1 −0.9 0.0942 0 0.0211

B-Y2 0 −0.0098 0 −0.0020

B-Y3 −0.1 −0.0045 0 −0.0040

B-Y4 −0.2 0.0065 0 0

B-Y5 −1 0.0832 −1 0.0836

B-Y6 −0.7 0.0312 0 −0.0076

B-Y7 −1 0.0533 −1 0.0303

B-Y8 −0.1 −0.0128 0 −0.0232

Sha1 0 0.0000 0 0

Sha2 −0.2 −0.0116 0 −0.0056

Sha3 0 0.0000 0 0

Sha4 0 −0.0014 0 0

Sha5 0 0.0000 0 0

Sha6 0 −0.0010 0 0

Sha7 −0.2 −0.0364 0 −0.0557

Sha8 0 −0.0012 0 −0.0003

Sha9 0 −0.0122 0 −0.0258

Sha10 −1 0.0636 −1 0.0120

Sha11 0 −0.0036 0 −0.0007
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Table 14 continued Instances (small) Avg # v Avg ttd Best # v Best ttd
A4-A3 (A4-A3)/A3 A4-A3 (A4-A3)/A3

Sha12 0 −0.0121 0 −0.0152

Sha13 −0.8 0.0284 −1 −0.0057

SD1 0 −0.0077 0 0

SD2 0 −0.0091 0 0

SD3 0 −0.0053 0 −0.0003

SD4 0 −0.0098 0 0

SD5 0 −0.0002 0 0

SD6 0 −0.0168 0 −0.0057

SD7 −0.6 0.0166 0 0.0005

SD8 0 −0.0136 0 −0.0165

SD9 0 −0.0123 0 −0.0175

SD10 0 −0.0034 0 0

SD11 0 −0.0032 0 0

Avg −0.2 0.0059 −0.1 −0.0012

Total −6.8 −0.0020 −4 −0.0030

# v = the number of vehicle used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A3 and A4 is shown in Table 7. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05

Table 15 Ablation experiment
results (A4 vs. A3) on
large-scale instances
(100≤number of node≤200)

Instance (large) Avg # v Avg ttd Best # v Best ttd
A4-A3 (A4-A3)/A3 A4-A3 (A4-A3)/A3

B-Y9 −1.5 0.1017 −1 0.0888

B-Y10 −0.3 0.0064 −1 −0.0156

B-Y11 −1.1 0.0705 −2 0.0311

B-Y12 −1 0.0708 −1 0.0634

B-Y13 −2.1 0.0840 −2 0.0658

B-Y14 −1 0.0529 −1 0.0356

B-Y15 −2.5 0.0968 −2 0.0883

B-Y16 −2 0.0898 −2 0.0787

B-Y17 −2.5 0.0594 −3 0.0446

B-Y18 −2 0.0884 −2 0.0661

B-Y19 −3.4 0.1091 −3 0.0860

B-Y20 −2.1 0.0735 −2 0.0723

Sha14 −1 0.0628 −1 0.0234

Sha15 −1.1 0.0748 −2 0.0450

SD12 0 −0.0274 0 −0.0280

SD13 0 −0.0071 0 −0.0096

Avg −1.5 0.0629 −1.6 0.0460

Total −23.6 0.0281 −25.0 0.0191

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations. The
meaning of A3 and A4 is shown in Table 7. The Mann-Whitney U test was employed, and the data with
underlined values indicate a significant difference at the significance level α = 0.05
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Table 16 CPU time analysis (in seconds)

Statistics SDVRLH2 (SD) Ov Ot
Small Large Small Large Small Large

Total 6627.5 30673.1 397.0 13468.4 524.7 3078.0

Avg 207.1 1917.1 12.4 841.8 16.4 192.4

Std 365.9 441.4 15.4 597.2 19.8 156.1

Overall Ov/SD Ot/SD
Small Large All Small Large All

0.06 0.44 0.37 0.08 0.10 0.09

Ov (Ot) refers to our algorithm with number of v (ttd) as the first objec-
tive. Total = the sum of CPU time across all problem instances; Avg
= average CPU time; Std = standard deviation. Small = small prob-
lem instances whose number of nodes <100. Large = large problem
instances whose number of nodes ≥ 100

While our algorithm efficiently reduces the number of
vehicles within a much shorter time, it does so at the expense
of an increased total travel distance (t td). Our future work
will focus on reducing the total distance further, although
there is a conflict between the number of vehicles and the
t td. It is worth noting that the 3L-SDVRP considered in this
paper is not a classical multi-objective optimization problem
because the number of vehicles is our primary priority and
the t td is only our secondary objective.

Appendix A: Giant tour decoding and evalua-
tion

This appendix section describe the giant tour decoding pro-
cess in detail to support Sect. 3.1 of the main text.

In this study, we utilize the concept of a giant tour to repre-
sent a solution for the 3L-SDVRP. It has been first proposed
by Beasley [2] and has since been used in various variants of
the VRP ([1, 5, 9, 10, 12–14, 19, 20, 23, 27, 30]). For a com-
prehensive survey on the giant-tour representation of VRP,
interested readers can refer to Prins et al [24]. A giant tour
comprises a permutation of all nodes, but it is not a feasible
solution since it is not possible to visit all nodes with a sin-
gle vehicle without violating any constraints. A key question
arises: how can a giant tour be decoded into a feasible solu-
tion and subsequently evaluated? The giant tour decoding
process follows the method outlined in Bortfeldt and Yi [5],
summarized here for clarity. As demonstrated in Algorithm
9, we first examine and adjust sgiant_tour to ensure that the
two nodes corresponding to each 2C-SP are adjacent (Step
2). Then, we initialize an empty vehicle v (Step 3) that visits
nodes and loads layers in the order specified by sgiant_tour
(Steps 4–16).

When visiting node i , if all layers in i can be loaded into v,
the loading proceeds (Steps 5–6). Otherwise, a decisionmust

be made on whether to perform a splitting delivery at node
i (Step 8). If required, as many layers as possible from i are
loaded into v (Steps 9–11). Regardless of whether splitting
delivery occurs at i , v will not visit any other nodes (Step 12).
Instead, a new empty vehicle is created to continue visiting
subsequent nodes, starting from i (Step 13). After obtaining
all vehicles (Step 15), we calculate and return the number of
vehicles used (nv) and the total travel distance (dttd ) for all
vehicles (Steps 17–18).

For solution evaluation, the 3L-SDVRP has two objec-
tives: minimizing the number of vehicles and the t td. In line
withBortfeldt andYi [5],we prioritize the number of vehicles
as the primary objective, while total travel distance serves
as a secondary consideration. Therefore, when evaluating
the quality of two solutions, we first examine the number of
vehicles, with fewer vehicles indicating a superior solution.
When the number of vehicles is the same, we then compare
the total travel distances, with shorter distances representing
better solutions.

Algorithm 9Decode and evaluate a giant tour (Bortfeldt and
Yi [5])
Input: a giant tour sgiant_tour
Output: number of vehicle nv , total travel distance dttd
1: V ← ∅
2: check and adjust sgiant_tour to ensure that both nodes of all 2C-SPs

are adjacent
3: v ← initialize an empty vehicle
4: for node i in sgiant_tour do
5: if all layers in i can be loaded into v then
6: v ← load all layers in i into v

7: else
8: bspli tt ing ← determine whether node i requires splitting deliv-

ery by our adaptive splitting strategy
9: if bspli tt ing is true then
10: v ← load as many layers as possible into v

11: end if
12: V ← V ∪ {v}
13: v ← create a new empty vehicle and load remaining layers

of i
14: end if
15: V ← V ∪ {v}
16: end for
17: nv, dttd ← calculate the number of vehicle and the total travel

distance based on V
18: return nv, dttd

Appendix B: Basic layer and packing patterns

This appendix section introduce the basic layer and three
packing patterns in detail to support Sect. 3.2 of the paper
main text.

The packing algorithm presented in this paper is inspired
by thework of Bortfeldt andYi [5], and its overall structure is
delineated in Algorithm 10. We adopt a layer-based packing
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strategy, which has been widely used in various studies ([4,
6, 7, 11, 20, 31]). As illustrated in Fig. 2, the layer-defining
box is the first loaded box of the layer and thus determines the
layer depth. For each node, all boxes form several cuboid lay-
erswith varying depths.During the routing search, the cuboid
layers serve as the smallest packing units. Consequently, we
only need to consider whether the depth of the layers can
be accommodated in the vehicle, rather than considering the
packing details (i.e., the 3D position and loading sequence)
of each boxwithin the cuboid layer. This approach focuses on
the SDVRP by avoiding repeated packing problems during
routing, thus reducing computational complexity.

Algorithm 10 Overview of our packing approach
Input: problem data, parameters
Output: packing solution
1: generate basic layers for each node by Algorithm 11
2: construct 1C-FLP and 1C-SP for each node based on its basic layers
3: construct 2C-SP pattern based on 1C-SP of each node
4: prepare final packing solution with 1C-FLP, 1C-SP, and 2C-SP
5: return packing solution

Within this context, there are several key concepts: basic
layer, 1C-FLP, 1C-SP, and 2C-SP. A basic layer, as illustrated
in Fig. 2, is a cuboid layer composed of boxes originating
from the same node. Multiple distinct basic layers arise from
the boxes of a single node.

Algorithm 11 outlines the packing heuristic method for
obtaining all basic layers for a single node. In this method,
each layer definition list comprises all unloaded boxes, sorted
by their volumes. Initially, the layer defining list of the first
layer, LDL1, is generated. Then, for each layer defining box
in LDL1, a packing arrangement is produced after complet-
ing each outer loop (Algorithm 11 Steps 3–17). To elaborate,
for each layer defining box in LDL1, a cuboid layer is created
as the first layer (Step 4). Subsequently, numerous candidate
layers (stored in Lnext ) are generated, and the most suit-
able one, lnext , is selected as the next layer (Steps 6–15).
This process involves generating the layer defining list of the
next layer, LDLn (Step 7), followed by the construction of a
candidate layer for each layer defining box in LDLn (Steps
9–12). The best layer from Lnext is then chosen as the next
layer (Step 13). By repeating these steps, various packing
arrangements stored in P are obtained. Ultimately, the best
packing arrangement is selected as the final packing solution
of the node. Throughout this process, the packing of different
nodes remains independent.

As previously mentioned, the basic layer serves as the
smallest unit of vehicle loading in our method. Thus,
constructing basic layers from the boxes of each node signif-
icantly impacts algorithm performance. To avoid confusion,
we introduce the concept of space: as illustrated in Fig. 5, a
space in this paper refers to a vacant cuboidal region available

Algorithm 11 Construct basic layers
Input: problem data of one node, parameters
Output: basic layers of the node p
1: P ← ∅; s ← ∅
2: LDL1 ← generate the layer defining list of the first layer
3: for i ← 1 to |LDL1| do
4: l ← generate a layer with layer defining box LDL1[i] via Algo-

rithm 12
5: s ← s ∪ {l}
6: while existing unloaded boxes do
7: LDLn ← generate the layer defining list of the next layer
8: Lnext ← ∅
9: for j ← 1 to |LDLn | do
10: l ← generate a layer with layer defining box LDLn[ j] via

Algorithm 12
11: Lnext ← Lnext ∪ {l}
12: end for
13: lnext ← select the layer with the best loading rate from Lnext
14: s ← s ∪ {lnext }
15: end while
16: P ← P ∪ {s}; s ← ∅
17: end for
18: p ← select best packing arrangement
19: return p

Fig. 5 Illustration of cuboid space and box

for loading boxes. Loading a box into a space entails placing
the box such that its rear-bottom-left vertex coincides with
that of the space.

Algorithm 12 delineates the process of constructing a
basic layer. Initially, an empty layer is determined by the
layer defining box b0 as the first space of the layer (Step 2).
The layer depth equals the length of b0 in the x-axis direc-
tion, while its width and height correspond to the respective
dimensions of the vehicle. After loading b0, new subspaces
are generated along the x, y, and z axes for subsequent loading
(Steps 3–4). The following process is repeated until no avail-
able spaces remain or all boxes of the node have been loaded:
extract spaces sequentially from the space stack Savail (Steps
6–7), then select a box from the set of unloaded boxes B f ree
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that can be loaded into the space, load it, and generate new
subspaces along the x, y, and z axes (Steps 8–10).

Algorithm 12 Generate a basic layer
Input: b0: layer defining box; B f ree: set of unloaded boxes
Output: a basic layer
1: Savail ← ∅
2: s0 ← initialize an empty layer as the first space based on b0 (the

length of b0 in the x-direction corresponds to the depth of the layer)
3: Snew ← load b0 into s0 and subsequently generate multiple sub-

spaces
4: Savail ← Savail ∪ Snew
5: while Savail �= ∅ and B f ree �= ∅ do
6: scurr ← select the uppermost space from Savail
7: Savail ← Savail \ {scurr }
8: b ← select a box that can be loaded in scurr from B f ree
9: B f ree ← B f ree \ {b}
10: Snew ← load b into scurr and subsequently generate multiple

subspaces
11: Savail ← Savail ∪ Snew
12: end while
13: return the constructed basic layer

Building upon the basic layer concept, Bortfeldt and Yi
[5] proposed three distinct packing patterns: 1C-FLP, 1C-SP,
and 2C-SP.

The 1C-FLP, or one customer full load pattern, is created
by combiningmultiple basic layers from the same node. This
pattern requires an empty vehicle to load and directly trans-
port the cargo to the final destination without visiting other
nodes. If the sum of the depths of all basic layers of a node
exceeds the vehicle capacity, it indicates that a single vehicle
cannot accommodate all layers of the node; thus, at least one
1C-FLP can be constructed. After constructing a 1C-FLP for
a node, the remaining layers that cannot fill a vehicle (and
therefore cannot form a 1C-FLP) constitute a 1C-SP, which
stands for one customer segment pattern. As a result, each
node will always have one 1C-SP and potentially zero, one,
or multiple 1C-FLPs.

Following the construction of 1C-FLP and 1C-SP, the two
customers segment pattern (2C-SP) is developed based on
the 1C-SP. Initially, a customer pair (c1, c2) is selected, and
a basic layer is chosen from each of the two customers’ 1C-
SPs to form amixed layer. A customer pair may have various
mixed layer construction schemes; for each scheme, a sav-
ing δ = depth(1C − SP(c1)) + depth(1C − SP(c2)) −
depth(2C − SP(c1, c2)) is calculated. The construction

scheme with the maximum saving δ is selected as the final
2C-SP solution for the customer pair. For additional informa-
tion on 1C-FLP, 1C-SP, and 2C-SP, please refer to Bortfeldt
and Yi [5].

Appendix C: Number of fitness evaluations
for SDVRLH2

This section describes how to calculate the lower bound of
the fitness evaluations (FEs) for SDVRLH2, supporting Sect.
4 of the main text.

InBortfeldt andYi [5], detailed information on the number
of FEs used by SDVRLH2 is absent. Hence, we estimated a
lower bound for the FEs based on the description and param-
eters of the algorithm. To maintain clarity, we adopted the
symbols and notation from Bortfeldt and Yi [5] in our expla-
nation. Symbols nps, nbh, and niter_wimpr denote the
number of outer iterations, the number of inner iterations,
and the iteration threshold for improvement termination (i.e.,
the iteration terminates if the algorithm does not produce a
better solution after niter_wimpr consecutive iterations.),
respectively. nswap, n2opt , and n3opt correspond to the neigh-
borhood sizes of different operators. Thus, the minimal FEs
forSDVRLH2are calculated as:nps×nbh×niter_wimpr×
(nswap + n2opt + n3opt ).

Appendix D: More experimental results

This appendix section provides the raw data for each set of
experiments, supporting Sect. 4 of the main text.

Tables 17 and 18 detail the experimental results of
SDVRLH2 as reported in Bortfeldt and Yi [5]. Lacking
specific details on the number of fitness evaluations (FEs)
utilized by SDVRLH2, we deduced a lower bound for the
FEs, with the calculation method outlined in Section C.

Tables 21 and 22 illustrate the average and best outcomes
for our algorithm when the number of vehicles is used as the
primary objective (Ov), across 30 runs.

Tables 19 and 20 illustrate the average and best outcomes
for our algorithm when total travel distance (t td) is used as
the primary objective, across 30 runs.

Additionally, Table 7 clarifies the notationsA1-A4utilized
in our ablation studies. The outcomes of these algorithms are
subsequently depicted in Tables 23–28.
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Table 17 Experimental results
of SDVRLH2 on small-scale
instances (number of nodes
<100)

Instances (small) Avg Best CPU time # FE
# v ttd # v ttd Avg Lower bound

B-Y1 37 2081.6 37 2081.6 152.1 481696

B-Y2 15.5 1055.29 15 1044.2 96 481696

B-Y3 37 2071 37 2071 156.2 481696

B-Y4 18 1184.62 18 1149.6 94.7 481696

B-Y5 54 2961.2 54 2961.2 760.5 1057296

B-Y6 25 1570.72 25 1541.4 448.6 1057296

B-Y7 57 3215.8 57 3215.8 838.5 1057296

B-Y8 26 1645.03 26 1606.8 503.5 1057296

Sha1 3 562.6 3 562.6 0.3 1816

Sha2 9 2786.6 9 2786.6 11.5 5900

Sha3 4 396.48 4 393 1.1 17936

Sha4 4 350.33 4 349.7 3 22500

Sha5 6 1451.27 6 1447.6 7.8 13140

Sha6 8 482.13 8 479.6 11.2 39856

Sha7 12 1707.48 12 1694.8 16.8 45340

Sha8 8 357.67 8 352.7 5.7 30080

Sha9 13 944.28 13 928.7 16.9 116240

Sha10 14 1605.36 14 1590.1 20.5 115440

Sha11 26.2 523.21 26 521.5 150.7 575640

Sha12 17 2968.08 17 2942.1 48.1 250736

Sha13 27.7 3147.93 27 3097.3 594.1 907644

SD1 5 5238.5 5 4941.8 0.9 13680

SD2 14 11929.8 14 11620.2 8.4 99096

SD3 23 16302.1 23 15800.9 36.4 154480

SD4 14 12826.7 14 12655.5 27 225400

SD5 17 14513.8 17 14513.8 33.5 315040

SD6 17 15883.7 17 15332.5 70.2 272960

SD7 13 12206.6 13 11804.4 73 342776

SD8 23 19709.8 23 19225.8 123.3 394140

SD9 20 16512.9 20 16015 220.5 551820

SD10 18 16432.6 18 15874.5 273.8 569236

SD11 21.1 18871.3 21 18593.2 1822.7 2197140

Avg 19.0 6046.8 18.9 5912.4 207.1 419812.6

Total 606.5 193496.5 605.0 189195.5 6627.5 13434004.0

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations
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Table 18 Experimental results
of SDVRLH2 on large-scale
instances (100≤number of
node≤200)

Instances (large) Avg Best CPU time # FE
# v ttd # v ttd Avg Lower bound

B-Y9 71 4014.9 71 4014.9 1802.6 2041396

B-Y10 34.7 2133.53 34 2077.3 1814.8 2041396

B-Y11 76 4386.7 76 4386.6 1803.1 2041396

B-Y12 34 2173.56 34 2151.3 1762 2041396

B-Y13 109 6043.42 109 6022.4 1811.7 5332096

B-Y14 48 2942.14 48 2888.3 1802.8 5332096

B-Y15 117.6 6477.68 117 6451.1 1804.6 5332096

B-Y16 51.9 3089.77 51 3177.8 1804.1 5332096

B-Y17 148 8462.34 148 8456.4 1808.1 11464784

B-Y18 65.6 3676.74 65 3647.1 1810.8 11464784

B-Y19 154 9298.8 154 9296.4 1808.9 11464784

B-Y20 74.6 4298.52 73 4351.4 1805.6 11464784

Sha14 44.2 1574.4 44 1522.5 1802.3 3325320

Sha15 71.9 4866.99 71 4795.4 3625.9 17234796

SD12 44 37261.3 44 36311.5 1803.6 3713304

SD13 25 22047.5 25 21694.3 1802.2 3713304

Avg 73.1 7671.8 72.8 7577.8 1917.1 6458739.3

Total 1169.5 122748.3 1164.0 121244.7 30673.1 103339828.0

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations

Table 19 Experimental results
of Ov on small-scale instances
(number of nodes <100)

Instances (small) Avg Best CPU time # FE
# v ttd # v ttd Avg Avg

B-Y1 35.9 2660.23 35 2527.3 19.2 869.37

B-Y2 15 1578.01 15 1498.8 8.5 925.80

B-Y3 36.0 2486.69 36 2329.6 26.9 1307.13

B-Y4 19.3 1832.08 19 1714.8 12.7 938.23

B-Y5 52 3895.41 52 3776.2 47.7 1847.70

B-Y6 24.7 2507.63 24 2410.2 19.9 1882.43

B-Y7 55 3975.61 55 3825.8 59.5 1699.37

B-Y8 27.0 2802.74 27 2673.4 25.9 1723.30

Sha1 3 575.97 3 570.2 0.6 38.20

Sha2 9.2 2913.71 9 2853.1 0.5 74.43

Sha3 4 417.66 4 398.2 0.5 89.70

Sha4 4 418.23 4 374.8 0.8 115.13

Sha5 5 1359.03 5 1329.4 0.8 108.97

Sha6 7 636.36 7 595.9 1.0 140.43

Sha7 11.3 1809.92 11 1682.72 1.6 170.40

Sha8 8 375.34 8 361.1 1.5 210.70

Sha9 13 1145.18 13 1064.6 2.4 309.50

Sha10 14 1853.21 14 1748 2.7 394.97

Sha11 26 638.76 26 612 5.7 722.40

Sha12 15 3583.87 15 3393.8 3.1 497.27

Sha13 27 4024.55 27 3874.59 10.8 1374.43

SD1 5 6154.90 5 5714.08 1.0 108.20

SD2 13 14354.68 13 13200.62 2.9 360.60

SD3 23 18748.91 23 18026.55 3.2 523.43

123



Memetic Computing (2025) 17 :18 Page 29 of 37 18

Table 19 continued Instances (small) Avg Best CPU time # FE
# v ttd # v ttd Avg Avg

SD4 13 18323.46 13 16883.47 3.4 579.20

SD5 19 22620.52 19 22475.93 2.1 427.13

SD6 15 23381.75 15 21959.31 36.1 583.10

SD7 10.5 17154.40 10 15597.57 4.1 796.70

SD8 20 25390.18 20 23898.87 25.2 740.10

SD9 17 25866.86 17 23767.30 12.5 1074.07

SD10 9 21755.58 9 19782.00 10.9 1061.70

SD11 10 31373.40 10 29278.35 43.4 2231.23

Avg 17.7 8331.7 17.6 7818.7 12.4 747.7

Total 565.9 266614.8 563.0 250198.6 397.0 23925.3

Ov refers to our algorithm with # v as the primary objective. # v = the number of vehicles used; ttd=total
travel distance; # FE= the number of fitness evaluations

Table 20 Experimental results
of Ov on large-scale instances
(100≤number of node≤200)

Instances (large) Avg Best CPU time # FE
# v ttd # v ttd Avg Avg

B-Y9 67 5786.48 67 5452.80 473.5 3042.07

B-Y10 31.7 3484.95 31 3196.00 240.5 3253.43

B-Y11 71.9 5832.28 71 5493.30 574.0 2716.50

B-Y12 35.0 4112.50 35 3941.80 187.8 2855.47

B-Y13 101.9 8552.79 101 8095.70 1055.4 6353.80

B-Y14 46 4939.79 46 4704.30 250.4 6715.97

B-Y15 107.1 8754.55 107 8359.20 845.3 5845.30

B-Y16 53.0 5777.26 53 5469.90 854.2 5653.77

B-Y17 135.6 11083.66 135 10486.30 1331.1 9679.97

B-Y18 59 6712.65 59 6236.20 726.0 10297.60

B-Y19 139.9 11217.65 139 10812.20 2370.8 9002.93

B-Y20 73.7 7746.30 73 7364.90 1056.0 10077.10

Sha14 42 2650.70 42 2458.00 166.2 2290.43

Sha15 66.9 9491.36 66 8967.30 1446.8 8772.87

SD12 44 50039.03 44 47009.49 299.7 5473.57

SD13 22 45857.84 22 43681.07 1590.7 4046.73

Avg 68.6 12002.5 68.2 11358.0 841.8 6004.8

Total 1096.9 192039.8 1091.0 181728.5 13468.4 96077.5

Ov refers to our algorithm with # v as the primary objective. # v = the number of vehicles used; ttd=total
travel distance; # FE= the number of fitness evaluations
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Table 21 Experimental results
of Ot on small-scale instances
(number of nodes <100)

Instances (small) Avg Best CPU time # FE
# v ttd # v ttd Avg Avg

B-Y1 36 2607.72 36 2527.3 26.0 1185.3

B-Y2 15 1544.11 15 1458.5 12.9 1311.9

B-Y3 37 2449.05 37 2377.7 30.6 1524.8

B-Y4 20 1758.83 20 1683 19.6 1289.6

B-Y5 52.8 3868.88 52 3783.9 60.5 2472.9

B-Y6 25 2440.96 25 2384.5 27.6 2376.7

B-Y7 55.2 3937.7 55 3815 78.6 2529.4

B-Y8 27.9 2747.16 27 2625.6 34.3 2136.9

Sha1 3 572.16 3 570.2 1.0 66.1

Sha2 9.1 2889.35 9 2853.1 1.0 119.9

Sha3 4 412.38 4 398.2 0.7 131

Sha4 4 419.73 4 374.8 1.5 189.5

Sha5 5 1357.37 5 1329.4 1.4 172.5

Sha6 7 627.8 7 596.7 1.6 224.9

Sha7 11.6 1789.275 11 1682.72 2.2 265.2

Sha8 8 371.377 8 364.37 2.2 317.8

Sha9 13 1114.87 13 1064.6 3.5 489.6

Sha10 14 1825.4 14 1748 3.1 581.3

Sha11 26 629 26 608.1 6.9 1095.8

Sha12 15.1 3561.36 15 3474.1 3.9 687.2

Sha13 27.6 3985.27 27 3915.6 10.1 1795.1

SD1 5 6117.48 5 5845.84 1.7 151.8

SD2 13 13897.11 13 13251.72 5.3 573

SD3 23 18336.13 23 17823.11 4.9 694.5

SD4 13.2 18247.84 13 17614.07 5.6 830.2

SD5 19 22573.92 19 22475.93 3.8 695.4

SD6 15 22788.04 15 21959.31 49.5 846.9

SD7 11 16262.30 11 15458.55 5.9 1085.4

SD8 20 25115.09 20 24359.68 31.4 974

SD9 17.3 25185.84 17 23839.37 17.4 1607.1

SD10 9.6 20727.10 9 19324.46 15.7 1518.5

SD11 10 30590.65 10 29169.05 54.3 3064.2

Avg 17.9 8148.5 17.8 7836.1 16.4 1031.4

Total 572.4 260751.3 568.0 250756.5 524.7 33004.4

Ot refers to our algorithm with ttd as the primary objective. # v = the number of vehicles used; ttd=total travel
distance; # FE= the number of fitness evaluations

123



Memetic Computing (2025) 17 :18 Page 31 of 37 18

Table 22 Experimental results
of Ot on large-scale instances
(100≤number of node≤200)

Instances (large) Avg Best CPU time # FE
# v ttd # v ttd Avg Avg

B-Y9 69 5180.27 69 5085.8 85.3 3746.4

B-Y10 33 3225.55 33 3111.9 45.1 3503.2

B-Y11 73.6 5360.52 73 5275.1 114.3 3751

B-Y12 36.9 3813.84 36 3637.9 60.5 3359.3

B-Y13 104.8 7675.13 104 7486.5 213.8 7193.8

B-Y14 48 4530.47 48 4356.2 139.0 8142.3

B-Y15 110.2 7882.79 110 7764.4 307.6 8293.4

B-Y16 55.5 5174.41 55 5059.8 159.0 7544.9

B-Y17 139.2 9999.87 139 9824.7 493.5 12873

B-Y18 61.4 6006.99 61 5855.8 282.8 12843.8

B-Y19 144.1 10020.58 144 9828.8 538.9 11515.9

B-Y20 76.9 6926.28 76 6806.1 366.1 12342

Sha14 43 2423.45 43 2328.4 21.3 3391.6

Sha15 68 8755.14 68 8589.1 113.4 11135.7

SD12 44 48608.00 44 46702.90 55.7 7122.5

SD13 22 44749.23 22 43428.64 81.7 5362

Avg 70.6 11270.8 70.3 10946.4 192.4 7632.6

Total 1129.6 180332.5 1125.0 175142.0 3078.0 122120.8

Ot refers to our algorithm with ttd as the primary objective. # v = the number of vehicles used; ttd=total travel
distance; # FE= the number of fitness evaluations

Table 23 Experimental results
of A1 on small-scale instances
on (number of nodes <100)

Instances (small) Avg Best CPU Time # FE
# v ttd # v ttd Avg Avg

B-Y1 35.2 2627.1 35 2501.8 8098.8 4510419.8

B-Y2 15 1432.3 15 1380.1 5955.6 4320187.3

B-Y3 36 2426.8 36 2264.3 7367.0 4130183.9

B-Y4 19.1 1784.5 19 1660.7 6257.8 3957317.3

B-Y5 52 3658.9 52 3597.5 53400.5 16894313.8

B-Y6 24 2403.6 24 2205.4 41983.2 16660097.8

B-Y7 55 3768.9 55 3693.1 53153.1 16629887.8

B-Y8 27 2809.5 27 2690.8 38876.7 13989628.6

Sha1 3 570.2 3 570.2 45.5 2494.2

Sha2 9 2864.0 9 2853.1 60.1 11856.6

Sha3 4 413.8 4 410 105.5 32315.4

Sha4 4 384.4 4 374.8 102.7 50392.6

Sha5 5 1348.6 5 1319.2 64.9 42038.8

Sha6 7 610.6 7 595.3 166.7 102691.4

Sha7 11 1790.9 11 1721.2 215.1 127123

Sha8 8 364.7 8 356.4 105.2 155975.3

Sha9 13 1076.8 13 1067.4 359.7 602298

Sha10 14 1728.9 14 1715.9 474.4 859010.6

Sha11 26 586.4 26 575.4 2690.3 3598298.3

Sha12 15 3363.6 15 3304.6 907.3 1380265
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Table 23 continued Instances (small) Avg Best CPU Time # FE
# v ttd # v ttd Avg Avg

Sha13 27 3824.6 27 3749.7 10733.9 9459955.4

SD1 5 5680.5 5 5324.7 15.2 34052.2

SD2 13 13263.3 13 12580.7 227.0 456475.9

SD3 23 16710.0 23 16107.5 647.2 1148321.5

SD4 13 16298.1 13 16008.0 1044.8 1673032.4

SD5 19 22489.9 19 22467.1 1178.4 2012945.9

SD6 15 22594.4 15 21466.3 1752.9 2271651.8

SD7 10 15268.2 10 13798.6 1753.8 3200591

SD8 20 24936.7 20 23906.6 2584.3 3175522.6

SD9 17 23600.7 17 22837.7 4493.7 6233822.2

SD10 9 18606.3 9 17602.8 4939.7 7810014.4

SD11 10 25378.6 10 24862.8 37362.5 37421471.8

Avg 17.6 7645.8 17.6 7361.6 8972.6 5092332.9

Total 563.3 244665.682 563 235569.7 287123.4 162954653

# v = the number of vehicles used; ttd=total travel distance; # FE = the number of fitness evaluations

Table 24 Experimental results
of A1 on large-scale instances
(100≤number of node≤200)

Instances (large) Avg Best CPU Time # FE
# v ttd # v ttd Avg Avg

B-Y9 68 5285.4 68 5010.1 4826.4 2266627

B-Y10 32 3170.4 32 3017.1 3436.1 2291877

B-Y11 73 5362.7 73 5244.8 5073.2 2188857

B-Y12 36 3730.7 36 3648.1 3568.8 2234307

B-Y13 103.9 7758.6 103 7641.6 43558.7 5891552

B-Y14 47 4485.3 47 4384.3 30098.7 6112389.5

B-Y15 109.1 8104.3 109 7815.8 24092.8 5901744.5

B-Y16 54.5 5302.4 54 5009.7 18202.9 5996874.5

B-Y17 138.5 10486.8 138 10063.8 74324.1 12879675

B-Y18 60.7 6217.9 60 5758.5 51555.5 13196085

B-Y19 142.8 10273.7 142 9971.2 134737.7 12780175

B-Y20 75.8 7106.2 75 6929.6 105054.5 12967235

Sha14 43 2332.6 43 2272.1 8202.8 3516423.1

Sha15 68 8813.1 68 8602.3 139884.9 18527227

SD12 44 39251.8 44 37889.9 32557.7 4934161

SD13 22 45366.1 22 42760.4 42356.6 4031935

Avg 69.9 10815.5 69.6 10376.2 45095.7 7232321.5

Total 1118.3 173048.0 1114.0 166019.3 721531.5 115717144.6

# v = the number of vehicles used; ttd=total travel distance; # FE = the number of fitness evaluations
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Table 25 Experimental results
of A2 on small-scale instances
(number of nodes <100)

Instances (small) Avg Best CPU Time # FE
# v ttd # v ttd Avg Avg

B-Y1 35.9 2538.8 35 2463.1 589.5 97430.2

B-Y2 15 1447.2 15 1409.6 347.5 94334.3

B-Y3 36 2267.2 36 2238.4 622.1 97764.3

B-Y4 19 1716.2 19 1635.9 451.9 94308

B-Y5 52 3617.3 52 3554.7 773.2 292445.8

B-Y6 24.1 2444.8 24 2255.1 419.4 290753.8

B-Y7 55 3728.4 55 3628 868.0 292177.2

B-Y8 27 2613.2 27 2565.6 495.8 289205.7

Sha1 3 570.2 3 570.2 11.2 887.4

Sha2 9 2855.5 9 2853.1 13.8 1873.1

Sha3 4 399.7 4 398.2 19.6 4095.3

Sha4 4 374.8 4 374.8 23.8 4762

Sha5 5 1329.8 5 1323.6 15.9 3112.1

Sha6 7 609.9 7 592.4 27.2 7052.5

Sha7 11 1738.3 11 1680.55 32.7 7865.4

Sha8 8 359.4 8 355.77 21.7 6807.6

Sha9 13 1090.5 13 1070.4 46.6 19280

Sha10 14 1769.1 14 1718.8 34.0 23981.2

Sha11 26 604.1 26 586.2 133.3 83524.3

Sha12 15 3420.3 15 3318.6 60.9 38253.1

Sha13 27 3850.2 27 3802.3 238.2 188485.8

SD1 5 5635.0 5 5575.7 24.6 3432.7

SD2 13 13185.8 13 12780.6 75.7 17226.7

SD3 23 17032.6 23 16419.4 82.9 30849.1

SD4 13 16256.0 13 15676.8 101.6 42519.5

SD5 19 22471.0 19 22467.1 99.4 54464.1

SD6 15 22030.4 15 21191.1 757.7 59067.7

SD7 10 15200.1 10 14487.4 128.1 69313.5

SD8 20 24435.4 20 23542.4 589.0 82129.3

SD9 17 23455.2 17 22865.8 377.2 126631.1

SD10 9 19001.2 9 18268.9 367.3 150718.2

SD11 10 27153.3 10 26094.2 1915.8 539316.9

Avg 17.6 7662.53 17.6 7430.1 305.2 97314.6

Total 564 245201.09 563 237764.7 9765.6 3114067.9

# v = the number of vehicles used; ttd=total travel distance; # FE = the number of fitness evaluations
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Table 26 Experimental results
of A2 on large-scale instances
(100≤number of node≤200)

Instances (large) Avg Best CPU Time # FE
# v ttd # v ttd Avg Avg

B-Y9 68 5126.0 68 4851.6 1819.2 671605.2

B-Y10 32 3073.9 32 2919.9 1186.1 672250.1

B-Y11 73 5096.7 73 5002.6 2072.2 676170.8

B-Y12 36 3561.8 36 3504.7 1342.5 669404.3

B-Y13 104 7291.1 104 7194.3 19738.4 2248494.6

B-Y14 47 4151.3 47 4081 13391.7 2248936.6

B-Y15 109 7468.9 109 7371.5 20552.6 2246596.7

B-Y16 54.9 4832.2 54 4715.8 15364.4 2243167.2

B-Y17 138 9408.8 138 9307.9 44891.7 5257400.4

B-Y18 60.5 5660.9 60 5297.1 24837.6 5249500.5

B-Y19 143 9441.2 143 9370.4 64395.9 5243737.8

B-Y20 76 6469.3 76 6397 50861.0 5235525.5

Sha14 43 2198.7 43 2137.8 1998.5 716384.7

Sha15 68 8009.1 68 7857.6 41719.9 5363288.9

SD12 44 42988.9 44 41690.3 2887.5 1429910.7

SD13 22 40337.0 22 39790.9 3492.9 1430011.6

Avg 69.9 10319.73 69.8 10093.1 19409.5 2600149.1

Total 1118.4 165115.64 1117.0 161490.3 310552.1 41602385.6

# v = the number of vehicles used; ttd=total travel distance; # FE = the number of fitness evaluations

Table 27 Experiment results of A3 and A4 on small-scale instances (number of node < 100)

Instances (small) A3 A4
Avg Best # FE Avg Best
# v t td # v t td avg # v t td # v t td

B-Y1 35.9 2660.5 35 2535.1 831 35 2911.17 35 2588.50

B-Y2 15 1589.5 15 1521.1 964.1 15 1573.92 15 1518.00

B-Y3 36.1 2510.6 36 2409.2 1275.5 36 2499.25 36 2399.50

B-Y4 19.2 1852.9 19 1746.4 895.3 19 1864.91 19 1746.40

B-Y5 52 3890.2 52 3802.7 1890.4 51 4213.96 51 4120.50

B-Y6 24.7 2547.2 24 2456.7 1809.1 24 2626.73 24 2438.10

B-Y7 55 3982.1 55 3825.8 1908.7 54 4194.39 54 3941.70

B-Y8 27.1 2823.7 27 2737 1698.8 27 2787.56 27 2673.40

Sha1 3 576.9 3 570.2 36.3 3 576.87 3 570.20

Sha2 9.2 2929.5 9 2876.8 76.9 9 2895.37 9 2860.70

Sha3 4 417.2 4 402.3 79.3 4 417.16 4 402.30

Sha4 4 423.0 4 374.8 127.1 4 422.40 4 374.80

Sha5 5 1367.7 5 1329.4 110.1 5 1367.66 5 1329.40

Sha6 7 635.2 7 610.8 145.1 7 634.62 7 610.80

Sha7 11.2 1878.8 11 1781.9 181.8 11 1810.44 11 1682.72

Sha8 8 373.6 8 364.5 230.3 8 373.16 8 364.37

Sha9 13 1158.8 13 1092.8 315.5 13 1144.67 13 1064.60

Sha10 14 1855.2 14 1769 398.3 13 1973.31 13 1790.30

Sha11 26 641.8 26 612.4 752 26 639.46 26 612.00

Sha12 15 3664.5 15 3502.8 454.3 15 3620.14 15 3449.70

Sha13 27 4068.7 27 3997.2 1323.2 26.2 4184.43 26 3974.60

SD1 5 6201.0 5 5845.8 96.6 5 6153.02 5 5845.84
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Table 27 continued

Instances (small) A3 A4
Avg Best # FE Avg Best
# v t td # v t td avg # v t td # v t td

SD2 13 14564.2 13 13719.8 356.3 13 14431.29 13 13719.84

SD3 23 18655.6 23 18031.2 499.8 23 18556.22 23 18026.55

SD4 13 18353.2 13 17134.2 558.3 13 18173.17 13 17134.22

SD5 19 22625.0 19 22475.9 455.6 19 22619.56 19 22475.93

SD6 15 23601.9 15 22085.6 534.1 15 23206.14 15 21959.31

SD7 10.6 17070.1 10 15597.6 880.5 10 17352.92 10 15605.32

SD8 20 25618.2 20 24844.2 673.3 20 25270.13 20 24434.39

SD9 17 25749.5 17 24191.8 1220.5 17 25432.79 17 23767.30

SD10 9 21372.8 9 19782.0 1161.7 9 21300.45 9 19782.00

SD11 10 31385.7 10 29885.1 2198.3 10 31286.05 10 29885.07

Avg 17.7 8345.1 17.6 7934.8 754.3 17.5 8328.54 17.5 7910.89

Total 566.0 267044.7 563.0 253912.1 24138.1 559.2 266513.30 559 253148.35

# v = the number of vehicle used; ttd=total travel distance; # FE= the number of fitness evaluations

Table 28 Experimental results of A3 and A4 on large-scale instances (100≤number of node≤200)

Instances (large) A3 A4
Avg Best # FE Avg Best
# v ttd # v ttd avg # v ttd # v ttd

B-Y9 68.5 5265.3 68 5138.8 3217.9 67 5800.54 67 5594.90

B-Y10 32.2 3422.3 32 3246.6 2675.2 31.9 3444.00 31 3196.00

B-Y11 73 5476.5 73 5327.4 2708.2 71.9 5862.50 71 5493.30

B-Y12 36 3886.6 36 3762.4 2948.8 35 4161.97 35 4000.90

B-Y13 104.1 7796.3 104 7595.8 5910.1 102 8450.96 102 8095.70

B-Y14 47 4683.0 47 4546.6 6565 46 4930.62 46 4708.30

B-Y15 109.6 8029.7 109 7798 5762.1 107.1 8807.14 107 8486.20

B-Y16 55 5277.7 55 5070.6 5702.1 53 5751.77 53 5469.90

B-Y17 138.3 10288.9 138 10038.4 9403.3 135.8 10900.13 135 10486.30

B-Y18 61 6219.4 61 6104.8 9521.7 59 6769.18 59 6508.60

B-Y19 143.2 10271.9 142 9956.2 8433.3 139.8 11392.56 139 10812.20

B-Y20 75.9 7152.3 75 6910.9 9738.9 73.8 7678.03 73 7410.70

Sha14 43 2523.4 43 2401.9 2189.3 42 2681.81 42 2458.00

Sha15 68 8899.8 68 8722.5 9077.1 66.9 9565.31 66 9114.80

SD12 44 51879.3 44 48854.5 5062.1 44 50457.49 44 47488.38

SD13 22 45712.8 22 44263.0 4180.5 22 45388.23 22 43840.02

Avg 70.1 11674.1 69.8 11233.7 5818.5 68.6 12002.64 68.3 11447.76

Total 1120.8 186785.1 1117.0 179738.4 93095.6 1097.2 192042.24 1092.0 183164.19

# v = the number of vehicles used; ttd=total travel distance; # FE= the number of fitness evaluations
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