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A B S T R A C T

In the classical vehicle routing problems, the objective function is usually to minimize the transportation cost
without considering the pricing decision-making. However, in some practical applications, such as riding-share
services and fast-food delivery services, logistics companies aim to maximize profits, involving decision-making
issues closely related to the pricing and route planning. This paper designs an adaptive large neighborhood
search (ALNS) based approach to solve a vehicle routing problem with zone-based pricing (VRPZ). In the
studied problem, the customers in the same zone share the same price for transportation, and each customer
could accept or reject the price given by the logistics company. On the one hand, a too-high pricing strategy
may reduce the number of served customers; on the other hand, a too-low pricing strategy may result in
low earnings for logistics companies. VRPZ optimizes the routing planning and seeks an appropriate pricing
strategy to maximize the total profit, which is the difference value of total earnings and costs. Considering
that the studied problem is a computational challenge, we have developed an algorithm incorporating the local
search into ALNS, particularly nested with two varying pricing operators: price++ and price−−, to solve the
problem. The proposed algorithm has been compared with pure ALNS, variable neighborhood search (VNS) and
Simulated Annealing (SA) by solving 472 benchmark instances in the published work. The compared results,
which are validated by the statistic tests, highlight the efficiency and effectiveness of the proposed algorithm.
To our best knowledge, this is the first heuristic to achieve a good performance in solving the benchmark
instances. This study is significant for the retail industry to find a reasonable logistics pricing strategy and
improve operational efficiency, as well as lays a foundation for developing a decision support system.
1. Introduction

Vehicle Routing Problem (VRP) is a practical and critical issue in a
ide range of applications, such as logistics system design for the retail

ndustry (Yang et al., 2020), home healthcare routing planning (Shi
t al., 2019), supply chain optimization (Al Theeb et al., 2020), city
ogistics (Liu et al., 2020), etc. The basic VRP can be defined as seeking
he lowest-cost distribution routes from a depot to a geographically
ispersed set of customers, constrained by the capacity of each ve-
icle. Hence, the basic VRP is also called Capacitated VRP (CVRP).
RP has many variations due to the various operational rules and
onstraints in real applications (Ghannadpour and Zandiyeh, 2020).

In the fundamental VRP problem, we assume that the transport price
is directly proportional to the distribution distance. However, in the
actual logistics operation system, it is easy to find that the distribution
price often presents a stepped rather than linear relationship. This
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pricing model can often be attributed to the zonal pricing of logistics.
This study focuses on the VRP with the zone pricing (VRPZ) strategy.

In VRPZ, similar to CVRP, vehicles start from a depot and then
serve a group of geographically dispersed customers, which are divided
into different zones. But, the difference (see Table 1 for more details)
between the VRPZ and CVRP is that the price for the transportation
shares the heterogeneous strategies; namely, the customer located in
the different zones are paying the different prices for the delivery
man. Customers can choose to receive or reject the logistics company’s
offered price by comparing the psychologically expected price and
quotation provided by the company. If the price raised by the logistics
company is higher than the customer’s threshold price, the customer
rejects this service. In our work, the lowest psychologically expected
price is defined as a threshold value of a customer.

VRPZ has many practical applications. For example, the fast-food
delivery industry is a growing industry that takes orders from restau-
rants and then delivers them to customers’ houses or working offices.
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Fig. 1. A toy problem with zone-based delivery.
Table 1
The comparison between CVRP and VRPZP.

VRPZP CVRP

model input customers divided by regions, demand, cost matrix, expected price customers, demand, cost matrix
objective revenue=earnings-costs costs
number of regions greater than 1 1
serviced customers all the customers must be serviced only the selected customers are serviced.
main operators inter-route, intra-route, pricing changing (complicated) inter-route, intra-route
Fast food delivery companies must arrange daily delivery schedules
to serve customers who order fast food online. Different food delivery
companies have different pricing strategies. And each customer prefers
to select the lower delivery price; one may choose to reject the delivery
service when the price is higher than the threshold of the expected
price. As depicted in Fig. 1, customers are divided into different regions
and waiting for the delivery service.

Afsar et al. (2021) made the earliest attempt to formulate a VRPZ by
proposing a mixed-integer programming model. The authors have de-
veloped a branch & price algorithm to solve this model. To demonstrate
the efficiency of the proposed algorithm, they created a few groups of
benchmark instances and reported the lower bound and the gap for
each instance. However, as VRP is an NP-hard problem (Lenstra and
Kan, 1981), there is no doubt that VRP with zone pricing also has the
problem of computational challenge. As shown in the results of Afsar
et al. (2021), the computational time is very large. This motivates us
to attempt to develop a heuristic algorithm to solve the model.

Obviously, VRPZ can be viewed as an extension of VRP. Since VRP
is a well-known NP-hard combinatorial optimization problem (Lenstra
and Kan, 1981), and only relatively small-scale instances of VRP can
achieve an optimal solution in a short computational time (Desaulniers
et al., 2008). In this study, we focus on designing a heuristic approach,
namely ALNS, to solve VRPZ.

The pricing strategy in the model makes this problem difficult to
be solved by traditional neighborhood search heuristic algorithms. For
example, if the price in a zone changes, the served customers’ set may
also change due to the fact that some customers may reject or re-accept
the price. Specifically, when the price increases, customers in the same
zone may reject the service and no longer stay on the service list; while
the price decreases, some customers may accept the price and add to
the service list again. Therefore, the new decision variables, the price at
each zone, significantly impact the service and routing lists. Heuristics
based on constraint programming have been designed to solve this
problem because constraint programming provides a simple way to
express the pricing constraints. To achieve a high-quality solution in a
short time, we have designed two particular varying pricing operators
to address the above difficulties in this study. Then, based on these
operators, we construct an efficient hybrid ALNS algorithm to solve this
VRPZ problem. Numerical experiments on a set of benchmark instances
show that the proposed algorithm can obtain satisfactory solutions in
an acceptable execution time.
2

We observe that, unlike the basic CVRP, which have been studied
intensively, few meta-heuristic algorithms for solving VRPZP have been
investigated yet. The branch and price algorithm has been proposed
by Afsar et al. (2021), providing us with a lower bound, but the
computational time still needs to be improved when applied to the prac-
tice. Considering that the routing planning problem is an immediate
decision, it is crucial to develop a fast and effect algorithm. Inspired by
the above consideration, we present the first meta-heuristic algorithm
for solving VRPZP, and the algorithm optimizes the routing planning
and the pricing simultaneously. In the proposed algorithm, local search
is embedded into the framework of ALNS with a new procedure, and
the operators of local search are applied with the adaptive mechanism
of ALNS. In particular, consider the features of the studied problem,
the proposed algorithm features a pricing-changing strategy and design
the new removal operator of ALNS. We assess the algorithm with the
benchmark instances designed by Afsar et al. (2021), and finally, the
experimental results demonstrate the effectiveness and efficiency of the
proposed algorithm.

The main contribution of this study is to design a hybrid metaheuris-
tic algorithm, namely ALNS, to solve the problem by combining the
characteristics of the model. The results are of great significance for
obtaining high-quality sub-optimal solutions quickly. The remainder of
this paper is organized as follows: The next part is the literature review,
followed by the mathematical model, the fourth part shows the design
of the proposed algorithm, and the fifth part reports some experimental
results. This paper ends with conclusions and perspectives in the sixth
part.

2. Literature review

The studied problem could be regarded as a combination of the VRP
model and the pricing model. The literature section is divided into two
parts: the research status of VRP with pricing problem, and the related
works of ALNS.

2.1. VRP with pricing problem

In the traditional VRP, the transportation cost in each arc is propor-
tional to distance (Abreu et al., 2021; Shi et al., 2020; Lei et al., 2022).
Since many variants of VRP are an extension of CVRP, a majority of the
model in the VRP area assumed that the transportation prices or costs in
each arc are proportional to distance (Niu et al., 2021). However, due to
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the flexibility of the pricing strategy could adjust the number of sales
and may enhance the potential ability of earnings, some researchers
have begun to integrate the pricing strategy into CVRP.

Liu and Chen (2011) noticed that the pricing decision affects the
demand decision and then investigated an inventory routing and pric-
ing problem (IRPP) in the supply chain. The paper considered the
linear relationship between price and demand. In order to solve the
proposed problem, the authors designed a tabu search based approach
in which each iteration randomly selects this approach to improve
either the inventory routing solution or pricing. Etebari and Dabiri
(2016) extended the IRPP by dynamically setting the price based on
the period. Similarly, the relationship between price and demand is also
assumed to be linear. Furthermore, the paper assumed that the willing-
ness to pay for services may be time-dependent. It is thought that for
customers, the value of seasonal goods such as perishables or liquefied
gas may change with the seasons. The problem was solved by a hybrid
heuristic approach which embedded five stages: initialization, demand
generation, demand adjustment, inventory routing, and neighborhood
search, in a simulated annealing framework.

Aras et al. (2011) studied a multi-station vehicle routing problem
in the context of the reverse supply chain. In the studied problem,
the companies purchase goods from dealers to set prices. The pur-
chase is completed if the price is above the dealer’s threshold and
the company considers the transaction profitable. Two linear model
formulas and a tabu search heuristic are developed to solve this prob-
lem. Ahmadi-Javid and Ghandali (2014) studied a location–allocation
problem with the consideration of price-sensitive demand under com-
pulsory and optional service policies for all customers. A mixed-integer
linear programming model is proposed to formulate the problem, and
the model is solved by a Lagrange Relaxation algorithm. Ahmadi-Javid
and Hoseinpour (2015) further extended the location–allocation model
in Ahmadi-Javid and Ghandali (2014) through location inventory and
pricing decisions. Recently, Ahmadi-Javid et al. (2018) investigated
he location-routing problem by considering discrete prices and corre-
ponding demand levels under selective service policies. To solve the
roposed model, the authors have reformulated the model as a set-
acking model and developed an exact approach named branch & price
o solve the designed instances.

Afsar et al. (2021) made the early attempt to model VRP with taking
nto account the zone pricing issues. A mixed-integer programming
odel is proposed, and a branch and price algorithm is designed to

olve the model. In order to demonstrate the efficiency of the proposed
lgorithm, they developed a few groups of benchmark instances and
eported the lower bound and the gap for each instance. However, we
ind that the computational time for the larger instances becomes much
arge, and currently, there is no heuristic algorithm has been designed
o solve the problem.

.2. ALNS

In the attempt to find a better solution in the neighborhood of the
urrent solution, the local search algorithm is usually easily trapped
nto a local optimal. To overcome this disadvantage, many new al-
orithms are introduced, such as simulated annealing, tabu search,
nd variable neighborhood search. The large neighborhood search
LNS) algorithm and its variants have attracted a significant number
f scholars in operations research. LNS, initially proposed by Shaw
1997) with the idea of employing a powerful move operator in a
arge neighborhood, and experimental results demonstrated the good
erformance of the naive LNS when solving VRP. After that, many
ariants have been adapted to solve the combinatorial optimization,
specially for the problems related to the routing problem.

Ropke and Pisinger (2006) extended the basic LNS with an adaptive
trategy to solve VRP for pickup and delivery with time windows
nd named the new algorithm as ALNS. In this work, about 350

enchmark instances have been tested, and they reported that the

3

olutions obtained by ALNS improved more than half of the best-known
olutions. Demir et al. (2012) applied ALNS to solve the pollution-
outing problem (PRP), which is a typical model in the area of green
RP. Unlike VRP, PRP aims to optimize fuel consumption and green
as emissions, and the model belongs to non-linear mixed-integer pro-
ramming. Extensive experiments have been performed to solve the
hallenging PRP, and the results show the good efficiency of the
LNS. Ribeiro and Laporte (2012) designed an ALNS for solving cumu-

ative capacitated vehicle routing problem, and extensive experiments
ave been performed on the benchmark instances. They have reported
omparing the solutions obtained by ALNS and the memetic algo-
ithm. Masson et al. (2013) considered a pickup and delivery VRP with

transfers, and the authors designed an efficient ALNS for solving the
studied problem. Their ALNS embeds new insertion heuristics which
can efficiently insert requests through transfer points. Aksen et al.
(2014) developed a tailored ALNS with 11 distinct neighborhood moves
to handle a selective and periodic inventory routing problem. Dayarian
et al. (2016) studied a multi-period VRP aiming to optimize product
collection and delivery from production locations to a set of processing
factories over a planning period. The authors proposed an ALNS with
certain specifically designed operators and features. Liu et al. (2019)
proposed an ALNS for the VRP with time windows and synchronized
visits applied in the field of home health care. Sacramento et al. (2019)
ormulated the VRP with Drones, which is an extension of the classical
lying Sidekick Traveling Salesman Problem (Murray and Chu, 2015).
o tackle the model, they have designed ALNS and tested a large
umber of instances to demonstrate the effectiveness of the ALNS. Chen
t al. (2021) investigated the autonomous delivery robots in urban
ogistics and defined the studied problem as VRP with time windows
nd delivery robots. Since the model is NP-hard, they have designed
LNS to solve the model. Vincent et al. (2021) has proposed a model to

ormulate the green mixed fleet VRP with realistic energy consumption
nd partial recharges, and an ALNS that incorporates the features of the
odel has been developed to solve the problem. Mezouari et al. (2022)

ddressed the surgery planning optimization problem with ALNS.
In recent years, researchers have developed hybrid algorithms that

ntegrate ALNS with other optimization techniques to address the com-
inatorial optimization problems. Gu et al. (2019) proposed a heuristic
ased on the ALNS and a mathematical programming based operator
MPO) to tackle the commodity-constrained split delivery VRP. In the
roposed heuristic, when ALNS finds a new global best solution, MPO
s applied to further improve the obtained best solution by reassigning
ommodities to routes. Akpunar and Akpinar (2021) presented a hybrid
etaheuristic algorithm that combines ALNS with variable neighbor-
ood search (VNS) to the capacitated location routing problem. The
ybrid metaheuristic adopts the framework of ALNS with VNS em-
edded, and VNS is implemented when the solutions have not been
mproved by ALNS for predefined iterations. Liu et al. (2021) developed
n efficient matheuristic that incorporates ALNS with the commercial
olver for the multi-period home health care routing and scheduling
roblem. In the matheuristic, the commercial solver is called when
he best solution is updated during the search of ALNS and solves the
implified model of the problem by fixing some variables. Cai et al.
2022) designed a hybrid algorithm ALNS/TS which integrates ALNS
nd tabu search (TS) to handle the electric vehicle relocation problem.
t each iteration of ALNS/TS, TS is first adopted to search in the local
eighborhoods, then ALNS exploits a large neighborhood to escape
rom the local optimum. (Abreu and Nagano, 2022) studied the open
hop scheduling problem with consideration of sequence-dependent
etup times, and a new hybridization of ALNS is specially designed
o solve the model. Amiri et al. (2023) investigated a bi-objective
ptimization model for green VRP with taking into account greenhouse
as emissions. ALNS is developed to solve the instances generated
ased on real-world locations in Canada. Rolim et al. (2023) studied

a just-in-time scheduling problem and designed an ALNS to solve the
model. Ji et al. (2023) formulated a many-to-many VRP considering the
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Fig. 2. An example of the studied problem.
constraints of cross-docking and 2-D loading. Two ALNS-based heuristic
methods have been proposed to solve the model.

The above literature analysis reveals that the basic CVRP model,
as well as being extended into multiple models, is applied in different
scenarios. For practical problems, especially community delivery, the
community uniform pricing problem is relatively less studied. When
designing algorithms for this problem, the number of customers is
fixed in traditional heuristics. In contrast, for VRP considering pricing
problems, the number of serviced customers is constantly adjusted,
which requires us to develop new operators to describe this in the
evolutionary computation.

To summarize, despite the significant application of integrating
the CVRP and pricing strategy, only a few works have been involved
with VRPZ. So far, some exact algorithms have been proposed for
the VRP with zone pricing, but there is no heuristic algorithm has
been developed to solve VRPZ. Due to the tremendous computational
challenges, neighborhood search-based methods have great potential
as competitive approaches for real-life scale problems. Besides, the
successful application of ALNS and ALNS-based algorithm in solving the
routing problem can be observed. Motivated by the above analysis, we
develop an efficient and effective hybrid ALNS algorithm to solve the
VRPZ. The hybrid algorithm embeds local search into the framework
of ALNS using a new mode, and we compare its performances with
existing algorithms in the literature.

3. Problem statement

3.1. Assumptions

The problem studied in this paper could be regarded as a vehicle
routing problem with taking into account pricing decision making, and
the problem is depicted in Fig. 2.
In the problem, the following assumptions can be summarized:

4

(1) Geographically distributed customers are pre-divided into multiple
zones, and customers in the same zone follow the same price.
(2) Each customer has a psychologically expected threshold price; if the
transportation price is higher than the threshold value of the customer,
the service will be rejected.
(3) The vehicles considered in this study are homogeneous.
(4) The threshold value of price for each customer is known in advance.
(5) Each customer’s demand could be transported at most in one
vehicle.

The problem is defined based on the directed completed graph
(𝑉 ,𝐴), where 𝑉 represents all the vertices and 𝐴 denotes all the arcs on
the graph. Specifically, 𝑉 is composed of all the customers and depots
(𝑉𝑙 indicates the customers in zone 𝑙), and 𝐴 comprises all the arcs
between the vertices.

The proposed mixed-integer programming model can be seen in Af-
sar et al. (2021) (we also show the model in the section of the ap-
pendix). Since the studied problem is an extension of classical CVRP,
which is a typical NP-hard problem (Lenstra and Kan, 1981), there is
no doubt that the problem is also an NP-hard problem. In Afsar et al.
(2021), the authors has proposed the following lemma, which lays a
crucial fundamental of our proposed algorithm.

Lemma. Let 𝑡ℎ𝑖 be the 𝑖th customer’s threshold value of the price, and
𝑃 is a set composed by 𝑡ℎ𝑖. Afsar et al. (2021) states that, in the optimal
solution, for any zone 𝑙, the zone price 𝑝𝑙 must belong to {𝑡ℎ𝑖 ∶ 𝑖 ∈ 𝑉𝑙},
and the optimal price 𝑝𝑏𝑒𝑠𝑡 ∈ 𝑃 .

Proof. Consider that if optimal 𝑝𝑏𝑒𝑠𝑡 does not belongs to the set 𝑃 ,
and 𝑅 is the optimal route, the best objective value 𝑓 (𝑅, 𝑝𝑏𝑒𝑠𝑡) could be
written as follows.

(1) If 𝑝𝑏𝑒𝑠𝑡 < inf 𝑃 , we find 𝑓 (𝑅, 𝑝𝑏𝑒𝑠𝑡) < 𝑓 (𝑅,min𝑃 ). This contradicts
the hypothesis.

(2) If 𝑝𝑏𝑒𝑠𝑡 > sup𝑃 , we find 𝑓 (𝑅, 𝑝𝑏𝑒𝑠𝑡) < 𝑓 (𝑅, sup𝑃 ). This contradicts

the hypothesis.
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(3) If inf 𝑃 < 𝑝𝑏𝑒𝑠𝑡 < sup𝑃 , 𝑝𝑏𝑒𝑠𝑡 must fall into a interval 𝑝𝑘−1 < 𝑝𝑏𝑒𝑠𝑡 <
𝑝𝑘, we find 𝑓 (𝑅, 𝑝𝑏𝑒𝑠𝑡) < 𝑓 (𝑅, 𝑝𝑘). This contradicts the hypothesis.

To sum up, we confirm that the optimal solution does not hold in
all the above three scenarios. So we have 𝑝𝑏𝑒𝑠𝑡 ∈ 𝑃 . ■

Within this conclusion, we have introduced a new concept named
price position and this idea will be involved in the meta-heuristic
algorithm for solving the problem. We give an example in Fig. 3 to
explain the price position. First, 15 customers and their price thresholds
are present, then the customers are sorted in ascending order in terms
of the threshold value. The price position becomes larger when a
higher threshold price of patients is selected as the zone price. In
this example, price position = 1 when zone price = 10.05, and price
position = 15 when zone price = 17.99. Finally, suppose that the
current price position is 5, i.e., zone price is 10.52, then four patients
whose threshold values are less than the zone price will refuse the home
delivery.

4. Solution approach

In a neighborhood search algorithm, if the neighborhood range is
too small, it is challenging to get out of being stuck in a local optimum,
even with meta-heuristic techniques such as simulated annealing or
tabu search. The large neighborhood search (LNS) algorithm makes
up for this deficiency as this algorithm allows multiple neighborhoods
to be explored in one search step, and the exploring range in the
solution space can be greatly improved. ALNS improves LNS in two
main ways: (1) ALNS develops several removals and insertion operators
for destroying and repairing solutions, then selects one based on the
statistics collected in terms of the heuristic’s historical performance
during the search. However, LNS only consists of one pair of removal
and insertion method. (2) ALNS uses a strategy similar to simulated an-
nealing (SA) to determine whether the new solution should be accepted
as the new input of the next iteration. In contrast, LNS only accepts the
new solution that improves the best solution.

The pseudo-code and flow chart of hybrid ALNS are presented
in Algorithm 1 and Fig. 4, respectively. The algorithm starts from
an initial solution 𝑆0, and the removal, insertion, and local search
operators are predefined. At the beginning of the algorithm, the best
solution so far 𝑆𝑏𝑒𝑠𝑡 and current solution 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 equal 𝑆0. 𝜔𝑟, 𝜔𝑖, and 𝜔𝑙

epresent the weight sets of removal, insertion, local search operators,
espectively. It is worth noting that initial weights for all the operators
re the same and equal to 1. Lines 3–16 execute the core part of the
roposed hybrid ALNS to improve the solution iteratively until the stop
ondition is reached. Lines 6–9 are applied to yield the new solution
𝑛𝑒𝑤. First, a randomly selected price vary operator (see Section 4.5)

is applied to deal with 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 and generate the temporary solution
𝑆 . Then, the algorithm selects a removal operator to remove some
𝑡𝑒𝑚𝑝

5

Algorithm 1: Overview of hybrid ALNS
1 Input: an initial solution 𝑆0; removal/ insertion/ local search

operators set 𝛺𝑟∕𝛺𝑖∕𝛺𝑙

2 𝑆𝑏𝑒𝑠𝑡 = 𝑆0;𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑆0; 𝜔𝑟 = (1,… , 1); 𝜔𝑖 = (1,… , 1);
𝜔𝑙 = (1,… , 1)

3 while stop condition is not met do
4 Randomly select a price vary operator 𝑝𝑟𝑖𝑐𝑒∗

5 Select a removal operator 𝑜− ∈ 𝛺𝑟, an insertion operator
𝑜+ ∈ 𝛺𝑖 and a local search operator 𝑙𝑜𝑐𝑎𝑙𝑠𝑒𝑎𝑟𝑐ℎ ∈ 𝛺𝑙 using
the values of 𝜔𝑟, 𝜔𝑖, and 𝜔𝑙;

6 𝑆𝑡𝑒𝑚𝑝 ← 𝑝𝑟𝑖𝑐𝑒∗(𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡);
7 𝑆𝑡𝑒𝑚𝑝 ← 𝑜−(𝑆𝑡𝑒𝑚𝑝);
8 𝑆𝑡𝑒𝑚𝑝 ← 𝑙𝑜𝑐𝑎𝑙𝑠𝑒𝑎𝑟𝑐ℎ(𝑆𝑡𝑒𝑚𝑝)
9 𝑆𝑛𝑒𝑤 ← 𝑜+(𝑆𝑡𝑒𝑚𝑝);
0 if accept(𝑆𝑛𝑒𝑤, 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡) then
11 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 = 𝑆𝑛𝑒𝑤
2 end
3 if 𝑓 (𝑆𝑛𝑒𝑤) > 𝑓 (𝑆𝑏𝑒𝑠𝑡) then
14 𝑆𝑏𝑒𝑠𝑡 = 𝑆𝑛𝑒𝑤
5 end
6 update 𝜔𝑟, 𝜔𝑖, and 𝜔𝑙;
7 end
8 Output: 𝑆𝑏𝑒𝑠𝑡.

customers from 𝑆𝑡𝑒𝑚𝑝. After that, local search is utilized to improve the
partially broken solution 𝑆𝑡𝑒𝑚𝑝. Finally, the selected insertion operator
inserts the removed customers into the 𝑆𝑡𝑒𝑚𝑝, and 𝑆𝑛𝑒𝑤 is obtained.
Lines 10–12 accept the 𝑆𝑛𝑒𝑤 using the SA criterion, and 𝑆𝑛𝑒𝑤 replaces
the 𝑆𝑛𝑒𝑤 if it performs better (line 13–15). Line 16 updates 𝜔𝑟, 𝜔𝑖, and
𝜔𝑙 using adaptive strategies (mentioned in Section 4.6). The algorithms
finally outputs 𝑆𝑏𝑒𝑠𝑡 in line 18.

4.1. Initial solution

As proofed by many works, most heuristic methods are sensitive
to the initial solution; therefore, the procedures for generating a high-
quality initial solution are critical in the hybrid ALNS. Before generat-
ing the initial solution, we assume that the initial price proposed by
the transportation company in each zone equals the lowest threshold
price of the customer in this zone. That is, all the customers accept the
delivery service and will be involved in the initial solution.

In this study, the greedy insertion (see Section 4.4 for the insertion
operators) is used to construct the initial solution. First, 𝑚 (𝑚 is large
enough to ensure all the customers can be inserted into the routes
feasibly) empty routes that only contains the starting and ending points
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Fig. 4. The flow chart of the hybrid ALNS proposed in this study.

of the vehicle is yielded, and then the customers who accept the home
delivery are inserted into the routes using the greedy operator.

4.2. Removal operators

Destruction operations often damage current solution structures,
which are beneficial to escape from the local optima. In the existing
VRP-related literature, the common principles of the requirement re-
moval are as follows: (1) Randomly select the removed part to ensure
the diversity of the search; (2) Remove the worst-performing part,
i.e., the part that incurs the high objective value; (3) Select similar
units for dismantling, for example, select the points with similar spatial
location, quantity, and time window. Based on these three principles,
this paper adopts following four removal operators, and each removal
operator stops until 𝑞 customers have been removed.

Related removal: This is a classic removal operation that picks two
ustomers serviced with a high relatedness and splits them. Destroying
uch a pair of highly related customers may generate new solutions,
hus searching for a larger solution space and possibly generating better
olutions. The relatedness of related removal in this study denotes the
eographical proximity of two customers, and we suppose that the
elatedness 𝑅𝑖,𝑗 of customers 𝑖, 𝑗 equals the customers’ distance 𝑑𝑖,𝑗 . The
ain steps of related removal are presented in Algorithm 2, and Fig. 5

exhibits an example of the related removal.
Zone removal: This operator is a newly devised operator based on

the zone feature of the studied problem. Zone removal follows a similar
principle with related removal, while it removes the customers in the
same zone (the zone is randomly selected before executing the zone
removal).

Worst removal: This operator removes the customer that causes
high objective value. Let 𝑟 be a route: 𝑑𝑒𝑝𝑜𝑡 → 𝑣1 → 𝑣2 → ⋯ →

𝑣 → 𝑑𝑒𝑝𝑜𝑡 and ℎ(𝑟) be the objective value of route 𝑟. Let 𝑟 be the
𝑛 𝑖

6

route without node 𝑣𝑖 and 𝛥𝑖 = ℎ(𝑟) − ℎ(𝑟𝑖). Therefore, the customer
that corresponds high 𝛥𝑖 should be removed. The procedure of worst
removal can be referred to Ropke and Pisinger (2006). Note that the
objective value in this paper equals total revenue minus total travel
costs. Instead of respectively computing the objective values of ℎ(𝑟) and
ℎ(𝑟𝑖) to obtain 𝛥𝑖, we can use the decrement of the travel costs minus
the decrement of the revenue to calculate 𝛥𝑖 quickly. The main steps of
related removal are presented in Algorithm 3.
Algorithm 2: The main steps for related removal
1 Input: solution 𝑆, random parameter 𝑝1, set 𝐻 , empty set 𝛺;
2 Randomly remove a customer 𝑖 from 𝑆 to 𝛺;
3 while |𝛺| < 𝑞 do
4 Randomly select a customer 𝑖 from 𝛺;
5 Record 𝑅𝑖,𝑗 of 𝑖 with any customer 𝑗 in 𝑆;
6 Let 𝐻 contains all customers in 𝑆 but not in 𝛺;
7 Sort 𝐻 in ascending order in terms of 𝑅𝑖,𝑗 ;
8 Remove customer 𝐻[𝑦𝑝1|𝐻|] from 𝐻 and insert it into 𝛺,

𝑦 ∈ [0, 1) is a random number;
9 end
0 Output: 𝑆.

Algorithm 3: The main steps for worst removal
1 Input: solution 𝑆, random parameter 𝑝2, set 𝐻 ;
2 for 1 to 𝑞 do
3 Compute 𝛥𝑖 for each customer 𝑖 in 𝑆;
4 Let set 𝐻 contains all customers in 𝑆;
5 Sort 𝐻 in ascending order in terms of 𝛥𝑖;
6 Remove customer 𝐻[𝑦𝑝2|𝐻|] from 𝐻 , 𝑦 ∈ [0, 1) is a random

number;
7 end
8 Output: 𝑆.

Random removal: Select several customers randomly and remove
them directly in the current solution.

4.3. Local search operators

This paper applies local search to improve the partially broken
solution generated by the removal operators. Local search explores the
neighborhood structures of the candidate solution and tries to find a
better solution. Note that ALNS can explore broad and complicated
solution spaces; here we just define three classic operators for our local
search.

0-1 relocate: Randomly select and remove one customer from the
solution, then insert this customer back into the solution. Note that
the customer should not be inserted into the place from which it is
removed.

1-1 exchange: Randomly select two customers and then exchange
their positions.

2-opt: Randomly select two customers in one route, and then re-
verse the route part composed by these two customers.

2-opt*: Randomly select two links in two distinct routes, and then
exchange these two links with each other to compose two new routes.

When the local search is called, the candidate solution is moved
to its neighborhood based on the selected operator. Our local search
terminates when the local optima is found. More specifically, only
feasible solutions are allowed during the local search process. The local
search operators are shown with examples in Figs. 6.

4.4. Insertion operators

In this study, we employ two insertion operators to repair the de-
stroyed solution. Each insertion operator starts with a partially broken
solution and 𝑞 customers that need to be re-inserted, then a customer,

which has been removed before, is inserted into the current solution
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Fig. 5. An example for related removal.

Fig. 6. Examples for the local search operators.

7
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at each iteration and stops when all the removed customers have been
inserted.

Greedy insertion: This operator comes from the idea of the best
insertion at each iteration. Let us take route 𝑟 ∶ 𝑑𝑒𝑝𝑜𝑡 → 𝑣1 → 𝑣2 →

→ 𝑣𝑛 → 𝑑𝑒𝑝𝑜𝑡 as an example, and there are at most 𝑛 + 1 feasible
positions that can be inserted for each removed customer. Suppose
that 𝛥𝑖𝑗 indicates objective change when customer 𝑖 is inserted into the
position 𝑗. Then, the customer will be inserted into the position when
argmin𝛥𝑖𝑗 is satisfied. More specially, when position 𝑗 is not available
for customer 𝑖, 𝛥𝑖𝑗 is set as +∞.

Regret insertion: This operator inserts the customers into the most
egretful place of the solution. Let 𝛿𝑖 indicates the lowest change of

the objective value for the insertion of removed customer 𝑖, and the
best insertion position is located at 𝑗. The second lowest change of
the objective value is defined as 𝛿′𝑖 , and the corresponding insertion
position is 𝑗′. Then, 𝑟𝑣𝑖 = 𝛿′𝑖 − 𝛿𝑖 represents the regret value for the
insertion of customer 𝑖. For each iteration, regret insertion thus inserts
the customer that maximizes the 𝑟𝑣𝑖 at its best insertion position.

More specifically, in order to accelerate the process of insertion
operators, the change of the objective value can be represented by the
difference between the decrement of revenue and the decrement of
travel costs.

4.5. Price vary operators

Since the price in each zone is a critical decision variable in our
model, the price change could be regarded as the hands of a clock that
can swing. One of the critical contributions in this study is that we have
developed two price vary operators: namely the 𝑝𝑟𝑖𝑐𝑒++ and 𝑝𝑟𝑖𝑐𝑒−−,
for generating a new solution from the current solution. The detailed
procedures for the two operators are presented in Algorithms 4 and 5.
8

4.5.1. Price++
In this operator, the price position increases with one position, and

one customer whose threshold price is lower than the current zone
price will be deleted from the route. We give an example in Fig. 7
to demonstrate the 𝑝𝑟𝑖𝑐𝑒 + +. In Fig. 7, nine customer are distributed
nto two zones. The price threshold of each customer and current price
osition of each zone is presented. When the 𝑝𝑟𝑖𝑐𝑒 + + is applied,

supposed that the price position of zone 1 is increased from 1 to 2,
then customer 1 whose price threshold is less than the current zone
price will be removed. In particular, 𝑝𝑟𝑖𝑐𝑒++ will not be applied to the
one whose price position reaches to the maximum value. For instance,
hen price_position 1 in Fig. 7 equals 5, it is impossible to increase the

value of price_position 1.
Algorithm 4: The main procedures for 𝑝𝑟𝑖𝑐𝑒 + +

1 Input: a solution 𝑆, including the route information 𝑆.𝑟𝑜𝑢𝑡𝑒𝑠,
the price information for all the zones 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠, and the price
position information for all the zones 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠𝑃 𝑜𝑠;

2 𝑆𝑛𝑒𝑤 ← 𝑆, and randomly generate a zone ID 𝑙 ∈ 𝑍;
3 𝑆𝑛𝑒𝑤.𝑝𝑟𝑖𝑐𝑒𝑠[𝑙] ← 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠𝑃 𝑜𝑠[𝑙] + 1.
4 Calculate the corresponding customer 𝑉 ∗ according to

𝑆𝑛𝑒𝑤.𝑝𝑟𝑖𝑐𝑒𝑠[𝑙];
5 Traverse the 𝑆𝑛𝑒𝑤.𝑟𝑜𝑢𝑡𝑒𝑠 and find the customer 𝑉 ∗ and delete it.
6 Update 𝑆𝑛𝑒𝑤.
7 Output: 𝑆𝑛𝑒𝑤.

4.5.2. Price−−
In this operator, the price for a certain zone will be improved in

one position, such that a customer, whose threshold value is not less
than current zone price will be inserted into the route. For example, in
Fig. 8, when price position of zone 2 is decreased from 2 to 1, customer



Y. Shi, W. Liu and Y. Zhou Engineering Applications of Artificial Intelligence 124 (2023) 106506

t

p
u

Fig. 8. An example of 𝑝𝑟𝑖𝑐𝑒 − −.
S
i
p

4

i
i
u
d
(

e
a
o
s
q
w
b
u
r
w

𝑤

9 can be inserted into the route. Similarly, 𝑝𝑟𝑖𝑐𝑒−− will not be applied
o the zone whose price position equals 1.
Algorithm 5: The main procedures for 𝑝𝑟𝑖𝑐𝑒 − −

1 Input: a solution 𝑆, including the route information 𝑆.𝑟𝑜𝑢𝑡𝑒𝑠,
the price information for all the zones 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠, and the price
position information for all the zones 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠𝑃 𝑜𝑠;

2 𝑆𝑛𝑒𝑤 ← 𝑆, and randomly generate a zone ID 𝑙 ∈ 𝑍;
3 𝑆𝑛𝑒𝑤.𝑝𝑟𝑖𝑐𝑒𝑠[𝑙] ← 𝑆.𝑝𝑟𝑖𝑐𝑒𝑠𝑃 𝑜𝑠[𝑙] − 1.
4 Calculate the corresponding customer 𝑉 ∗ according to

𝑆𝑛𝑒𝑤.𝑝𝑟𝑖𝑐𝑒𝑠[𝑙];
5 Insert 𝑉 ∗ into 𝑆𝑛𝑒𝑤.𝑟𝑜𝑢𝑡𝑒𝑠 with the greedy insertion operator.
6 Update 𝑆𝑛𝑒𝑤.
7 Output: 𝑆𝑛𝑒𝑤.

4.5.3. Unnecessary price variation
In order to accelerate the search process, we give a judging proce-

dure to exclude the unnecessary price variation which indicates that the
price operator becomes impossible to improve the global best solution.
Note that the studied problem aims to maximize the difference between
the revenue and the travel cost, and the travel cost of one solution is
always greater than 0, thus the solution whose revenue is less than
𝑓 (𝑆𝑏𝑒𝑠𝑡) (i.e., the objective value of the best solution obtained so far)
cannot be optimized to improve the 𝑆𝑏𝑒𝑠𝑡. We define an unnecessary
price variation such that after the price variation the revenue of the
solution is less than 𝑓 (𝑆𝑏𝑒𝑠𝑡). If one price operator has been proved to
be an unnecessary variation on a zone, then it can be tried to perform
this price operator on other zones or perform another price operator
until a necessary variation has been found.

Let us take the solution in Fig. 7 as an example. Before using
rice++, the revenue of the solution is 2.2 × 5 + 2.7 × 3 = 19.1. After
sing price++, the revenue of the solution is 2.5 × 4 + 2.7 × 3 = 18.1.
 𝑇

9

uppose that 𝑓 (𝑆𝑏𝑒𝑠𝑡) equals 18.5, thus it is futile to utilize price++ to
ncrease the price position of zone 1. In this case, we can choose to
erform the price++ on zone 2 or perform the price−−.

.6. Adaptive strategy

As described before, a lot of operators for removal, local search, and
nsertion have been introduced, and the operators are selected at each
teration based on their weights. In ALNS, the weights are adaptively
pdated using statistics from earlier iterations. The adaptive strategy
escribed in this section follows the principle of Ropke and Pisinger
2006).

Let us divide the entire hybrid ALNS into a number of segments, and
ach segment contains 100 iterations. Each operator is associated with
score of 0 at the beginning of each segment. During the segment, if

ne operator participates in generating the new solution 𝑆𝑛𝑒𝑤, then the
core of this operator is increased by 𝜎1, 𝜎2, and 𝜎3 according to the
uality of 𝑆𝑛𝑒𝑤. 𝜎1, 𝜎2, and 𝜎3 respectively correspond to the situation
hen 𝑆𝑛𝑒𝑤 is better than 𝑆𝑏𝑒𝑠𝑡, better than 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡, or worse than 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡
ut still be accepted. Let 𝜂𝑖 and 𝜃𝑖 respectively be the total score and
sage times of operator 𝑖 during the segment, and 𝜇 represents the
eaction rate to the weights in terms of the operator’s performance. The
eight of operator 𝑖 applied in segment 𝑗+1 can be adjusted as follows:
𝑗+1
𝑖 = (1 − 𝜇)𝑤𝑗

𝑖 + 𝜇
𝜂𝑖
𝜃𝑖

(1)

4.7. Acceptance and stopping criterion

In hybrid ALNS, SA scheme is adopted to determine whether the
generated solution 𝑆𝑛𝑒𝑤 will be accepted or rejected. We first define an
initial temperature 𝑇0 at the start of hybrid ALNS. At each iteration,
𝑆𝑛𝑒𝑤 is accepted with a probability calculated by 𝑒−(𝑓 (𝑆𝑛𝑒𝑤)−𝑓 (𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡))∕𝑇 .

represents the current temperature and equals 𝑇 at the beginning.
0
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A cooling factor 𝛽 ∈ (0, 1) is applied to decrease 𝑇 such that 𝑇 = 𝑇 × 𝛽.
The initial temperature 𝑇0 greatly affecting the performance of SA, and
ts value is normally positively correlated with 𝑓 (𝑆0) (the objective

value of the initial solution) (Afifi et al., 2016). Consider that the
objective function in this paper focuses on the difference between the
total revenue and the total cost, 𝑓 (𝑆0) may be negative. Hence, we
employ the absolute value of 𝑓 (𝑆0) as the reference value to generate
𝑇0. The algorithm in this paper stops when the maximum number of
iterations without improving the solution is reached.

4.8. Other algorithms

To highlight the performance of the proposed hybrid ALNS in this
paper, we make a comparison among the solutions obtained by the
other heuristic algorithms and hybrid ALNS. Specifically, pure ALNS,
variable neighborhood search (VNS), and simulated annealing (SA)
are also employed to solve the problems with the same instances,
respectively.

Pure ALNS shares the same structure with hybrid ALNS, while
it do not include the local search procedure. Variable Neighborhood
search (VNS), regarded as an improved local search algorithm, has been
widely used in solving combinatorial optimization problems due to its
good performance. This algorithm is mainly derived from the idea that
the local optimal solution of a single neighborhood structure is not
necessarily the local optimal solution of another neighborhood struc-
ture, and the global optimal solution is the local optimal solution of all
possible neighborhoods. VNS explores new solutions from the solution
space according to the neighborhood structure formed by different
searching moves and achieves a good trade-off between intensification
and diversification.

Algorithm 6 provides the detailed procedures of the VNS, which is as
ell as starts from a randomly generated initial solution 𝑆0 (see details

n Section 4.1). In lines 1–2, the initial solution and neighborhood
re given in advance, and the current best solution 𝑆𝑏𝑒𝑠𝑡 is initialized
s 𝑆0. The rest lines show the evolution process of 𝑆𝑏𝑒𝑠𝑡. As crucial
rocedures of VNS, lines 6–7 illustrate the process of generating new
olutions. VNS finally stops when the terminal criteria are reached,
nd the algorithm returns the best solution. In our VNS, we use four
eighborhood structures defined in Section 4.3 for the shaking and
ocal search procedures. Hence, 𝑘𝑚𝑎𝑥 = 4, and the executed order of
he operators is random at each iteration.
Algorithm 6: The pseudo code of VNS
1 Input: initial solution 𝑆0 (see details in Section 4.1);

neighborhood 𝑁𝑘, 𝑘 = 1, 2,… , 𝑘𝑚𝑎𝑥, and 𝑘𝑚𝑎𝑥 = 4;
2 𝑆𝑏𝑒𝑠𝑡 ← 𝑆0; ⊳ Let the current best solution be the initial solution.
3 while stopping criteria are not reached do
4 𝑘 ← 1 ; ⊳ Let 𝑘 equal to 1
5 while 𝑘 ≤ 𝑘max do
6 𝑆′ ← 𝑆ℎ𝑎𝑘𝑖𝑛𝑔(𝑁𝑘(𝑆𝑏𝑒𝑠𝑡)); ⊳ Randomly generate 𝑆′ from

𝑘𝑡ℎ neighborhood of 𝑆𝑏𝑒𝑠𝑡
7 𝑆′′ ← 𝐿𝑜𝑐𝑎𝑙𝑆𝑒𝑎𝑟𝑐ℎ(𝑆′); ⊳ A local optimal 𝑆′′ is obtained

by local search operators
8 if 𝑓 (𝑆′′) > 𝑓 (𝑆𝑏𝑒𝑠𝑡) then
9 𝑆𝑏𝑒𝑠𝑡 ← 𝑆′′; ⊳ update 𝑆𝑏𝑒𝑠𝑡
10 𝑘 ← 1; ⊳ Reset 𝑘
11 else
12 𝑘 ← 𝑘 + 1; ⊳ Switch to another neighborhood
13 end
4 end
5 end
6 Return: 𝑆𝑏𝑒𝑠𝑡.

SA was originally proposed by Kirkpatrick, and the idea is derived
rom the solid annealing principle. That is, when the temperature of
he solid is very high, the internal energy is relatively large, and the
nternal particles of the solid are in a fast disorderly motion. While
10
the temperature of the solid slowly decreases, the internal energy of
the solid decreases and the particles slowly tend to move in an orderly
manner. Finally, when the solid is at a low temperature (for example, at
room temperature), the internal energy is minimized and the particles
are in the most stable state. SA simulates the annealing process in the
form of an algorithm to solve combinatorial optimization problems and
many experimental results have shown that SA has a good performance.
SA starts from a generated initial solution with a relatively high tem-
perature, called the initial temperature. With the continuous decrease
of temperature, the solution in the algorithm tends to be stable, but
the stable solution may be a local optimal solution. Therefore, the
SA attempts to jump out of the local optimal solution with a special
strategy to accept some weak solutions. That is, in the neighborhood
search of SA, SA can not only accept the better solution, but also accept
the worse solution with a certain probability involving the Boltzmann
constant. This is conducive to the diversity of solutions to possibly get
rid of local optima. The pseudo of the SA is shown in Algorithm 7.
Algorithm 7: Framework of the proposed SA
1 Input all the initial temperature: 𝑇0, final terminal temperature:

𝑇𝐹 , and cooling rate: 𝜁 ;
2 𝑇 ← 𝑇0; ; // initialize the current temperature
3 𝑆0 ← Initialization(); ; // generate the initial

solution
4 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝑆0;
5 𝑆𝑏𝑒𝑠𝑡 ← 𝑆0 ; // 𝑆𝑏𝑒𝑠𝑡 is the best solution found so

far;
6 while (𝑇 ≥ 𝑇𝐹 ) do
7 𝑆𝑛𝑒𝑤 ← Neighborhood operation(𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡);
8 𝛥 ← 𝑓 (𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡) − 𝑓 (𝑆𝑛𝑒𝑤) ;
9 if 𝛥 < 0 then
10 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝑆𝑛𝑒𝑤;
1 else
12 r ←Random(0, 1);
13 if 𝑟 < 𝑒𝑥𝑝(−𝛥∕𝑇 ) then
14 𝑆𝑐𝑢𝑟𝑟𝑒𝑛𝑡 ← 𝑆𝑛𝑒𝑤;
15 end
6 end
7 if 𝑓 (𝑆𝑛𝑒𝑤) > 𝑓 (𝑆𝑏𝑒𝑠𝑡) then
18 𝑆𝑏𝑒𝑠𝑡 ← 𝑆𝑛𝑒𝑤 ; // update the current best

solution
9 end
0 𝑇 ← 𝜁 ∗ 𝑇 ; // update the current temperature
1 end
2 Output the best solution 𝑆∗;

5. Computational experiments

This section tests the proposed hybrid ALNS on the instances de-
signed by Afsar et al. (2021), in which three data sets have been
created. The first data set involves the instances with 35 customers
and 3 zones, and the second data set contains the instances with 50
customers and 3 zones, while the last one consists of the instances with
50 customers and 5 zones. Besides, the authors further classified the
instances in each data set into four categories according to the differ-
ent threshold profiles of customers. Customers in low/high threshold
instances are not willing/willing to pay much for the home delivery.
Customers in medium threshold instances can accept to pay the price
slightly above the travel cost from their home to the depot. Finally,
random threshold instances include the customers with a mixed profile
regarding willingness to pay for home delivery. Therefore, 12 groups
of instances are given in total.

The rest of this section first tunes the parameters of the proposed
algorithm, and then extensive experiments are conducted on the bench-
mark instances using hybrid ALNS and two compared algorithms. All
the algorithms are coded in C++, and the programs are complied with
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Table 2
The average values of best solutions and execution times for different parameter configurations.

(𝑃 𝑡1 , 𝑃 𝑡2 , 𝑃 𝑡3) Ave_best Ave_time (𝑃 𝑡1 , 𝑃 𝑡2 , 𝑃 𝑡3) Ave_best Ave_time

([0.05, 0.15], 1, 50) 812.11 16.24 ([0.25, 0.35], 1, 50) 826.96 30.14
([0.05, 0.15], 1, 80) 820.49 22.01 ([0.25, 0.35], 1, 80) 831.42 31.26
([0.05, 0.15], 1, 100) 821.12 28.91 ([0.25, 0.35], 1, 100) 830.15 38.47
([0.05, 0.15], 5, 50) 820.2 20.13 ([0.25, 0.35], 5, 50) 832.93 36.52
([0.05, 0.15], 5, 80) 825.17 24.8 ([0.25, 0.35], 5, 80) 833.28 40.19
([0.05, 0.15], 5, 100) 825.85 33.43 ([0.25, 0.35], 5, 100) 834.66 52.73
([0.05, 0.15], 10, 50) 821.49 19.82 ([0.25, 0.35], 10, 50) 829.01 31.42
([0.05, 0.15], 10, 80) 827.38 25.77 ([0.25, 0.35], 10, 80) 833.16 33.72
([0.05, 0.15], 10, 100) 828.92 39.33 ([0.25, 0.35], 10, 100) 832.45 49.9
([0.15, 0.25], 1, 50) 820.73 23.36 ([0.35, 0.45], 1, 50) 823.33 35.57
([0.15, 0.25], 1, 80) 822.39 26.63 ([0.35, 0.45], 1, 80) 826.69 44.81
([0.15, 0.25], 1, 100) 823.18 34.21 ([0.35, 0.45], 1, 100) 831.25 56.62
([0.15, 0.25], 5, 50) 829.27 30.15 ([0.35, 0.45], 5, 50) 828.1 39.69
([0.15, 0.25], 5, 80) 835.68 33.38 ([0.35, 0.45], 5, 80) 833.34 45.59
([0.15, 0.25], 5, 100) 836.11 45.13 ([0.35, 0.45], 5, 100) 834.79 62.91
([0.15, 0.25], 10, 50) 825.44 24.21 ([0.35, 0.45], 10, 50) 824.91 35.28
([0.15, 0.25], 10, 80) 830.12 29.96 ([0.35, 0.45], 10, 80) 826.76 44.86
([0.15, 0.25], 10, 100) 833.9 42.63 ([0.35, 0.45], 10, 100) 830.88 60.66
Table 3
The values of all parameters of hybrid ALNS.

Parameter Symbol Value

Number of nodes removed 𝑞 [0.15 × |V| *, 0.25 × |V| ]
Randomness parameters in related and worst removal 𝑝1, 𝑝2 3,3
Parameters in the adaptive strategy 𝜎1, 𝜎2, 𝜎3, 𝜇 9, 33, 13, 0.1
Initial temperature 𝑇0 |𝑓 (𝑆0)| × 5
Cooling factor 𝛽 0.99975
Maximum iterations without improving the solution 𝑀𝑎𝑥_𝑖𝑡𝑒 |V| × Num_zone × 80
g
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visual studio 2019 in a Windows environment. All the experiments are
tested on a processor with 8 GB RAM and Intel Core i7-8750H CPU,
2.20 GHz.

5.1. Parameters tuning

The parameters of hybrid ALNS are tuned using the design of exper-
iments (DoE). This method first defines a set of possible configurations
of parameters, and then each configuration of parameters is tested on
a number of instances. Finally, the configuration that allows the algo-
rithm to achieve a good trade-off between the execution time and the
solution quality is selected. In the preliminary experiments, we find that
three parameters, such as the number of removed nodes 𝑞, initial tem-
erature 𝑇0, and maximum iterations without improving the solution
𝑎𝑥_𝑖𝑡𝑒, have significant effects on the quality of the proposed hybrid

LNS. Hence, we mainly apply DoE method to tune these three param-
ters, whereas the values of other parameters such as parameters in re-
oval heuristics and the adaptive strategy are determined according to

he suggestions of the classical ALNS paper (Ropke and Pisinger, 2006).
In this section, we define that 𝑞 = 𝑃 𝑡1 × |V|, and 𝑇0 = 𝑃 𝑡2 ×

𝑓 (𝑆0)|, and 𝑀𝑎𝑥_𝑖𝑡𝑒 = 𝑃 𝑡3 × Num_zone × |V|, where |V|, |𝑓 (𝑆0)|,
Num_zone denote the number of customers in the instances, the ab-
solute value of the initial solution’s objective value, and the num-
ber of zones in the instances, respectively. It is stated that 𝑃 𝑡1 ∈
{[0.05, 0.15], [0.15, 0.25], [0.25, 0.35], [0.35, 0.45]}, 𝑃 𝑡2 ∈ {1, 5, 10}, and
𝑃 𝑡3 ∈ {50, 80, 100}. Therefore, there are 4×3×3 = 36 parameter config-
urations in total. By selecting one instance from each instance group,
12 instances derived from benchmark instances of Afsar et al. (2021)
are selected for the experiments of DoE method. The average values of
the best solution (‘‘Ave_best’’) and the execution time (‘‘Ave_time’’) for
each parameter configuration in solving 12 instances are presented in
Table 2. The results show that the configurations ([0.15, 0.25], 5, 80)
and ([0.15, 0.25], 5, 100) are relatively better in terms of ‘‘Ave_best’’.

However, it is found that when the value of 𝑃 𝑡3 is changed from 80

11
to 100, the ‘‘Ave_best’’ is slightly improved (from 835.68 to 836.11,
0.05%) with the significant increase (from 33.38 to 45.13, 35.2%) in
‘‘Ave_time’’. Consequently, we select ([0.15, 0.25], 5, 80) as the final
parameter configuration for the proposed hybrid ALNS, and the values
of all parameters of hybrid ALNS are listed in Table 3.

5.2. Numerical results

This section compares the experimental results obtained by the
proposed algorithms with the benchmarks in Afsar et al. (2021). Note
that the experimental results reported by Afsar et al. (2021) is the
best results found so far, but it does not mean that all solutions
are globally optimal. Because in their paper, they present the Gap
between the best integer solutions found and the lower bound (see
page 8 in Afsar et al. (2021)), and some of the values of gap are
reater than 0. For each instance, we run each algorithm ten times.
ables 4–15 present the compared results for all the standard instances.
n the tables, the first column indicates the label of each instance.
n the column ‘‘Benchmarks’’, the subcolumns ‘‘Opt’’ and ‘‘Times’’
espectively represent the objective value of the best solution and
he execution time in seconds. The results are derived from Afsar
t al. (2021). In the columns ‘‘Hybrid ALNS’’, ‘‘ALNS’’, and ‘‘VNS’’, the
ubcolumns ‘‘Opt’’, ‘‘Ave’’, ‘‘Worst’’, indicate the best, average, worst
olution obtained in ten runs. ‘‘Std’’ refers to the calculated standard
eviation. ‘‘Gap’’ stands for the gap between the ‘‘Opt’’ obtained by
ach algorithm and that of the benchmark, which equals (𝑂𝑝𝑡𝐴𝑙𝑔𝑜𝑟𝑖𝑡ℎ𝑚−
𝑝𝑡𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘)*100%/𝑂𝑝𝑡𝐵𝑒𝑛𝑐ℎ𝑚𝑎𝑟𝑘. Considering that this paper focuses
n solving a maximization problem, the value of the gap remains larger
han 0 when our solutions are better than the benchmarks. The best
olution for such instances is marked by boldface. Specially, in order to
onduct a fair comparison of algorithms, we run each algorithm for the
ame execution time. In the experimental process, we find that hybrid
LNS usually takes longer time to coverage, thus the run time of hybrid
LNS is taken as the executed time for other two algorithms.
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td Gap(%) Opt Ave Worst Std Gap(%)

.31 −3.44 204.08 163.56 143.63 12.99 0.00

.43 −2.02 148.85 116.24 94.19 11.85 −1.98

.82 0.00 155.45 119.17 89.63 15.36 0.00

.25 0.00 106.15 83.29 34.16 20.52 −4.98

.49 −3.91 148.59 114.52 70.88 18.25 −3.08

.55 0.00 196.67 158.47 119.49 19.92 0.00
0.00 161.57 130.32 92.76 18.09 −15.03

.07 0.00 299.2 244.79 196.48 29.47 0.00

.74 −0.38 194.75 165.90 138.85 13.68 −1.28

.85 0.00 196.03 180.75 155.26 12.22 −4.01

.21 0.00 188.41 170.22 126.98 13.72 −12.65

.53 −0.21 190.24 155.89 119.29 17.71 0.00

.2 −0.99 185.43 163.58 120.22 16.26 −3.67

.54 0.00 153.39 133.29 101.66 12.37 −8.56

.23 0.00 164.07 148.73 116.26 11.46 0.00

.83 3.17 243.66 208.63 179.45 14.93 4.13

.48 0.00 186.40 157.78 122.18 15.93 −4.90

.77 0.00 212.32 183.12 141.57 15.51 −4.82

.25 0.01 96.01 75.16 48.23 14.10 −12.93

.89 1.01 149.12 121.01 67.69 21.00 −4.04

.39 0.00 185.69 156.05 82.31 25.72 1.24

.14 0.00 221.84 201.35 145.02 22.31 −5.19

.98 −2.97 221.62 212.20 188.87 10.33 −2.97

.07 −3.42 135.19 100.54 78.60 13.37 −10.24

.78 0.00 182.47 167.29 149.28 9.79 −1.60

.3 0.00 150.36 123.07 87.56 13.76 −11.80

.31 0.00 212.66 195.54 165.37 13.11 0.00

.7 0.00 238.79 213.99 169.29 17.29 −11.21

.83 8.57 184.66 166.24 117.95 16.60 1.97

.81 0.00 214.48 179.40 139.17 22.20 −1.75

.57 0.76 888.42 853.01 791.53 32.70 0.43

.72 – 911.35 870.78 846.78 19.80 –

.5 0.43 932.89 869.18 837.27 36.17 0.43

.57 0.49 207.10 171.55 121.99 25.83 −0.28

.22 1.21 197.51 181.04 149.72 13.03 1.21

.47 0.89 208.93 176.10 108.30 25.59 0.20

.49 2.63 925.37 868.80 836.16 31.01 2.17

.62 0.53 1027.29 963.69 939.43 26.94 0.39
2.83 1118.48 1079.12 1055.54 20.82 2.47

.37 0.00 206.39 184.07 167.03 10.10 −4.32

.31 0.00 275.33 250.04 213.56 16.74 −0.01

.61 0.13 263.86 249.09 217.07 11.87 −6.18

12
Table 4
Compared results for the first data set (instances with 35 customers, 3 zones and low threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst S

vrpnc01_1 204.08 189.86 204.08 201.25 196.47 3.14 3.84 0.00 204.08 194.56 185.35 5.91 0.00 197.06 193.09 180.58 5
vrpnc01_2 151.85 191.17 151.85 147.29 141.12 3.18 4.27 0.00 149.52 146.12 140.28 3.57 −1.53 148.78 144.55 142.72 1
vrpnc01_3 155.45 43.64 156.38 155.14 152.73 1.71 4.73 0.59 155.45 149.86 145.39 3.61 0.00 155.45 145.62 133.76 8
vrpnc02_1 111.71 2556.84 111.71 108.49 105.43 3.87 3.72 0.00 111.71 106.06 99.29 4.39 0.00 111.71 105.98 100.65 2
vrpnc02_2 153.31 2538.74 158.24 152.45 147.29 2.73 4.13 3.12 155.31 132.66 121.63 8.86 1.30 147.32 132.4 110.89 8
vrpnc02_3 196.67 11.37 196.67 190.72 186.42 4.81 3.33 0.00 193.62 177.18 165.25 7.53 −1.55 196.67 183.89 170.62 8
vrpnc03_1 190.16 2844.43 190.16 190.16 190.16 0 4.91 0.00 190.16 188.81 181.77 2.56 0.00 190.16 190.16 190.16 0
vrpnc03_2 299.2 490.58 299.2 298.12 297.07 0.72 4.6 0.00 299.2 299.2 299.2 0 0.00 299.2 298.13 293.06 2
vrpnc03_3 197.28 3177.44 197.28 197.28 197.28 0 5.19 0.00 197.28 196.32 195.2 0.65 0.00 196.54 193 181.45 4
vrpnc04_1 204.21 3914.75 204.21 201.11 198.73 1.32 3.74 0.00 204.21 201.62 196.42 2.74 0.00 204.21 202.33 201.77 0
vrpnc04_2 215.69 1483.78 215.69 205.43 201.18 2.25 3.73 0.00 215.69 212.46 204.2 3.88 0.00 215.69 206.42 194.14 8
vrpnc04_3 190.24 142.14 190.24 190.24 190.24 0 6.04 0.00 190.24 187.92 182.59 2.73 0.00 189.85 173.02 158.68 8
vrpnc05_1 192.49 2910.62 192.49 191.18 188.19 2.1 8.56 0.00 192.3 189.48 179.51 3.74 −0.10 190.58 185.43 181.11 3
vrpnc05_2 167.75 844.78 167.75 167.75 167.75 0 5.89 0.00 167.75 165.07 161 2.35 0.00 167.75 163.61 147.34 6
vrpnc05_3 164.07 2158.28 164.07 164.07 164.07 0 6.71 0.00 164.07 164.07 164.07 0 0.00 164.07 162.85 154.32 3
vrpnc06_1 233.99 2478.29 243.66 240.26 235.42 2.41 7.73 3.97 243.1 236.69 229.15 3.76 3.89 241.41 240.65 238.36 1
vrpnc06_2 196 396.8 196 190.41 184.63 4.73 3.43 0.00 194.78 180.2 167.05 10.46 −0.62 196 185.89 169.78 8
vrpnc06_3 223.08 615.99 223.08 219.83 215.22 3.17 4.8 0.00 221.76 218.47 212.01 2.92 −0.59 223.08 203.63 187.49 6
vrpnc07_1 110.27 1924.13 110.28 110.28 110.28 0 8.28 0.01 110.28 105.18 100.43 2.81 0.01 110.28 108.58 107.14 1
vrpnc07_2 155.4 2593.25 163.8 157.19 153.52 4.91 3.7 5.13 163.8 145.45 120.06 9.65 5.41 156.97 144.19 137.45 8
vrpnc07_3 183.41 2349.67 187.83 177.14 170.28 5.81 7.32 2.35 185.48 166.28 153.28 11.25 1.13 183.41 176.95 166.61 5
vrpnc08_1 233.99 611.11 233.99 228.73 223.92 3.82 4.2 0.00 233.99 225.75 217.5 4.99 0.00 233.99 228.45 220.71 3
vrpnc08_2 228.41 4983.99 230.09 230.09 230.09 0 6.98 0.73 228.41 223.02 218.79 2.47 0.00 221.62 220.95 218.45 0
vrpnc08_3 150.62 119.02 150.62 149.21 147.65 1.18 7.55 0.00 150.62 147.01 140.97 3.59 0.00 145.47 139.85 135.25 3
vrpnc09_1 185.43 407.87 185.43 182.79 180.71 0.81 3.01 0.00 185.43 180.41 175.61 4.13 0.00 185.43 179.58 172.72 3
vrpnc09_2 170.47 277.89 170.47 166.72 161.92 3.55 2.9 0.00 170.47 164.43 160.74 3.12 0.00 170.47 160.19 146.09 5
vrpnc09_3 212.66 3259.81 215.56 210.72 205.77 2.41 7.97 1.35 212.66 209.56 203.03 3.85 0.00 212.66 206.36 191.03 7
vrpnc10_1 268.95 437.28 268.95 268.95 268.95 0 3.63 0.00 268.95 268.85 268.31 0.19 0.00 268.95 263.48 256.96 5
vrpnc10_2 181.1 3229.02 196.62 192.83 190.11 1.94 9.87 7.89 195.45 188.94 184.66 3.02 7.92 196.62 190.27 178.56 4
vrpnc10_3 218.3 220.76 218.3 216.75 212.29 0.83 3.96 0.00 218.3 215.35 213.82 1.78 0.00 218.3 213.62 212.49 1
vrpnc11_1 884.58 52959.3 901.49 892.31 881.43 4.29 5.16 1.88 891.32 880.14 860.46 10.97 0.76 891.32 889.31 881.76 3
vrpnc11_2 – – 924.56 922.78 920.12 1.43 5.23 – 923.49 919.28 912.19 4.11 – 924.56 918.76 915.92 1
vrpnc11_3 928.88 38316.9 941.19 941.19 941.19 0 5.8 1.31 932.89 932.89 932.89 0 0.43 932.89 929.08 910.52 7
vrpnc12_1 207.69 2413.55 211.76 205.16 202.28 2.98 6.98 1.92 208.71 198.27 172.39 10.5 0.49 208.71 202.43 196.92 3
vrpnc12_2 195.15 3356.5 197.51 194.14 190.37 1.48 6.06 1.19 197.51 193.35 185.97 3.67 1.21 197.51 195.28 190.14 3
vrpnc12_3 208.51 2306.82 209.47 204.22 200.25 2.52 3.75 0.46 205.23 200.15 195.43 3.84 −1.57 210.36 201.94 191.41 8
vrpnc13_1 905.75 19351.3 929.56 923.56 919.24 3.36 3.64 2.56 929.56 928.24 922.04 2.4 2.63 929.56 917.43 911.78 4
vrpnc13_2 1023.27 19679.6 1028.68 1028.68 1028.68 0 5.72 0.53 1028.68 1028.68 1028.68 0 0.53 1028.68 1027.69 1020.76 2
vrpnc13_3 1091.47 59168.8 1122.31 1120.69 1115.17 2.29 5.38 2.75 1122.31 1122.31 1122.31 0 2.83 1122.31 1121.74 1119.81 1
vrpnc14_1 215.7 930.06 215.7 212.28 208.59 3.84 7.05 0.00 212.04 200.79 190.04 6.42 −1.70 215.7 208.89 202.44 2
vrpnc14_2 275.36 4920.69 279.09 279.09 279.09 0 3.36 1.34 272.76 271.81 267.45 1.49 −0.94 275.36 273.34 272.04 1
vrpnc14_3 281.25 2309.23 284.55 280.97 273.12 4.11 4.59 1.16 284.91 275.43 265.66 6.52 1.30 281.61 275.8 266.93 5
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29 −0.46 396.31 361.83 342.62 13.18 0.72
08 −2.58 341.75 314.90 297.98 10.21 0.00
06 0.00 376.63 351.67 322.33 15.36 0.00
62 −0.43 286.75 265.96 228.11 12.86 0.48
32 −0.22 257.93 231.79 206.15 11.58 −4.12
07 0.00 323.47 296.53 259.13 17.90 0.00
12 0.29 352.17 298.73 197.19 36.63 0.29
7 −0.02 522.43 496.60 465.01 18.12 0.19
39 −1.14 336.30 311.11 284.87 13.64 −2.19
79 0.00 367.32 356.21 318.52 11.39 0.00
37 −3.37 357.13 314.81 266.98 17.13 −1.57
45 0.00 348.72 326.62 274.92 16.46 −2.33
92 0.41 388.62 369.23 326.45 15.48 0.00
26 0.00 310.46 287.68 249.28 12.80 −2.04
.17 −0.13 333.23 322.84 295.48 12.25 0.00
89 −1.08 426.07 405.44 374.81 10.98 −3.45
34 0.00 371.75 356.35 333.30 10.07 −3.61
63 −0.92 368.8 337.03 276.81 19.47 0.00
69 0.00 249.46 222.36 196.07 13.23 −2.20
98 0.00 320.09 292.56 236.09 19.72 −0.60
64 −0.61 366.96 343.69 319.24 13.42 −0.57
19 0.00 391.72 353.76 323.86 13.50 0.00
69 0.16 410.81 387.98 360.67 13.86 0.16
.64 0.00 308.77 289.16 273.34 10.34 −6.38
44 0.48 376.37 350.98 321.92 16.16 −1.57
23 0.00 293.00 246.69 222.69 14.19 −4.20
67 0.80 449.82 431.38 371.63 24.34 0.80
07 0.43 421.62 403.21 359.23 17.21 −2.42
21 0.00 361.39 348.52 305.47 15.86 −0.36
87 0.00 466.03 452.09 422.83 13.35 −0.18
13 0.00 1169.26 1115.84 1052.00 35.84 0.00
.94 0.77 1284.07 1237.47 1218.41 18.62 0.08

−1.45 1268.72 1224.25 1179.24 36.86 −1.51
31 −0.14 447.83 433.62 397.16 13.38 0.00
7 −0.61 400.11 388.73 362.84 10.51 −1.99
36 0.36 403.84 359.59 320.69 19.70 0.49

0.45 1358.17 1310.93 1270.16 34.55 0.45
69 0.00 1571.49 1490.18 1415.93 36.28 0.00
22 1.85 1514.32 1466.35 1444.52 17.34 1.85
78 −2.23 449.62 423.45 363.59 17.78 −2.19
97 −0.39 557.15 527.17 467.12 23.10 −0.61
8 0.22 475.16 463.59 414.70 16.36 −0.86

13
Table 5
Compared results for the first data set (instances with 35 customers, 3 zones and medium threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01_1 393.48 2843.01 396.31 392.37 388.17 2.88 4.42 0.71 396.31 388.66 380.67 5.89 0.72 391.67 384.69 379.55 4.
vrpnc01_2 341.75 36.9 341.75 340.29 338.44 0.85 3.63 0.00 341.75 332.53 326.41 5.67 0.00 332.92 324.46 319.61 4.
vrpnc01_3 376.63 1061.39 378.39 373.19 368.48 2.43 3.18 0.47 376.63 372.41 359.86 4.52 0.00 376.63 364.74 351.05 8.
vrpnc02_1 285.39 2466.84 288.13 284.09 281.24 2.19 8.76 0.95 289.73 281.65 275.76 4.23 1.52 284.16 280.14 272.42 3.
vrpnc02_2 269.01 353.37 269.01 262.42 255.17 3.96 6.52 0.00 266.36 259.23 254.69 4.68 −0.99 268.42 261.86 252.92 4.
vrpnc02_3 323.47 1647.83 323.47 323.47 323.47 0 3.04 0.00 323.37 321.69 317.49 1.6 −0.03 323.47 321.3 315.05 3.
vrpnc03_1 351.16 3565.66 352.17 350.43 347.01 1.68 2.95 0.28 352.17 351.58 349.84 0.95 0.29 352.17 347.8 341 4.
vrpnc03_2 521.42 5968.63 522.43 517.46 510.72 3.84 3.87 0.19 521.72 520.33 517.01 1.75 0.06 521.34 507.26 492.19 8.
vrpnc03_3 343.83 3723.46 343.83 341.17 335.72 2.88 3.81 0.00 343.09 339.51 337.75 1.52 −0.22 339.91 333.08 325.27 5.
vrpnc04_1 367.32 3417.52 367.32 367.32 367.32 0 3.76 0.00 367.32 367.27 366.98 0.11 0.00 367.32 364.83 357.04 3.
vrpnc04_2 362.82 60.43 367.39 362.14 356.43 3.95 3.24 1.24 362.82 358.64 348.87 5.45 0.00 350.6 347.77 345.78 1.
vrpnc04_3 357.05 124.02 357.05 352.22 346.95 4.12 8.1 0.00 357.05 351.66 345.91 4 0.00 357.05 346.09 335.3 7.
vrpnc05_1 388.63 2767.8 400.67 395.43 390.48 3.22 3.54 3.00 392.09 384.98 375.16 4.21 0.89 390.24 386.49 374.83 4.
vrpnc05_2 316.94 2269.9 316.94 314.79 311.19 2.88 3.26 0.00 315.62 311.53 303.83 3.98 −0.42 316.94 303.86 290.13 8.
vrpnc05_3 333.23 3655.19 333.23 333.23 333.23 0 3.29 0.00 332.79 332.18 326.92 1.75 −0.13 332.79 321.49 307.86 11
vrpnc06_1 441.31 897.07 441.31 435.48 430.19 4.47 5.25 0.00 434.69 420.36 412.1 6.85 −1.50 436.54 421.65 409.94 7.
vrpnc06_2 385.67 30.82 388.28 381.73 372.19 5.02 6.67 0.67 385.53 375.63 369.14 5.39 −0.04 385.67 371.07 359.78 7.
vrpnc06_3 368.8 138.08 368.8 361.29 355.32 4.93 2.97 0.00 365.41 359.16 346.81 5.8 −0.92 365.41 351.24 337.82 8.
vrpnc07_1 255.06 1020.41 255.06 251.12 247.16 2.83 6.51 0.00 250.31 245.44 231.29 8.62 −1.86 255.06 254.61 253.05 0.
vrpnc07_2 322.02 43.82 322.02 315.28 308.49 5.21 2.49 0.00 319.73 307.66 292.26 8.64 −0.71 322.02 313.46 298.61 8.
vrpnc07_3 369.07 1453.24 370.12 364.14 360.29 3.11 3.05 0.28 365.99 355.78 343.74 7.05 −0.83 366.81 358.43 347.7 6.
vrpnc08_1 391.72 157.24 392.61 390.49 385.25 2.14 8.45 0.23 391.72 390.59 381.67 2.98 0.00 391.72 379.44 368.96 6.
vrpnc08_2 410.15 2305.97 412.56 412.56 412.56 0 6.27 0.58 410.81 409.13 406.91 1.45 0.16 410.81 407.14 404.21 2.
vrpnc08_3 329.8 3082.78 329.8 322.8 318.19 3.32 2.93 0.00 329.8 327.47 321.64 2.89 0.00 329.8 314.32 297.05 13
vrpnc09_1 382.38 1483.91 384.21 380.19 377.19 2.43 5.66 0.48 381.79 380.07 375.39 2.3 −0.15 384.21 375.54 361.81 7.
vrpnc09_2 305.86 155.15 305.86 301.54 296.17 3.35 2.72 0.00 305.86 305.42 301.47 1.32 0.00 305.86 297.99 291.14 6.
vrpnc09_3 446.27 1258.53 449.3 445.43 440.13 5.03 3.79 0.67 449.82 446.65 441.19 2.65 0.80 449.82 446.72 442.22 2.
vrpnc10_1 432.09 3584.57 433.95 433.95 433.95 0 4.53 0.43 433.95 433.82 433.59 0.16 0.43 433.95 428.28 411.45 8.
vrpnc10_2 362.71 2866.4 362.71 360.16 355.71 2.24 3.57 0.00 362.71 362.71 362.71 0 0.00 362.71 353.77 345.84 4.
vrpnc10_3 466.87 223.04 466.87 466.87 466.87 0 3.94 0.00 466.87 466.67 465.66 0.42 0.00 466.87 463.43 452.49 4.
vrpnc11_1 1169.26 32057.9 1170.87 1165.43 1158.19 3.38 7.93 0.14 1169.26 1163.11 1156.41 4.64 0.00 1169.26 1164.32 1156.41 6.
vrpnc11_2 1283.02 18476 1292.87 1290.15 1273.59 2.11 4.03 0.76 1292.87 1288.4 1281.45 4.39 0.77 1292.87 1281.8 1266.47 10
vrpnc11_3 1288.19 10263.5 1287.82 1274.38 1269.53 4.86 5.97 −0.03 1271.28 1269.7 1269.53 0.53 −1.31 1269.53 1269.53 1269.53 0
vrpnc12_1 447.83 2846.99 447.83 440.15 432.55 3.51 4.29 0.00 447.22 445.96 445 0.64 −0.14 447.22 438.57 428.11 5.
vrpnc12_2 408.25 253.2 408.25 408.25 408.25 0 3.78 0.00 408.25 406.08 402.63 2.01 0.00 405.75 399.42 387.22 5.
vrpnc12_3 401.86 1807.97 401.86 398.62 393.18 4.41 6.8 0.00 400.55 394.56 384.24 6.03 −0.33 403.31 393.88 381.41 7.
vrpnc13_1 1352.09 17925.6 1358.17 1358.17 1358.17 0 5.39 0.45 1358.17 1358.17 1358.17 0 0.45 1358.17 1358.17 1358.17 0
vrpnc13_2 1571.49 21032.8 1571.49 1570.14 1569.21 0.29 3.88 0.00 1571.49 1571.49 1571.49 0 0.00 1571.49 1570.85 1566.39 1.
vrpnc13_3 1486.78 12433.9 1514.32 1512.23 1510.18 1.14 5.07 1.82 1514.32 1514.32 1514.32 0 1.85 1514.32 1511.88 1504.18 4.
vrpnc14_1 459.7 93.65 459.04 451.06 447.63 2.97 4.63 −0.14 450.92 443.57 431.68 5.69 −1.91 449.47 439.22 429.45 6.
vrpnc14_2 560.59 1701.43 560.59 560.59 560.59 0 3.67 0.00 557.61 556.6 551.13 1.83 −0.53 558.39 557.14 555.01 0.
vrpnc14_3 479.26 1786.71 480.33 477.73 472.19 2.43 6.28 0.22 480.33 475.3 468.07 3.59 0.22 480.33 473.28 468.29 3.
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d Gap(%) Opt Ave Worst Std Gap(%)

84 0.00 740.54 712.29 655.87 21.37 0.00
09 −0.31 701.11 680.56 631.66 18.40 −1.80
23 0.00 722.6 711.33 680.63 10.60 0.00
17 −0.43 638.17 621.01 598.92 10.86 −0.27
1 −0.27 707.59 683.27 657.17 12.27 0.00
64 0.35 777.35 748.95 713.72 16.43 0.35
24 0.30 744.52 713.39 655.40 23.04 0.30
47 0.00 989.75 969.40 946.14 13.42 −1.57
8 −0.71 693.38 672.10 644.96 12.95 −1.55
55 0.22 800.80 794.19 774.79 8.10 0.06
01 0.00 729.22 708.73 669.71 17.73 0.00
.39 0.00 659.95 623.36 599.55 16.99 −1.00
58 1.24 711.27 696.78 664.67 9.27 0.00
6 0.00 711.76 699.97 684.69 8.91 0.00
74 0.04 781.47 725.24 701.08 25.83 0.04
19 −0.01 792.70 769.36 733.75 16.80 −1.01
53 −0.61 769.89 753.16 709.72 14.52 −0.38
.7 −0.64 734.51 707.33 678.64 13.75 −0.30
.73 0.00 684.18 637.19 601.53 17.64 0.00
45 0.00 741.76 717.88 677.75 13.78 −0.68
9 1.31 777.28 763.42 703.44 17.76 −1.26
6 0.00 839.17 802.60 772.38 21.61 0.00
1 0.00 731.73 725.81 699.25 9.75 −3.78
23 −0.07 688.7 675.54 658.62 9.25 0.15
74 0.00 787.03 761.35 720.71 15.75 −0.18
4 0.00 719.06 707.45 695.13 7.71 0.00
33 0.80 789.68 779.18 760.00 8.49 −4.80
4 0.96 807.91 792.61 754.15 11.99 −0.10
74 0.00 721.97 705.26 687.18 9.00 0.00
8 0.00 827.42 809.32 783.32 14.08 −0.67
4 0.20 2180.98 2130.85 2082.01 31.86 0.66
22 0.85 2217.43 2176.86 2144.21 17.72 −0.05
13 0.00 2531.18 2460.49 2428.20 30.58 −0.06
23 −0.13 884.48 872.31 848.27 11.45 0.00
12 0.00 873.59 842.72 813.09 14.19 −0.53
34 0.10 849.58 825.12 783.50 18.18 −0.35

1.05 2305.6 2268.77 2219.21 30.31 1.05
0.43 2576.85 2490.66 2432.91 38.20 0.27

31 0.51 2639.90 2607.42 2574.52 23.19 0.50
8 −0.04 899.22 885.68 857.64 10.23 −0.73
.05 0.25 943.99 923.45 889.85 16.83 0.25
26 0.78 950.7 932.68 848.84 20.62 0.78

14
Table 6
Compared results for the first data set (instances with 35 customers, 3 zones and high threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01_1 740.54 350.33 740.54 733.19 726.32 4.29 4.19 0.00 740.54 735.32 718.25 7.07 0.00 740.54 726.55 711.35 9.
vrpnc01_2 713.97 16.78 713.97 710.21 705.36 4.33 8.27 0.00 711.75 708.31 701.08 4.1 −0.31 711.75 698.64 685.03 9.
vrpnc01_3 722.6 22.6 722.6 721.63 720.88 1.12 4.36 0.00 722.6 722.26 719.17 1.03 0.00 722.6 720.42 717.58 2.
vrpnc02_1 639.9 1119.36 639.9 635.52 630.12 3.32 4.9 0.00 637.26 631.01 622.72 4.27 −0.41 637.15 624.72 617.48 6.
vrpnc02_2 707.59 202.97 710.53 705.32 701.19 3.11 9.48 0.41 700.68 696.93 694.03 2.32 −0.98 705.67 690.21 671.98 9.
vrpnc02_3 774.61 171.4 777.35 771.54 765.32 2.92 4.35 0.35 773.87 767.15 760.46 4.78 −0.10 777.35 765.52 747.83 8.
vrpnc03_1 742.28 4241.47 744.52 744.52 744.52 0 5.87 0.30 744.52 744.51 744.43 0.03 0.30 744.52 738 725.32 7.
vrpnc03_2 1005.49 6968.16 1005.49 1002.59 998.82 2.39 10.5 0.00 1005.49 1005.49 1005.49 0 0.00 1005.49 999.3 988 6.
vrpnc03_3 704.3 8424.42 704.3 702.58 700.32 1.29 4.64 0.00 704.3 702.68 698.01 2.49 0.00 699.3 694.22 681.77 5.
vrpnc04_1 800.3 3795.29 802.03 802.03 802.03 0 5.8 0.22 802.03 800.76 800.3 0.66 0.22 802.03 796.61 787.02 5.
vrpnc04_2 729.22 3297.15 729.22 727.36 723.32 2.32 8.54 0.00 729.22 728.7 726.64 1.03 0.00 729.22 724.47 704.65 8.
vrpnc04_3 666.6 33.67 666.6 666.6 666.6 0 5.2 0.00 666.6 666.33 664.18 0.72 0.00 666.6 651.81 637.12 10
vrpnc05_1 711.27 1580.42 727.31 721.43 716.42 5.32 7.47 2.21 711.27 708.16 706.26 2.1 0.00 720.07 706.53 699.12 5.
vrpnc05_2 711.76 1112.21 711.76 711.76 711.76 0 4.78 0.00 711.76 711.76 711.76 0 0.00 711.76 701.16 683.97 9.
vrpnc05_3 781.19 195.17 781.47 780.29 779.32 0.52 5.26 0.04 781.47 781.47 781.47 0 0.04 781.47 778.14 768.59 4.
vrpnc06_1 800.76 1842.19 812.35 809.43 805.49 2.54 13.2 1.43 806.55 803.64 800.25 1.85 0.72 800.64 791.15 781.09 7.
vrpnc06_2 772.86 187.65 772.86 772.86 772.86 0 5.66 0.00 770.23 769.53 766 1.2 −0.34 768.13 760.58 741.18 8.
vrpnc06_3 736.75 43.68 736.75 733.15 730.15 1.83 4.8 0.00 734.51 727.32 717.38 5.9 −0.30 732.05 716.41 696.32 12
vrpnc07_1 684.18 1281 684.18 681.26 679.33 1.28 3.65 0.00 684.18 666.68 651.79 8.47 0.00 684.18 677.07 643.62 13
vrpnc07_2 746.84 127.6 746.84 741.23 735.38 3.32 4.63 0.00 739.97 732.78 725.11 4.71 −0.92 746.84 731.85 726.04 7.
vrpnc07_3 787.2 841.32 801.1 799.32 790.14 5.48 11.31 1.74 788 785.81 782.32 1.46 0.10 797.55 782.37 773.86 7.
vrpnc08_1 839.17 1103.3 839.17 839.17 839.17 0 5.03 0.00 839.17 839.06 838.34 0.26 0.00 839.17 835.19 827.35 4.
vrpnc08_2 760.44 1085.31 762.32 760.4 755.21 2.93 6.77 0.25 760.44 759.63 757.53 1.06 0.00 760.44 757.64 753.9 2.
vrpnc08_3 687.66 398.31 688.7 681.34 674.35 4.25 4.18 0.15 688.7 686 678.81 3.22 0.15 688.7 681.28 669.37 6.
vrpnc09_1 788.42 406.78 788.42 788.42 788.42 0 5.39 0.00 788.42 787.87 782.94 1.64 0.00 788.42 777 763.15 8.
vrpnc09_2 719.06 5378.51 719.06 719.06 719.06 0 4.88 0.00 719.06 718.86 717.94 0.39 0.00 719.06 711.65 696.89 7.
vrpnc09_3 829.52 1271.45 836.13 833.25 830.09 1.82 5.59 0.79 836.13 835.33 834.31 0.81 0.80 836.13 824.96 812.99 8.
vrpnc10_1 808.72 1549.44 816.49 815.32 813.25 1.27 3.81 0.95 816.49 816.49 816.49 0 0.96 816.49 810.42 804.1 5.
vrpnc10_2 721.97 5127.01 722.06 722.06 722.06 0 7.65 0.01 721.97 721.97 721.97 0 0.00 721.97 716.65 698.09 7.
vrpnc10_3 833.03 48.29 833.03 832.14 831.58 0.88 12.37 0.00 833.03 831.21 827.49 2.25 0.00 833.03 827.81 820.12 3.
vrpnc11_1 2166.7 23351.2 2186.79 2177.35 2171.1 5.53 7.61 0.92 2171.1 2171.1 2171.1 0 0.20 2171.1 2169.29 2168.2 1.
vrpnc11_2 2218.43 17303.3 2238.07 2235.59 2231.32 2.29 11.62 0.88 2237.22 2232.22 2227.06 4.14 0.85 2237.22 2231.55 2214.92 8.
vrpnc11_3 2532.6 8717.39 2540.52 2538.17 2532.36 3.39 13 0.31 2532.6 2532.47 2531.28 0.4 0.00 2532.6 2531.82 2529.86 1.
vrpnc12_1 884.48 1425.32 887.85 887.85 887.85 0 5.53 0.38 884.48 883.23 881.57 1.02 0.00 883.31 880.87 875.65 3.
vrpnc12_2 878.24 210.32 878.24 872.31 868.63 2.99 9.3 0.00 878.01 874.78 871.48 2.47 −0.03 878.24 868.53 857.76 6.
vrpnc12_3 852.6 2314.27 853.65 850.36 847.71 0 5.16 0.12 850.38 846.7 837.37 4.07 −0.26 853.48 845.36 831.97 6.
vrpnc13_1 2281.62 9593.58 2314.67 2309.98 2305.32 2.19 6.67 1.43 2305.6 2305.6 2305.6 0 1.05 2305.6 2305.6 2305.6 0
vrpnc13_2 2569.87 18439.9 2580.98 2580.98 2580.98 0 10.7 0.43 2580.98 2580.98 2580.98 0 0.43 2580.98 2580.98 2580.98 0
vrpnc13_3 2626.87 14726.9 2640.17 2640.17 2640.17 0 11.74 0.50 2640.17 2639.79 2638.71 0.41 0.51 2640.17 2637.22 2629.82 4.
vrpnc14_1 905.87 172.54 910.42 905.33 901.25 3.21 4.17 0.50 906.27 904.23 899.22 2.64 0.04 905.53 904.91 903.53 0.
vrpnc14_2 941.62 157.43 943.99 943.99 943.99 0 8.74 0.25 943.99 943.99 943.99 0 0.25 943.99 937.99 912.45 11
vrpnc14_3 943.35 1242.47 960.23 954.36 951.62 4.47 11.38 1.76 950.7 946.12 943.26 2.09 0.78 950.7 946.18 937.17 5.
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Fig. 9. Compared average gaps in terms of three data sets.
Fig. 10. Compared average gaps in terms of different threshold profiles.
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In Tables 4–7, we observe that hybrid ALNS strongly outperforms
he method of Afsar et al. (2021) in terms of the first data set since
his algorithm finds existing or better benchmarks for almost all the
nstances in this data set. ALNS and VNS also show competitive per-
ormance compared with the method of Afsar et al. (2021), but their
esults are worse than those of hybrid ALNS. However, the results of
A are not that good in comparison with benchmarks.

Tables 8–15 show that the performance of hybrid ALNS is also
fficient for the second and third data sets. Out of total 304 instances in
hese two data sets, hybrid ALNS obtains 199 (65.46%) best solutions
ompared with other algorithms and benchmarks. Moreover, hybrid
LNS can significantly improve the benchmarks for some instances;

or example, hybrid ALNS improves the benchmarks by 5.13% for the
nstance vrpnc07_2 with low threshold in the first data set. Although
ybrid ALNS cannot find the existing benchmarks for some instances,
he gap between the best solution of hybrid ALNS and the benchmark
s always larger than −4%. However, ALNS, VNS, SA are powerless
o solve these instances efficiently, as they only find the best solution
or 61 (20.07%), 72 (2.68%), 58(19.08%) instances out of total 304
nstances.

It is observed from Tables 4–15 that the feasible solutions for some
nstances (such as the instance vrpnc11_2 with low threshold profiles,
nd the instances vrpnc2_3 and vrpnc11_3 with random threshold
rofiles in the first data set.) cannot be found by Afsar et al. (2021) in a
easonable time (10 000 s), and the benchmarks for these instances are
arked with ‘‘—’’. However, the proposed algorithms can solve these

nstances with short times, and the solution results also further prove
he best performance of hybrid ALNS in solving VRPZ.

Table 16 summarizes the average results obtained by the proposed
lgorithms and benchmarks for 12 instance sets. The first column in
able 16 represents the label of the instance category. For example, (35,
, low) indicates the instance category with 35 customers, 3 zones and
ow threshold. According to the average value of ‘‘Opt’’ in Table 16, the
15
optimal solutions found by hybrid ALNS are better than the benchmarks
in terms of 11 instance categories (especially for the instance category
(35, 3, low)), and only slightly worse (gap =−0.26%) than those for
instances with 50 customers, 5 zones, and random threshold. The
optimal solutions found by ALNS and VNS are better than benchmarks
for all the instance sets with 35 customers, 3 zones, and partial sets with
50 customers, 3 zones. However, ALNS and VNS are more inefficient
than the method of Afsar et al. (2021) for the instance sets with 50
ustomers, 5 zones. SA is inefficient for all the instance sets.

Table 16 also highlights that hybrid ALNS is more stable than the
ther two algorithms since the ‘‘std’’ of hybrid ALNS is smaller than
hose of ALNS and VNS, and the largest ‘‘std’’ is 8.21, which is not that
arge.

In addition, Table 16 further reveals that hybrid ALNS is more
ffective than the approach of Afsar et al. (2021) as the run times can

be dramatically reduced when hybrid ALNS is applied. For example,
the average computational time consumed by hybrid ALNS for the
instance set (35, 3, low) is 5.27s, while the corresponding average run
time of Afsar et al. (2021) equals 6173.56s, and hybrid ALNS is thus
more than 1000 times faster than the method of Afsar et al. (2021) for
this instance category. Even if the run time of hybrid ALNS increases
with the customers and zones, hybrid ALNS is also nearly 100 times
more effective than the benchmark times in the worst case. Moreover,
as Afsar et al. (2021) tested their algorithm on a PC with 128 GB RAM
and we run our hybrid ALNS on a 8 GB RAM processor, the actual
running time gap will be larger if the same hardware and software
environments are provided.

Figs. 9–10 record the average gap of the proposed algorithms and
benchmarks in terms of different data sets and threshold profiles,
respectively. Fig. 9 shows that the benchmarks are improved by hybrid
ALNS for all the instance sets, especially for the first data set. ALNS can
only find the better benchmarks for the first data set, and VNS improves
the benchmarks for the first and second data sets. As can be
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SA

Gap(%) Opt Ave Worst Std Gap(%)

4 0.27 447.66 426.46 393.24 13.54 0.27
3 −0.66 356.91 334.04 297.31 15.37 0.00
9 0.00 400.72 366.93 340.12 17.53 0.00
1 0.00 426.68 386.27 360.66 15.44 −0.44
9 0.00 305.87 224.73 179.27 35.35 −2.37
2 – 313.02 270.20 202.07 30.33 –

0.03 377.31 363.43 318.89 14.94 −6.20
9 0.00 495.71 483.68 476.37 6.63 −2.42
5 0.00 372.25 345.15 306.37 14.70 −2.28
3 −0.18 365.71 345.10 308.39 12.73 −6.17
9 0.00 495.52 471.35 456.51 9.84 0.00
8 1.28 413.41 385.00 348.41 21.92 −0.42
5 −0.05 390.13 376.60 346.78 11.86 −4.07
2 −2.48 352.89 314.82 249.30 26.52 0.00
3 0.00 579.68 564.57 547.70 8.37 −1.41
2 −0.31 369.05 315.64 271.13 25.58 −6.38

−0.66 461.42 402.21 358.05 29.61 −3.10
4 0.00 453.31 381.57 355.76 23.27 −0.11
3 0.08 473.15 396.01 269.87 69.14 0.08
4 0.00 313.35 291.79 226.94 16.38 −1.02
8 0.00 401.36 360.65 307.16 27.51 0.00
3 0.00 438.56 427.54 392.70 10.38 −7.22
3 0.00 379.94 339.02 314.94 15.10 −5.86
9 0.00 321.26 265.13 229.01 26.72 −19.58
68 0.00 450.81 425.00 395.94 12.85 −0.33

0.00 384.83 373.16 354.39 8.05 −5.97
3 0.00 317.85 279.58 212.36 22.94 −3.17
4 0.00 356.5 338.14 307.13 16.43 0.00
3 0.00 434.35 417.67 386.39 11.56 −8.43
5 0.00 398.09 372.08 350.30 14.93 −2.73
4 0.08 1097.89 996.46 946.00 35.93 −2.04
6 0.08 1470.55 1426.36 1344.32 37.35 −0.25

– 1448.07 1393.99 1364.88 23.70 –
52 0.00 539.58 512.75 446.49 23.11 0.00
1 −0.08 552.7 539.04 507.15 12.22 −0.10
4 −0.15 465.08 456.73 438.50 6.84 −2.67
2 0.80 1560.33 1253.12 1141.07 106.93 0.94
1 0.34 941.02 901.39 822.59 39.06 0.34
6 0.77 1332.65 1298.34 1252.64 26.48 0.77
6 0.00 522.68 407.86 329.35 61.27 −2.13
1 −3.10 562.82 529.19 495.01 17.30 −3.51
2 0.00 474.37 414.36 293.66 57.21 −0.61

16
Table 7
Compared results for the first data set (instances with 35 customers, 3 zones and random threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst Std

vrpnc01_1 446.45 1098.46 449.05 444.92 441.32 2.17 4.92 0.58 447.66 441.92 433.63 4.18 0.27 447.66 436.05 426.34 7.6
vrpnc01_2 356.91 18.07 356.91 351.92 344.18 3.32 4.06 0.00 355.41 353.47 349.45 1.77 −0.42 354.57 349.33 336.38 6.7
vrpnc01_3 400.72 21.9 400.72 398.52 392.25 3.51 7.19 0.00 400.72 396.14 386.49 5.7 0.00 400.72 388.12 379.67 6.7
vrpnc02_1 428.56 57.63 428.56 428.56 428.56 0 3.6 0.00 428.56 426.65 418.83 2.96 0.00 428.56 422.57 417.83 3.5
vrpnc02_2 313.28 15.46 313.28 311.25 304.71 2.93 4.12 0.00 308.88 302.94 298.72 3.64 −1.40 313.28 300.7 287.05 7.9
vrpnc02_3 – – 313.06 312.48 307.53 1.65 6.56 – 313.06 310.92 304.64 2.94 – 313.06 310.81 307.04 2.4
vrpnc03_1 402.25 233.73 403.28 400.28 394.36 2.29 3.78 0.26 403.28 401.47 388.8 4.3 0.26 402.39 387.76 380.5 6.7
vrpnc03_2 507.99 513.95 507.99 505.32 503.26 2.21 4.08 0.00 507.99 507.1 499.12 2.66 0.00 507.99 505.18 490.37 5.7
vrpnc03_3 380.94 37.64 380.94 380.94 380.94 0 4.74 0.00 380.94 380.84 379.9 0.31 0.00 380.94 375.25 365.33 6.7
vrpnc04_1 389.77 1059.94 389.77 388.25 386.17 1.14 4.06 0.00 389.08 385.69 382.79 2.45 −0.18 389.08 382.78 376.37 5.1
vrpnc04_2 495.52 63.17 495.52 491.82 485.22 2.96 3.86 0.00 495.52 484.45 470.27 7.65 0.00 495.52 480.55 470.98 6.9
vrpnc04_3 415.16 1582.18 420.46 418.83 415.32 2.21 3.85 1.26 420.46 416.44 411.25 4.18 1.28 420.46 407.31 396.65 8.6
vrpnc05_1 406.67 1151.02 406.67 404.58 401.25 1.84 4.03 0.00 406.67 403.64 398.63 2.62 0.00 406.67 401.98 390.13 5.1
vrpnc05_2 352.89 336.34 352.89 350.21 346.74 1.94 4.17 0.00 352.89 335.49 329.76 6.5 0.00 344.15 333.65 327.65 5.4
vrpnc05_3 587.95 11.85 587.95 586.69 585.42 1.83 4.36 0.14 587.95 586.27 582.01 1.82 0.00 587.95 571.8 567.66 3.0
vrpnc06_1 394.18 818.51 394.18 394.18 394.18 0 4.39 0.00 394.18 392.89 389.9 1.11 0.00 392.94 390.28 388.15 1.8
vrpnc06_2 476.19 151.34 476.19 475.03 470.81 3.3 4.1 0.00 475.59 473.17 468.53 2.55 −0.13 473.06 464.12 453.22 6.7
vrpnc06_3 453.83 312.22 453.83 449.26 441.23 5.03 4.47 0.00 453.83 445.69 430.77 6.79 0.00 453.83 445.66 439.64 3.8
vrpnc07_1 472.76 554.48 473.15 468.25 466.32 3.17 4.03 0.08 473.15 465.14 460.18 4.23 0.08 473.15 467.11 452.53 6.6
vrpnc07_2 316.59 369.95 316.59 316.25 315.05 0.39 3.77 0.00 314.75 308.59 301.74 4.97 −0.58 316.59 307.86 290.46 8.6
vrpnc07_3 401.36 1653.68 401.36 399.32 394.28 2.26 5.8 0.00 398.89 390.56 381.12 5.26 −0.62 401.36 390.72 383.41 5.9
vrpnc08_1 472.71 770.77 472.71 472.71 472.71 0 4.58 0.00 472.71 471.95 465.17 2.26 0.00 472.71 468.19 460.44 4.0
vrpnc08_2 403.6 80.59 403.6 395.26 390.7 5.42 9.33 0.00 403.6 397.62 382.6 6.65 0.00 403.6 393.09 385.14 6.9
vrpnc08_3 399.5 5.6 399.5 399.5 399.5 0 3.74 0.00 399.5 399.36 398.03 0.44 0.00 399.5 396.8 392.29 3.4
vrpnc09_1 452.3 1095.97 452.3 451.92 451.25 0.24 4.57 0.00 452.3 451.57 445.06 2.17 0.00 452.3 441.32 426.56 10.
vrpnc09_2 409.25 49.36 409.25 405.32 399.12 4.11 9.82 0.00 409.25 404.67 393.8 6.36 0.00 409.25 397.94 385.94 5.2
vrpnc09_3 328.24 321.99 328.6 328.6 328.6 0 3.2 0.11 328.6 328.26 328.01 0.19 0.11 328.24 316.89 305.09 8.0
vrpnc10_1 356.5 170.03 356.5 354.28 350.12 2.1 4.61 0.00 354.05 353.33 353.15 0.36 −0.69 356.5 347.95 334.36 7.9
vrpnc10_2 474.33 1177.25 474.33 474.21 472.54 0.46 4.55 0.00 474.33 474 471.01 0.99 0.00 474.33 471.76 466.73 2.4
vrpnc10_3 409.28 85.86 409.28 408.32 405.83 1.15 4.23 0.00 409.28 403.2 392.96 6.55 0.00 409.28 389.64 379.41 9.0
vrpnc11_1 1120.73 178.27 1121.61 1116.32 1114.28 2.28 4.95 0.08 1115.86 1100.52 1085.81 7.76 −0.43 1121.61 1109.23 1096.6 6.8
vrpnc11_2 1474.23 21636.14 1475.46 1472.83 1466.7 3.58 5.3 0.08 1475.32 1465.3 1453.08 7.13 0.07 1475.46 1463.86 1445.38 9.0
vrpnc11_3 – – 1576.01 1574.82 1570.93 2.29 5.25 – 1574.33 1572.91 1571.58 1.18 – 1573.26 1567.24 1553.24 5.9
vrpnc12_1 539.58 280.2 539.58 539.58 539.58 0 8.89 0.00 537.58 532.4 524.52 4.28 −0.37 539.58 520.35 497.49 12.
vrpnc12_2 553.26 905.96 553.26 553.26 553.26 0 5.46 0.00 553.04 552.33 551.47 0.43 −0.04 552.79 548.19 538.15 4.7
vrpnc12_3 477.85 541.51 478.06 477.23 476.58 1.08 4.04 0.04 477.13 476.59 471.8 1.6 −0.15 477.13 462.03 454.86 6.2
vrpnc13_1 1545.8 12267.32 1556.95 1552.42 1495.72 0.83 6.09 0.72 1554.68 1550.24 1548.83 1.8 0.57 1558.18 1545.81 1527.62 8.2
vrpnc13_2 937.81 1765.93 941.02 941.02 941.02 0 4.78 0.34 941.02 941.02 941.02 0 0.34 941.02 933.09 924.35 6.2
vrpnc13_3 1322.47 31848.32 1338.52 1335.29 1228.29 4.58 5.13 1.20 1332.65 1328.71 1324.57 2.49 0.77 1332.65 1324.52 1310.9 7.2
vrpnc14_1 534.05 128.34 534.05 531.24 524.91 4.18 4.01 0.00 534.05 528.94 518.02 5.06 0.00 534.05 528.53 518.02 5.7
vrpnc14_2 583.3 27.91 583.3 579.55 571.83 3.27 4.02 0.00 583.3 572.05 565.21 6.61 0.00 565.21 555.71 544.06 7.5
vrpnc14_3 477.27 14.53 477.27 476.91 470.43 3.16 3.89 0.00 477.27 470.48 461.36 5.91 0.00 477.27 462.45 453.58 6.5
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43 0.02 289.96 268.45 220.94 14.46 −2.09
29 −4.57 296.18 264.35 216.13 20.53 −9.85
25 −2.40 236.41 205.11 156.33 20.49 −4.85
61 3.52 251.84 217.63 115.94 26.45 −2.17
5 0.00 385.74 363.3 306.01 18.57 −0.31
69 0.00 351.23 324.89 289.44 14.56 −1.59
69 0.27 332.93 302.19 245.74 23.11 0.00
78 −0.86 350.89 327.27 239.96 22.91 0.00
62 −0.08 297.66 271.96 247.12 13.34 −0.16
08 0.19 319.11 292.35 240.64 14.08 −1.38
75 5.32 341.44 309.51 259.85 18.6 1.48
23 0.13 323.07 294.53 261.24 16.6 −9.41
09 0.00 417.48 309.4 273.11 24.11 −1.45
18 −1.65 305.01 269.63 223.44 21.14 −1.86
83 −0.26 325.78 297.42 257.13 17.61 −2.49
89 −1.12 299.84 271.16 230.56 17.45 −3.93
46 −4.15 248.07 211.93 163.8 20.39 −5.86
92 0.00 333.32 304.9 269.21 15.51 −6.67
63 0.00 319.9 294.74 242.3 23.73 0.00
37 2.74 306.66 285.12 259.48 12.25 3.21
68 1.69 406.39 387.07 336.88 15.32 −0.04
92 −0.53 376.65 352.24 304.07 16.33 0.02
19 −0.58 323.38 281.48 249.33 19.67 0.32
87 −2.33 284.5 251.13 199.87 24.06 −2.61
4 −1.22 323.49 288.83 246.07 19.46 −2.77
24 −0.08 312.39 289.44 252.11 17.42 0.00
37 1.49 1220.58 1154.1 1072.68 43.31 2.15
.8 2.51 1063.71 1027.98 931.44 32.2 2.40
71 1.89 1054.01 1035.55 992.84 13.24 2.35
62 2.38 328.46 295.37 245.29 19.89 −0.26
39 −0.85 527.69 501.6 447.44 23.11 −0.30
75 −3.27 465.63 418.38 339.04 26.77 −0.69
18 1.82 1527.44 1501.52 1483.48 12.04 2.23
37 – 1509.66 1473.53 1448.53 21.74 –
.79 0.35 1137.93 1094.07 1044.27 26.19 −2.55
59 −2.88 376.17 337.77 246.74 36.6 0.41
58 −1.90 432.15 397.9 354.81 21.63 −1.81
49 0.00 343.22 302.37 238.19 28.7 −1.35
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Table 8
Compared results for the second data set (instances with 50 customers, 3 zones and low threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 296.16 2805.05 302.28 295.24 291.32 3.57 23.8 2.02 295.97 288.83 285.3 3.35 −0.06 296.22 293.13 292.35 1.
vrpnc02_1 328.55 2569.61 324.36 312.33 302.06 6.98 26.54 −1.29 314.31 303.24 287.83 7.6 −4.33 313.52 303.59 296.91 7.
vrpnc02_2 248.47 2965.47 245.84 236.62 222.42 7.92 21.46 −1.07 237.76 219.27 210.25 5.17 −4.31 242.51 238.45 234.76 2.
vrpnc02_3 257.43 1618.86 268.26 255.93 249.63 5.94 24.76 4.04 263.86 240.32 205.32 13.74 2.50 266.49 251.43 246.28 6.
vrpnc03_1 386.94 4084.86 386.94 384.28 382.61 2.58 33.27 0.00 386.94 385.51 380.45 2.32 0.00 386.94 376.3 363.74 8.
vrpnc03_2 356.91 8353.51 356.91 356.91 356.91 0 21.74 0.00 356.91 355.76 351.04 1.79 0.00 356.91 350.63 329.57 8.
vrpnc03_3 332.93 1968.22 335.25 330.15 324.91 3.32 39.43 0.69 334.81 328.99 320.54 4.89 0.56 333.82 325.47 312.71 7.
vrpnc04_1 350.89 6263.46 352.2 345.82 338.95 4.42 54.36 0.37 349.62 343.55 328.49 6.24 −0.36 347.87 335.8 319.45 7.
vrpnc04_2 298.13 6379.79 299.43 295.66 288.73 3.41 34.2 0.43 297.65 292.2 283.35 4.29 −0.16 297.89 292.31 283.07 4.
vrpnc04_3 323.57 4029.31 331.32 330.18 326.27 1.85 34.33 2.34 324.19 324.19 324.17 0.01 0.19 324.19 320.61 315.8 3.
vrpnc05_1 336.47 5077.48 354.37 345.28 338.95 4.15 52.66 5.05 335.99 327.61 315.7 6.32 −0.14 354.37 340.51 327.35 8.
vrpnc05_2 356.64 5102.58 357.09 352.86 342.58 3.86 35.79 0.13 357.09 350.61 342.58 4.19 0.13 357.09 350.91 346.66 3.
vrpnc05_3 423.64 1664.83 423.64 423.64 423.64 0 37.92 0.00 422.41 421.48 419.74 0.75 −0.29 423.64 411.68 402.88 5.
vrpnc06 310.78 1498.92 307.79 294.27 284.15 7.33 29.07 −0.97 302.07 290.68 270.05 9.34 −2.80 305.65 294.17 285.32 4.
vrpnc07_1 334.11 3024.01 333.25 328.2 318.81 5.31 45.05 −0.26 326.9 317.63 299.03 8.23 −2.16 333.25 330.18 321.5 2.
vrpnc07_2 312.09 3974.87 313.62 305.18 297.43 4.14 32.26 0.49 310.46 297.35 277.93 9.24 −0.52 308.59 297.45 288.05 5.
vrpnc07_3 263.52 1556.57 259.12 250.25 246.9 3.57 28.92 −1.70 251.03 240.39 233.25 5.92 −4.74 252.58 245.33 239.82 5.
vrpnc08_1 357.13 339.61 357.13 338.9 329.94 6.16 31.48 0.00 351.77 337.93 330.06 5.91 −1.50 357.13 349.27 336.22 7.
vrpnc08_2 319.9 3111.04 319.9 313.86 304.25 5.43 40.95 0.00 318.96 313.91 299.77 6.03 −0.29 319.9 309.51 301.56 7.
vrpnc08_3 297.11 2274.14 309.84 300.73 294.32 5.76 29.94 4.11 307.8 297.33 287.01 6.91 3.60 305.25 299.53 290.14 3.
vrpnc09_1 406.57 3607.95 422.91 415.93 408.22 3.11 44.93 3.86 418.15 402.39 395.37 3.07 2.85 413.43 400.17 387.42 6.
vrpnc09_2 376.57 6524.54 376.65 369.95 362.35 3.96 30.91 0.02 373.12 366.97 360.71 4.2 −0.92 374.56 364.44 353.15 8.
vrpnc09_3 322.36 1748.82 323.38 315.22 304.29 6.83 30.78 0.32 323.38 316.8 301.57 7.85 0.32 320.49 314.83 304.82 4.
vrpnc10_1 292.12 4250.31 292.12 283.94 274.95 4.96 57.5 0.00 281.5 278 273.62 2.15 −3.64 285.32 275.5 263.09 5.
vrpnc10_2 332.69 4608.67 332.69 325.14 318.92 3.87 50.52 0.00 327.52 316.9 300.48 7.68 −1.55 328.64 318.33 308.95 6.
vrpnc10_3 312.39 573.09 312.39 305.99 296.15 4.32 29.79 0.00 310.77 303.37 295.23 5.41 −0.52 312.15 306.39 293.17 6.
vrpnc11_1 1194.94 31839.3 1214.62 1206.2 1187.7 8.25 20.58 1.65 1210.24 1203.41 1194.1 5.92 1.28 1212.75 1201.22 1181.85 9.
vrpnc11_2 1038.74 18537.7 1071.01 1058.78 1048.01 7.4 55.81 3.11 1071.01 1047.41 1031.09 12.58 3.11 1064.8 1048.11 1028.35 10
vrpnc11_3 1029.81 26369.1 1064.12 1055.29 1048.56 3.76 36.8 3.22 1041.26 1031.49 1019.44 7.49 1.11 1049.29 1038.88 1015.11 9.
vrpnc12_1 329.31 4252.01 336.47 330.55 325.16 3.18 52.49 2.13 331.31 325.63 315.05 4.94 0.61 337.14 320.53 305.78 6.
vrpnc12_2 529.29 6480.76 529.29 521.93 514.73 4.43 34.22 0.00 529.29 526.41 517.51 4.06 0.00 524.81 517.23 504.33 6.
vrpnc12_3 468.88 8361.16 465.63 462.21 452.64 3.71 42.58 −0.70 455.27 448.55 427.49 9.53 −2.90 453.54 444.1 429.19 7.
vrpnc13_1 1494.17 75485.3 1524.31 1506.54 1495.34 6.47 75.85 1.98 1507.41 1495.36 1486.03 5.97 0.89 1521.41 1510.33 1490.85 7.
vrpnc13_2 – – 1525.09 1504.25 1483.29 8.51 63.85 – 1521.1 1486.4 1462.71 19.02 – 1518.11 1501.2 1486.48 8.
vrpnc13_3 1167.7 25049.5 1175.04 1149.8 1123.69 13.36 23.05 0.63 1175.13 1135.13 1113.58 16.39 0.64 1171.77 1152.71 1123.9 18
vrpnc14_1 374.62 5575.74 376.15 365.53 354.25 7.59 75.1 0.41 376.17 361.66 348.78 9.45 0.41 363.82 352.18 324.34 9.
vrpnc14_2 440.1 4683.28 435.23 433.3 428.08 2.09 37.64 −1.12 434.54 425.23 411.05 6.89 −1.26 431.72 422.45 415.24 3.
vrpnc14_3 347.92 4000.85 347.92 341.25 334.58 3.38 33.98 0.00 338.92 331.61 323.38 4.53 −2.59 347.92 339.29 330.16 5.
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.49 −0.42 494.32 474.08 454.12 11.12 −2.18

.61 −2.03 583.2 557.09 516.21 14.66 −4.33

.28 −2.57 498.49 450.04 387.62 32.92 −3.15

.63 −0.15 453.31 402.78 345.1 28.66 −0.23

.14 1.05 618.97 594.85 566.95 15.55 0.85

.57 −1.06 681.12 622.67 553.52 49.11 0.40

.02 −0.43 636.23 616.42 587.54 12.07 0.00

.24 0.14 600.69 564.38 519.14 17.92 −3.92

.69 0.08 601.38 571.8 524.13 19.62 −1.19

.32 −0.47 591.63 566.05 524.42 15.51 −0.65

.27 0.83 523.93 494.59 465.52 14.91 1.37

.77 −0.04 640 581.15 509.98 37.29 0.04

.31 −0.12 632.67 528.14 449.64 70.98 −4.34

.1 0.13 551.95 534.21 505.98 13.83 −0.84

.37 0.52 544.45 511.26 490.4 13.41 1.22

.93 −0.84 565.94 540.85 511.37 15.69 −0.21

.58 −2.44 442.62 386.48 348.73 21.57 −7.29

.32 2.13 569.91 545 527.5 10.77 1.08

.12 0.00 605.28 580.55 506.97 26.92 −0.09

.71 −0.24 533.03 499.26 462.47 16.92 −2.40

.8 2.18 660.69 639.98 604.38 14.3 2.06

.12 1.08 643.64 617.27 584.12 14.89 −0.08

.39 −0.46 557.16 524.35 476.37 20.26 −8.03

.19 0.00 488.98 444.22 404.02 28.51 −1.33

.23 0.20 514.96 484.66 461.8 14.87 0.33

.28 0.00 549.89 528.56 463.31 20.68 −0.63

.61 1.87 1717.88 1682.34 1568.25 40.3 2.31

.84 −1.35 1580.13 1540.74 1427.34 45.22 −0.45

.85 2.27 1563.81 1542.96 1510.09 19.33 2.10

.47 −1.51 632.4 584.15 526.79 23.82 0.00

.82 0.15 750.83 722.51 660.48 26.76 −4.15

.51 −0.37 699.77 667.98 626.11 18.36 −2.84

.82 −1.11 2093.62 2071.68 2052.06 10.06 1.08

.71 1.63 2108.27 2064.77 2035.26 21.54 0.83

.52 −0.15 1630.28 1582.03 1540.84 24.08 −1.49

.32 −0.42 680.98 654.91 605.34 19.38 −0.34

.43 −1.14 790.64 754.55 707.14 17.62 0.00

.81 0.47 627.58 594.63 534.42 20.31 −0.54
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Table 9
Compared results for the second data set (instances with 50 customers, 3 zones and medium threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst S

vrpnc01 505.35 2958.98 507.2 507.2 507.2 0 36.16 0.36 502.97 495.09 489.53 4.71 −0.47 503.21 492.34 480.21 5
vrpnc02_1 609.57 60.38 601.95 586.57 579.7 7.44 39.36 −1.27 592.56 578.66 567.8 7.74 −2.79 597.17 588.13 576.32 6
vrpnc02_2 514.68 1697.17 506.36 488.95 481.19 6.55 38.63 −1.64 498.78 478.83 466.4 7.84 −3.09 501.43 488.35 474.17 5
vrpnc02_3 454.35 1722.32 460.08 445.97 438.08 6.59 28.91 1.26 450.91 444.05 432.31 6.51 −0.76 453.65 442.18 435.32 5
vrpnc03_1 613.74 3734.37 620.16 620.16 620.16 0 40.54 1.04 620.16 620.16 620.16 0 1.05 620.16 618.47 617.75 1
vrpnc03_2 678.44 4224.25 678.44 668.53 659.21 5.03 33.09 0.00 676.17 668.46 661.16 4.14 −0.33 671.24 665.38 639.15 5
vrpnc03_3 636.23 4158.66 641.1 630.49 622.17 4.31 49.53 0.76 636.23 628.44 617.89 5.26 0.00 633.47 624.32 611.48 6
vrpnc04_1 625.2 3838.83 626.1 617.77 608.49 4.84 39.79 0.14 619.39 612.23 605.18 4.76 −0.93 626.1 622.14 614.83 3
vrpnc04_2 608.6 2986.48 609.07 607.47 604.71 1.48 15.44 0.08 609.07 608.39 606.02 0.83 0.08 609.07 606.55 602.47 2
vrpnc04_3 595.53 1211.45 595.53 593.57 586.8 3.38 14.79 0.00 595.53 592.1 580.79 4.2 0.00 592.73 585.46 578.16 3
vrpnc05_1 516.86 3741.39 521.17 515.58 505.71 4.49 34.06 0.83 517.42 510.14 495.09 6.11 0.11 521.17 520.16 516.43 2
vrpnc05_2 639.74 1048.78 639.74 633.68 627.95 3.1 44.73 0.00 639.47 632.59 622.86 5.7 −0.04 639.47 630.17 622.51 4
vrpnc05_3 661.34 2909.7 662.04 660.47 659.1 0.84 24.77 0.11 662.04 659.03 655.06 3.28 0.11 660.53 653.21 650.18 3
vrpnc06 556.6 2898.48 562.04 557.31 550.58 2.86 16.07 0.97 551.44 542.25 533.86 5.23 −0.93 557.32 543.25 537.64 4
vrpnc07_1 537.88 1517.39 548.99 542.59 533.59 3.39 38.22 2.02 536.12 525.81 512.55 6.86 −0.33 540.69 531.28 520.14 4
vrpnc07_2 567.13 1850.08 571.46 566.24 558.91 4.41 34.78 0.76 569.95 556.16 550.53 5.53 0.50 562.38 554.82 537.49 4
vrpnc07_3 477.4 1890.62 473.19 464.69 449.38 7.43 36.88 −0.84 466.53 455.5 445.97 7.06 −2.28 465.73 460.31 451.47 3
vrpnc08_1 563.82 4078.95 576.43 569.33 560.13 5.58 41.65 2.19 568.71 559.94 549.62 4.82 0.87 575.82 566.95 557.43 3
vrpnc08_2 605.81 1970.91 605.81 602.28 595.42 3.17 45 0.00 604.87 601.21 589.88 3.98 −0.16 605.81 602.43 598.46 2
vrpnc08_3 546.13 2554.86 547.24 539.39 533.26 4.92 26.25 0.20 542.77 536.25 532.95 2.53 −0.62 544.83 538.59 532.95 2
vrpnc09_1 647.37 9042.35 661.49 658.38 655.32 2.12 44.26 2.13 660.69 660 655.32 1.6 2.06 661.49 660.83 658.47 1
vrpnc09_2 644.18 6248.84 651.14 650.75 644.86 2.09 38.14 1.07 651.14 636.7 627.03 6.71 1.08 651.14 639.48 631.11 5
vrpnc09_3 605.81 2502.78 605.81 557.72 552.52 2.97 27.29 0.00 558.95 555.34 552.52 2.25 −0.23 557.69 552.31 543.25 3
vrpnc10_1 495.56 633.95 492.64 491.56 488.03 1.73 35.36 −0.59 495.56 492.17 486.11 2.55 0.00 495.56 493.15 490.58 1
vrpnc10_2 513.25 2122.59 514.99 507.36 500.88 3.37 38.1 0.34 506.62 501.87 495.72 3.96 −1.29 514.26 505.42 500.74 2
vrpnc10_3 553.35 1273.37 553.35 550.49 547.39 1.75 36.77 0.00 553.35 551.62 545.61 2.49 0.00 553.35 551.43 547.82 1
vrpnc11_1 1679.15 26712.8 1717.72 1703.29 1695.3 7.82 41.32 2.25 1706.51 1691 1678.38 10.48 1.63 1710.58 1695.43 1683.49 6
vrpnc11_2 1587.21 23205.5 1578.61 1570.36 1552.32 9.21 52.34 −0.54 1561.74 1541.93 1522.52 10.7 −1.60 1565.82 1556.35 1539.85 5
vrpnc11_3 1531.69 14222.5 1584.06 1568.29 1555.13 7.9 44.97 3.31 1560.68 1538.2 1514.24 14.61 1.89 1566.43 1548.85 1537.96 4
vrpnc12_1 632.4 1344.65 632.08 624.89 613.35 4.43 44.83 −0.05 624.61 610.38 601.55 6.92 −1.23 622.84 611.42 603.29 4
vrpnc12_2 783.33 1347.97 784.47 773.61 762.42 5.92 35.41 0.15 784.47 770.16 749.11 12.16 0.15 784.47 772.46 762.32 3
vrpnc12_3 720.22 696.89 720.22 701.93 692.3 4.86 35.43 0.00 715.65 699.2 688.04 7.68 −0.63 717.52 702.19 694.18 5
vrpnc13_1 2071.34 60475.5 2089.83 2077.29 2059.29 9.28 57.3 0.88 2053.7 2043.18 2027.27 6.81 −0.85 2048.32 2041.83 2025.48 4
vrpnc13_2 2090.93 92381.8 2124.99 2105.31 2094.39 5.53 53.53 1.60 2121.25 2098.4 2089.26 9.6 1.45 2124.99 2112.32 2103.76 4
vrpnc13_3 1654.89 21069.5 1658.06 1648.59 1634.76 9.63 57.93 0.19 1640.48 1627.21 1609.68 12.24 −0.87 1652.47 1627.82 1616.32 7
vrpnc14_1 683.29 3798.26 684.81 680.38 676.29 3.57 39.28 0.22 677.02 672.67 665.28 3.29 −0.92 680.43 665.32 641.25 9
vrpnc14_2 790.64 367.87 790.64 781.17 773.36 6.31 50.85 0.00 783.31 765.41 738.85 12 −0.93 781.59 763.29 742.26 9
vrpnc14_3 630.98 2700.19 633.93 627.38 617.79 4.76 35.3 0.47 633.87 624.11 614.15 7.37 0.46 633.93 626.54 615.32 5
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42 −1.11 1132.6 1113.65 1068.19 17.07 −1.07
18 −0.87 1159.84 1139.10 1117.37 14.55 0.10
59 −1.47 1062.72 1038.84 1007.18 14.27 −1.04
85 0.18 1026.17 985.49 957.45 16.92 −2.12
28 −0.29 1148.6 1121.61 1091.17 16.67 0.00
16 0.02 1214.86 1196.68 1177.42 12.36 −1.07
83 −0.05 1198.05 1163.05 1139.73 15.05 0.00
91 −0.23 1090.11 1061.84 1029.84 15.21 −0.97

0.04 1080.66 1055.06 1012.20 20.97 0.00
73 0.00 1142.27 1129.30 1111.31 9.03 −0.10
42 0.44 1087.02 1056.33 1001.44 18.74 0.31
24 −0.20 1053.22 983.41 923.83 30.12 −4.38
43 0.00 1091.06 1080.17 1059.73 8.42 −7.29
13 −0.25 1106.69 1060.77 1028.14 16.80 0.07
27 −0.08 1148.08 1114.80 1027.79 24.53 0.59
33 −0.28 1147.93 1074.55 1005.91 27.75 0.66
14 1.50 985.24 959.56 897.65 21.05 −1.14
45 0.15 1114.24 1101.31 1059.79 13.48 −0.40
26 0.39 1152.36 1152.36 1102.11 16.25 0.39
41 1.02 1132.4 1112.29 1082.41 13.08 1.16
39 0.59 1261.47 1227.16 1188.68 16.43 0.69

0.30 1257.21 1240.93 1200.70 14.73 0.15
53 −0.38 1086.96 1053.47 1018.00 15.46 −0.79
81 0.00 966.31 927.69 880.59 23.40 −1.11
56 −0.02 1081.69 1053.61 976.66 21.35 −0.02
29 0.00 1157.8 1145.95 1098.50 14.06 0.00
33 0.30 3286.9 3250.44 3177.24 32.69 0.65
69 0.14 2901.36 2872.77 2744.84 37.89 0.48
.29 1.94 2770.63 2751.91 2717.09 19.93 1.84
69 −0.77 1181.46 1128.67 1030.09 38.13 −0.13
34 0.05 1455.05 1416.39 1348.70 34.08 −0.31
96 −0.38 1448.77 1425.37 1379.59 16.26 0.19
03 0.75 3617.83 3595.96 3572.70 11.99 0.81
83 0.33 3513.26 3471.30 3422.31 27.82 0.01
83 0.33 2743.35 2701.70 2657.97 15.75 −1.00
42 0.14 1318.49 1295.37 1214.67 20.61 0.14
54 −0.99 1285.84 1261.66 1183.94 20.70 −1.07
32 −0.30 1260.14 1230.85 1184.57 16.26 −0.58
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Table 10
Compared results for the second data set (instances with 50 customers, 3 zones and high threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 1144.88 3223.96 1141.96 1131.94 1126.47 4.22 48.63 −0.26 1135.32 1125.92 1115.46 5.84 −0.84 1132.16 1120.28 1106.25 5.
vrpnc02_1 1158.69 2163.93 1159.84 1146.68 1132.33 7.33 42.04 −0.16 1143.15 1131.91 1119.76 6.82 −1.34 1148.59 1142.58 1033.28 4.
vrpnc02_2 1073.89 1135.8 1062.88 1048.77 1039.64 5.19 47.28 −1.04 1059.55 1039.35 1011.46 12.18 −1.34 1058.14 1042.58 1029.49 5.
vrpnc02_3 1048.35 1125.73 1054.51 1042.48 1036.28 5.27 44.66 0.58 1041.65 1021 1001.89 12.79 −0.64 1050.26 1027.46 1010.16 8.
vrpnc03_1 1148.6 4783.97 1148.6 1148.6 1148.6 0 20.74 0.00 1148.6 1148.51 1148.17 0.17 0.00 1145.25 1144.82 1140.29 1.
vrpnc03_2 1228.02 864.46 1228.02 1226.59 1223.95 1.8 23.26 0.00 1228.32 1228.32 1228.32 0 0.02 1228.32 1227.46 1225.65 1.
vrpnc03_3 1198.05 1595.71 1200.36 1196.43 1191.43 2.51 45.59 0.19 1196.89 1192.98 1188.96 2.74 −0.10 1197.43 1194.24 1191.24 1.
vrpnc04_1 1100.84 3074.34 1097.61 1090.61 1086.96 2.75 43.32 −0.29 1098.27 1087.72 1081.33 4.48 −0.23 1098.27 1085.36 1076.39 4.
vrpnc04_2 1080.61 5482.99 1081.08 1076.29 1070.85 3.07 22.47 0.04 1081.08 1078.37 1064.53 4.85 0.04 1081.08 1081.08 1081.08 0
vrpnc04_3 1143.46 3790.55 1143.46 1135.39 1122.26 5.53 43.86 0.00 1140.16 1134.07 1119.28 5.71 −0.29 1143.46 1138.29 1129.15 4.
vrpnc05_1 1083.68 4107.15 1095.96 1080.37 1062.38 8.84 43.1 1.12 1085.18 1068.49 1053.41 9.79 0.14 1088.49 1071.44 1065.32 8.
vrpnc05_2 1101.47 105.71 1101.47 1092.36 1081.12 5.38 50.67 0.00 1092.12 1082.12 1077.02 4.93 −0.85 1099.32 1085.42 1078.93 5.
vrpnc05_3 1176.84 139.24 1176.84 1168.49 1158.32 6.04 37.68 0.00 1176.84 1169.12 1154.82 8.25 0.00 1176.84 1168.42 1159.63 4.
vrpnc06 1105.89 1288.08 1106.69 1099.83 1093.41 4.3 53.71 0.07 1106.69 1097.1 1089.27 5.71 0.07 1103.16 1099.74 1089.27 4.
vrpnc07_1 1141.36 2186.42 1148.85 1137.92 1130.33 5.18 37.31 0.65 1137.22 1125.49 1116.03 7.14 −0.36 1140.39 1132.29 1118.29 4.
vrpnc07_2 1140.44 1349.21 1148.18 1139.22 1128.29 6.22 43.61 0.67 1131.63 1115.58 1101.67 8.4 −0.77 1137.29 1125.49 1118.39 5.
vrpnc07_3 996.59 1723.48 1011.55 1004.29 998.7 4.41 33.94 1.48 1005.24 999.09 986.28 5.79 0.87 1011.55 1001.38 995.83 3.
vrpnc08_1 1118.71 2735.27 1120.35 1120.35 1120.35 0 22.26 0.15 1120.35 1119.63 1113.13 2.17 0.15 1120.35 1116.48 1112.38 3.
vrpnc08_2 1147.94 3102.02 1152.36 1152.36 1152.36 0 23.57 0.38 1152.36 1149.44 1146.9 1.75 0.39 1152.36 1147.43 1145.83 2.
vrpnc08_3 1119.4 2497.35 1133.53 1127.76 1115.29 5.58 44.73 1.25 1132.4 1120.55 1112.75 6.93 1.16 1130.86 1122.86 1112.75 4.
vrpnc09_1 1252.77 2872.91 1260.15 1249.38 1243.61 3.82 46.06 0.59 1251.94 1248.41 1243.16 2.62 −0.07 1260.15 1252.43 1247.15 3.
vrpnc09_2 1255.36 3219.58 1259.15 1255.97 1253.15 2.24 21.73 0.30 1259.15 1256.3 1253.15 1.7 0.30 1259.15 1259.15 1259.15 0
vrpnc09_3 1095.59 570.89 1095.59 1090.66 1083.85 3.32 39.37 0.00 1093.46 1086.3 1078.18 4.2 −0.19 1091.43 1082.29 1071.43 5.
vrpnc10_1 977.14 1117.29 977.14 971.73 960.22 5.92 38.14 0.00 977.14 967.67 943.23 8.99 0.00 977.14 965.49 951.73 3.
vrpnc10_2 1081.87 3371.52 1082.75 1078.84 1065.19 4.71 45.06 0.08 1075.62 1071.7 1065.19 3.2 −0.58 1081.69 1068.42 1058.49 5.
vrpnc10_3 1157.8 471.61 1157.8 1155.39 1154.07 1.78 20.95 0.00 1157.8 1156.66 1154.07 1.26 0.00 1157.8 1152.58 1148.83 3.
vrpnc11_1 3265.67 17874.3 3286.9 3279.49 3275.8 2.27 36.71 0.65 3284.45 3277.78 3272.53 4.94 0.58 3275.56 3266.39 3261.44 4.
vrpnc11_2 2887.37 17350.4 2899.18 2888.41 2874.39 7.26 49.16 0.41 2891.27 2870.36 2842.14 14.28 0.14 2891.27 2877.73 2865.59 6.
vrpnc11_3 2720.49 16888.3 2788.02 2776.27 2760.22 5.59 41.52 2.42 2766.97 2745.53 2721.44 16 1.71 2773.39 2758.85 2741.25 10
vrpnc12_1 1183.01 1993.64 1183.31 1176.25 1163.49 6.63 48.34 0.03 1179.03 1167.54 1157.01 7.11 −0.34 1173.86 1161.55 1148.74 6.
vrpnc12_2 1459.55 3279.61 1460.27 1457.93 1454.51 1.89 48.31 0.05 1459.94 1458.68 1456.34 1.4 0.03 1460.27 1450.58 1446.82 3.
vrpnc12_3 1445.96 606.03 1446.33 1433.35 1428.47 8.51 23.83 0.03 1432.18 1418.87 1398.47 9.7 −0.95 1440.48 1423.34 1410.43 5.
vrpnc13_1 3588.82 79960 3617.45 3602.31 3594.53 5.5 61.56 0.79 3606.94 3586.91 3579.57 8.58 0.50 3615.69 3611.49 3598.21 6.
vrpnc13_2 3512.95 133526 3540.87 3532.31 3520.19 6.03 43.89 0.79 3531.12 3512.09 3497.83 11.06 0.52 3524.5 3506.83 3489.95 9.
vrpnc13_3 2771.02 12392.2 2780.15 2767.74 2758.43 5.28 51.57 0.33 2772.04 2754.13 2731.55 9.59 0.04 2780.15 2762.59 2743.62 8.
vrpnc14_1 1316.67 2837.83 1317.92 1310.9 1296.55 6.17 46.74 0.09 1318.49 1311.91 1300.89 5.8 0.14 1318.49 1315.26 1307.28 4.
vrpnc14_2 1299.76 283.41 1306.59 1298.32 1290.45 3.84 45.34 0.52 1291.12 1278.5 1268.28 6.82 −0.66 1286.93 1281.32 1269.35 5.
vrpnc14_3 1267.49 2377.32 1269.71 1258.76 1249.43 5.54 20.49 0.17 1260.14 1249.56 1245.04 4.69 −0.58 1263.65 1252.37 1241.73 6.
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43 −0.85 535.89 453.70 409.83 30.92 −5.56
37 −0.65 635.67 568.17 493.02 41.20 −2.37
.19 0 539.61 455.72 334.29 68.24 −2.30
12 −1.46 633.86 551.41 412.55 57.01 0.00
35 0.06 723.28 672.60 635.98 24.59 −0.72
5 0.53 809.96 763.94 727.42 16.54 −5.74
92 −0.17 616.57 590.09 554.56 18.24 −2.84
32 −0.43 712.55 521.03 454.87 86.02 −2.87
62 2.63 534.92 466.89 336.46 60.98 −5.89
28 0 575.69 534.29 480.72 25.12 −3.01
29 −1.12 563.41 455.71 426.60 34.42 −4.30
12 0 558.58 525.63 490.89 18.11 −5.30
38 0 699.09 612.28 564.43 33.42 −0.38
92 0.56 508.14 446.77 396.33 34.41 −4.56
75 −1.09 689.42 663.26 627.82 17.61 −0.51
96 −0.76 563.71 501.02 462.24 19.45 −2.77
51 −0.79 520.21 452.75 305.79 55.96 −15.34
.17 −0.48 616.28 572.67 384.90 54.47 −1.92
73 0.17 581.54 501.43 316.35 82.14 −3.72
62 −0.36 606.32 582.51 542.50 15.48 −1.26
17 0.2 654.64 571.09 500.55 41.54 −0.13
83 −1.81 570.95 525.80 485.35 17.25 −8.14
62 −0.7 730.91 593.61 529.38 52.04 −1.35
28 −0.36 650.68 566.82 459.23 55.60 −4.83
53 0 709.33 579.94 404.85 102.68 −3.72
79 −0.21 722.27 704.89 660.78 16.29 0.02
81 −0.1 2103.43 2074.89 2019.42 16.95 −3.50
.12 −0.05 1520.50 1497.74 1475.92 14.39 0.29
.33 0.46 2059.34 1970.59 1911.15 45.91 0.41
11 0.03 684.17 614.40 528.93 37.66 0.04
73 −0.77 941.41 899.57 867.96 21.58 0.08
14 −0.75 949.92 849.93 776.91 53.16 0.00
42 0.09 1747.86 1648.11 1414.81 128.64 −1.20
96 −1.24 1649.48 1538.45 1474.63 36.26 −8.60
82 0.08 1654.75 1600.31 1555.38 22.02 −0.13
43 −0.93 754.13 708.06 663.96 23.20 −0.76
7 −0.03 818.75 676.29 583.28 55.30 0.00
14 −0.42 806.19 777.72 715.45 23.35 −0.38
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Table 11
Compared results for the second data set (instances with 50 customers, 3 zones and random threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 567.45 904.13 567.45 557.15 544 7.16 24.6 0.00 564.49 556.77 542.5 5.45 −0.52 562.63 561.32 560.24 0.
vrpnc02_1 651.08 1476.61 651.08 644.25 638.36 4.92 36.04 0.00 646.83 635.83 618.51 8.7 −0.65 646.83 632.39 621.43 7.
vrpnc02_2 552.34 1246.36 552.34 538.69 521.47 6.67 33.81 0.00 552.34 526.63 507.52 14.29 0 552.34 530.42 513.46 10
vrpnc02_3 633.86 1696.73 633.86 629.43 621.83 3.08 43.14 0.00 628.66 611.92 600.85 6.97 −0.82 624.63 616.32 604.27 7.
vrpnc03_1 728.528 4446.29 728.96 726.35 722.31 2.24 22.36 0.06 728.96 725.87 720.95 2.72 0.06 728.96 723.62 715.34 4.
vrpnc03_2 859.319 7962.48 863.91 859.42 855.94 2.86 40.72 0.53 863.91 860.75 853.73 3.83 0.53 863.91 861.42 855.63 3.
vrpnc03_3 634.574 3788.78 632.7 625.12 619.08 3.41 38.9 −0.30 633.47 625.34 618.74 4.3 −0.17 633.47 628.93 620.43 3.
vrpnc04_1 733.58 6963.56 734.65 727.81 716.35 5.17 44.15 0.15 731.12 726.03 710.68 6 −0.34 730.42 724.35 715.92 4.
vrpnc04_2 568.391 10582.12 586.23 581.47 573.52 4.48 28.83 3.04 586.23 573.92 563.77 6.9 3.14 583.32 571.24 563.35 6.
vrpnc04_3 593.54 2154.21 593.54 579.34 571.74 6.84 15.89 0.00 592.19 573.02 559.54 8.8 −0.23 593.54 582.36 575.65 5.
vrpnc05_1 588.74 3560.11 588.74 582.59 573.69 6.02 41.66 0.00 585.13 577.47 567.59 5.41 −0.61 582.16 575.36 563.83 6.
vrpnc05_2 589.82 6259.77 589.82 585.37 577.85 4.2 40.22 0.00 589.68 584.41 570.74 6.4 −0.02 589.82 581.34 572.34 5.
vrpnc05_3 701.77 1503.04 701.77 697.35 691.36 4.53 38.12 0.00 701.77 695.74 680.52 6.2 0 701.77 689.44 682.41 3.
vrpnc06 532.401 760 540.73 530.75 523.86 5.58 33.68 1.54 538.49 529.49 518.46 6.82 1.14 535.36 522.34 512.43 5.
vrpnc07_1 692.927 1705.48 689.75 679.54 671.21 5.34 32.27 −0.46 685.36 674.07 665.21 6.49 −1.09 685.36 678.39 670.43 3.
vrpnc07_2 579.74 431.93 579.03 568.49 555.12 5.36 31.3 −0.12 578.77 560.44 527.06 15.44 −0.17 575.32 564.29 539.42 9.
vrpnc07_3 614.465 1176.27 614.65 605.57 596.47 6.54 34.68 0.03 606.63 591.9 577.92 7.57 −1.28 609.64 601.43 588.12 7.
vrpnc08_1 628.355 2421.42 638.96 630.46 620.47 4.66 38.72 1.66 633.25 625.26 616.34 5.64 0.78 625.34 608.36 594.32 10
vrpnc08_2 604.037 2451.24 604.06 598.77 591.48 3.81 34.03 0.00 605.08 599.04 596.61 2.75 0.17 605.08 596.34 588.17 5.
vrpnc08_3 614.079 1099.81 614.079 611.58 610.58 1.43 35.78 0.00 614.39 610.35 601.15 3.75 0.05 611.85 602.39 583.16 8.
vrpnc09_1 655.519 1945.26 656.86 650.55 641.49 2.83 45.7 0.20 656.86 649 635.76 6.19 0.2 656.86 650.83 642.32 4.
vrpnc09_2 621.55 3337.87 618.11 611.09 600.67 5.06 33.88 −0.56 613.52 607.99 598.56 5.08 −1.29 610.28 603.32 592.82 4.
vrpnc09_3 740.88 208.42 740.88 735.19 730.25 2.86 34.17 0.00 740.88 734.49 728.82 3.97 0 735.69 730.03 716.28 8.
vrpnc10_1 683.73 3527.59 683.73 675.19 669.48 4.46 41.5 0.00 678.8 668.27 657.82 6.79 −0.72 681.25 675.29 666.35 4.
vrpnc10_2 736.74 2228.45 736.74 733.58 725.87 4.01 36.12 0.00 736.74 728.32 719.28 5.5 0 736.74 725.62 711.43 8.
vrpnc10_3 722.12 1199.47 722.27 718.56 709.67 3.26 32.93 0.02 722.27 717.66 702.62 5.94 0.02 720.58 712.46 706.32 3.
vrpnc11_1 2179.62 29310.93 2182.74 2172.9 2159.26 5.81 28.88 0.14 2168.08 2158.72 2150.75 6.18 −0.53 2177.4 2163.96 2152.32 5.
vrpnc11_2 1516.04 16912.23 1522.81 1508.58 1497.58 5.58 56.24 0.44 1507.92 1494.52 1487.29 6.94 −0.54 1515.34 1503.43 1487.29 10
vrpnc11_3 2050.89 26013.84 2060.38 2047.44 2036.58 7.12 50.87 0.46 2057.62 2016.96 1989.45 18.45 0.33 2060.38 2032.14 2014.83 12
vrpnc12_1 683.917 1892.9 684.09 677.49 664.58 6.76 33.33 0.02 684.09 672.17 651.77 9.4 0.03 684.09 673.26 660.29 6.
vrpnc12_2 940.666 91.39 941.41 926.58 915.59 7.79 46.71 0.08 936.62 911.76 892.27 13.83 −0.43 933.38 915.25 904.28 6.
vrpnc12_3 949.919 2270.69 949.043 940.44 932.18 4.69 21.82 −0.09 939.08 931.15 918.67 6.35 −1.14 942.83 930.73 922.47 5.
vrpnc13_1 1769.01 16380.9 1770.58 1760.45 1748.59 5.83 44.81 0.09 1768.33 1753.06 1743.36 7.47 −0.04 1770.58 1755.93 1749.32 6.
vrpnc13_2 1804.62 13767.2 1800.19 1782.9 1759.85 13.43 38.78 −0.25 1791.2 1775.94 1755.99 12.71 −0.74 1782.33 1766.32 1743.82 8.
vrpnc13_3 1656.95 9133.4 1658.24 1647.53 1639.44 6.69 47.52 0.08 1658.24 1642.07 1616.79 15.83 0.08 1658.24 1643.83 1628.23 6.
vrpnc14_1 759.89 379.85 759.89 746.87 733.69 7.74 33.09 0.00 755.96 736.76 720.49 11.42 −0.52 752.85 732.85 722.92 6.
vrpnc14_2 818.75 212.7 818.75 808.69 795.74 6.69 44.39 0.00 818.52 805.18 783.08 10.69 −0.03 818.52 808.94 796.25 7.
vrpnc14_3 809.24 729.97 809.24 797.84 785.68 6.75 42.08 0.00 805.84 789.52 773.91 10.45 −0.42 805.84 792.53 780.25 8.
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18 0.08 376.69 352.54 284.56 28.08 −0.68
45 −1.83 320.59 289.13 207.57 31.93 −4.12
.87 −3.11 355.87 339.39 317.98 11.14 −1.61
8 −5.86 336.42 305.68 266.14 21.24 −0.54
73 −0.18 372.66 354.80 315.84 17.84 −2.10
09 −0.35 468.06 431.22 406.99 21.08 2.25
79 −0.69 376.95 352.78 306.21 20.37 0.00
56 1.3 417.81 390.11 365.97 19.42 −1.39
27 −1.21 361.86 351.13 328.45 10.16 −1.56
68 −0.76 359.40 350.13 332.78 8.87 −4.96
62 0 406.47 388.49 367.32 11.70 −3.23
74 −0.1 366.86 348.47 327.17 13.84 −2.88
84 1.42 514.11 478.51 439.80 20.89 1.42
64 −5.22 385.15 366.21 305.29 24.29 −4.58
45 −4.32 255.79 225.84 154.81 29.05 −8.45
.13 −6 272.33 260.78 229.71 14.92 −11.38
41 −2.79 260.98 237.26 197.99 18.08 −0.65
69 −0.54 457.55 430.34 408.73 17.35 −0.28
98 0 408.67 379.06 353.10 18.97 0.00
54 0.48 390.34 364.41 340.68 19.11 −2.88
59 0 374.90 363.38 341.22 12.69 −4.31
52 −1.73 525.72 511.24 468.57 17.21 −1.85
62 0 531.25 503.52 435.38 29.03 −2.50
03 0.94 384.36 349.30 306.78 24.72 1.38
86 0.96 446.3 423.74 391.37 20.72 0.96
.64 1.34 434.32 398.94 351.80 21.28 1.85
.12 −0.7 1387.65 1350.37 1308.90 27.82 1.07
.18 −0.09 1452.82 1406.79 1372.83 29.31 1.25
.98 1.48 1338.62 1324.91 1271.91 24.90 1.48
7 −0.34 496.98 469.47 441.64 19.49 −3.33
.79 −0.79 552.15 508.50 447.59 33.79 −1.45
41 0.02 598.26 584.47 566.26 10.78 0.04
.29 – 1439.43 1430.29 1417.82 6.71 –
41 −1.39 1420.15 1370.20 1328.89 28.27 1.11
.25 −0.58 1426.19 1402.69 1383.11 10.21 0.75
81 −0.45 491.37 472.51 422.13 22.84 0.13
31 −2 494.92 454.75 430.11 21.89 −2.14
.56 −1.25 434.34 398.58 353.96 29.21 −7.92
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Table 12
Compared results for the third data set (instances with 50 customers, 5 zones and low threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 379.26 2273.19 379.57 372.16 365.43 4.82 61.14 0.08 373.45 360.79 345.87 9.06 −1.53 379.57 355.18 343.37 8.
vrpnc02_1 334.36 1747.76 332.34 320.74 312.26 5.83 38.32 −0.61 325.11 296.71 272.95 9.86 −2.77 328.25 294.96 277.59 8.
vrpnc02_2 361.69 1949.33 362.01 348.43 340.73 3.69 38.11 0.09 352.86 328.53 313.42 7.95 −2.44 350.43 330.41 310.78 10
vrpnc02_3 338.26 1877.46 334.96 318.12 304.96 8.76 47.71 −0.99 320.87 298.97 282.6 10.83 −5.14 318.43 302.42 286.63 7.
vrpnc03_1 380.65 3114.07 379.95 373.66 366.29 4.58 44.64 −0.18 379.23 372.38 361.11 5.81 −0.37 379.95 375.94 356.35 5.
vrpnc03_2 457.76 6089.08 464.36 454.15 446.52 5.31 54.42 1.42 459.25 452.07 446.52 4.03 0.33 456.15 449.57 443.89 3.
vrpnc03_3 376.95 3651.48 377.52 373.94 370.13 3.86 63.71 0.15 376.95 372.68 367.5 2.83 0 374.36 367.31 361.86 2.
vrpnc04_1 423.72 5066.1 430 418.25 411.76 5.59 52.33 1.46 429.22 411.23 387.45 10.68 1.3 429.22 409.52 390.99 8.
vrpnc04_2 367.6 2506.23 366.71 362.43 358.14 2.46 54.2 −0.24 365.3 363.4 357.57 2.23 −0.63 363.14 357.75 352.66 3.
vrpnc04_3 378.16 5866.36 376.49 371.85 366.82 3.13 57.27 −0.44 371.85 369.52 366.82 1.65 −1.67 375.27 370.61 363.8 3.
vrpnc05_1 420.03 2819.32 420.03 410.59 403.15 4.42 53.7 0.00 419.18 407.86 395.56 7.67 −0.2 420.03 414.21 399.26 6.
vrpnc05_2 377.72 2338.12 378.57 372.33 366.45 3.74 59.55 0.22 376.46 364.99 352.64 6.73 −0.33 377.36 362.25 353.62 7.
vrpnc05_3 506.91 3044.63 511.92 501.25 491.48 6.69 68.14 0.98 514.11 492.93 483.65 8.77 1.42 514.11 494.68 488.77 5.
vrpnc06 403.65 2069.36 397.69 391.43 380.36 5.58 67.65 −1.50 385.86 374.21 369.86 4.68 −4.41 382.57 373.65 365.06 5.
vrpnc07_1 279.41 1940.11 270.27 261.15 252.34 4.83 82.18 −3.38 266.09 254.75 236.67 7.43 −4.77 267.35 254.4 240.7 8.
vrpnc07_2 307.3 1684.87 291.63 278.23 265.19 5.96 42.69 −5.37 288.86 268.09 239.17 12.73 −6 288.86 263.29 243.1 11
vrpnc07_3 262.68 1850.35 264.33 254.14 242.16 4.11 74.63 0.62 250.89 235.95 226.06 7.53 −4.49 255.36 237.26 229.98 5.
vrpnc08_1 458.84 6142.59 458.84 446.17 439.16 5.57 77.91 0.00 457.84 451.51 446.06 3.67 −0.22 456.37 452.2 448.95 4.
vrpnc08_2 408.67 998.57 408.67 402.22 395.43 4.8 50.72 0.00 406.35 392.79 377.14 8.81 −0.57 408.67 394.13 377.87 9.
vrpnc08_3 401.93 3723.84 403.84 398.15 390.73 4.52 46.9 0.47 403.85 395.22 385.97 5.44 0.48 403.85 389.58 375.08 6.
vrpnc09_1 391.8 2537.22 391.8 388.23 382.15 3.26 37.56 0.00 391.8 382.16 372.96 5.64 0 391.8 376.13 367.4 6.
vrpnc09_2 535.61 2392.72 535.61 526.74 518.1 4.02 69.03 0.00 530.07 524.7 518.1 3.51 −1.03 526.37 523.58 517.66 2.
vrpnc09_3 544.85 2932.67 544.85 535.29 524.96 4.57 64.21 0.00 544.85 533.76 518.18 8.73 0 544.85 539.99 519.31 7.
vrpnc10_1 379.13 2562.41 382.71 376.79 370.06 4.03 51.9 0.94 382.71 371.01 356.69 6.74 0.94 382.71 376.46 363.36 6.
vrpnc10_2 442.04 4986.41 446.3 441.43 433.72 3.52 66.27 0.95 446.3 440.43 426.37 5.84 0.96 446.3 435.75 428.68 6.
vrpnc10_3 426.43 2332.11 441.24 432.14 423.17 5.71 43.77 3.36 438.11 413.59 399.61 9.81 2.74 432.14 416.29 396.25 12
vrpnc11_1 1372.96 29511.1 1380.52 1361.17 1340.15 10.56 98.54 0.55 1343.89 1331.75 1316.25 9.84 −2.12 1363.36 1337.39 1310.06 13
vrpnc11_2 1434.94 46867.7 1443.58 1420.41 1402.19 9.53 65.36 0.60 1427.76 1397.25 1374.18 18.88 −0.5 1433.58 1409.71 1394.47 11
vrpnc11_3 1319.06 35108 1338.62 1319.13 1308.12 9.27 52.84 1.46 1337.33 1297.33 1275.77 20.87 1.39 1338.62 1316.44 1297.88 10
vrpnc12_1 514.12 4336.87 518.1 509.41 501.43 3.58 124.72 0.77 507.43 495.58 489.94 4.7 −1.3 512.37 495.36 485.71 4.
vrpnc12_2 560.28 527.21 557.45 539.11 524.38 11.53 63.32 −0.51 556.8 525.9 497.15 19.56 −0.62 555.837 538.47 516.33 12
vrpnc12_3 598.04 2420.27 603.34 591.42 582.19 8.33 53.07 0.88 600.77 581.15 540.67 15.53 0.46 598.15 590.73 575.21 9.
vrpnc13_1 – – 1436.73 1423.19 1403.44 9.37 84.98 – 1438.18 1418.3 1401.61 11.18 – 1438.18 1410.06 1398.05 11
vrpnc13_2 1404.54 41879.8 1414.02 1389.17 1365.12 14.83 88.42 0.67 1384.97 1349.13 1328.6 10.26 −1.39 1384.97 1358.56 1333.36 8.
vrpnc13_3 1415.53 48429.1 1421.59 1405.17 1396.28 9.44 100.5 0.43 1402.13 1394.52 1371.03 9.29 −0.95 1407.25 1376.24 1364.52 13
vrpnc14_1 490.72 613.37 491.61 482.46 472.83 5.36 67.64 0.18 490.55 484.94 468.26 6.93 −0.03 488.52 476.98 466.94 7.
vrpnc14_2 505.76 92.51 500.86 486.18 476.77 4.82 52.1 −0.98 491.12 473.04 461.41 5.36 −2.89 495.63 474.05 462.46 8.
vrpnc14_3 471.71 3005.56 468.37 455.29 446.95 4.19 58.11 −0.71 462.58 445.24 426.9 10.66 −1.94 465.83 449.46 424.98 11
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14 −1.49 637.05 615.02 595.49 16.30 −0.68
03 −4.49 604.09 589.17 552.82 18.51 −3.97
51 −2.55 630.88 617.77 568.89 17.81 −2.64
.96 −0.74 582.94 564.14 513.17 21.79 −1.17
54 0 682.21 659.97 603.76 23.80 −0.69
16 −0.32 715.59 682.39 643.39 21.87 −1.53
.02 – 645.99 633.33 612.79 11.79 –
66 −0.38 692.31 665.95 641.96 17.73 −1.06
2 −0.58 581.47 570.35 557.25 8.93 −1.96
35 −1.11 637.68 618.93 590.68 12.15 0.29
.22 −0.63 611.68 595.86 582.61 8.18 −2.76
3 0.11 601.69 574.36 551.09 17.79 −0.16
65 −2.4 849.10 817.52 773.51 24.99 0.00
.99 0.95 630.38 602.81 573.04 20.62 0.89

−2.27 531.43 519.30 492.57 12.42 −2.14
57 −0.59 544.84 525.32 495.70 16.28 0.58
8 −5.78 482.08 463.08 445.38 12.53 −4.80
54 0 674.69 647.56 607.06 22.89 −2.38
5 −1.56 700.54 669.64 625.30 21.70 −0.40
47 −1.46 681.16 667.05 636.51 12.56 −1.26
47 0 651.01 629.61 601.69 14.39 −0.75
17 −0.06 778.4 763.53 744.51 11.23 0.01

−0.46 805.25 784.03 756.96 14.87 −0.47
86 −2.64 699.92 667.97 630.99 20.42 −1.17
19 −1.05 694.83 677.82 657.86 12.95 0.25
03 −0.21 636.41 621.68 600.03 9.12 −4.11
.65 0.12 1832.69 1790.40 1678.60 49.23 −0.48
.07 0.13 2087.22 2068.95 2030.44 17.77 0.56
72 −0.13 1887.8 1862.95 1827.47 28.29 0.81
48 0.04 770.19 756.41 742.22 9.03 −0.98
.86 −0.69 831.00 782.39 731.25 33.79 −0.34
69 −0.23 889.23 861.76 801.40 27.51 0.16
.37 – 2041.09 2033.45 2008.70 11.24 –
.03 −0.07 1909.87 1902.48 1852.44 17.72 1.74
.26 −0.36 1926.21 1893.50 1842.42 26.56 0.08
78 0.03 744.69 724.79 649.78 30.75 −0.34
88 0.3 823.14 801.34 770.43 17.59 −0.94
03 −1.14 783.38 775.32 752.46 8.83 −1.05
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Table 13
Compared results for the third data set (instances with 50 customers, 5 zones and medium threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 641.41 1227.97 648.65 636.18 629.57 6.85 21.12 1.12 630.18 620.66 612.46 5.96 −1.75 631.88 625.41 611.44 4.
vrpnc02_1 629.09 1507.7 623.6 611.28 601.8 4.59 62.43 −0.88 601.8 595.17 590.07 4.12 −4.34 600.82 583.4 575.77 7.
vrpnc02_2 647.97 1521.23 648.92 638.51 630.43 6.13 62.27 0.15 626.73 617.24 602.7 7.55 −3.28 631.42 625.68 612.73 6.
vrpnc02_3 589.86 1125.64 587.95 577.86 564.25 7.39 88.62 −0.32 574.57 559.5 542 10.16 −2.59 585.48 562.41 541.02 12
vrpnc03_1 686.93 2369.73 686.93 682.57 675.29 3.58 52.49 0.00 680.12 676.55 674.86 1.51 −0.99 686.93 674.54 669.02 8.
vrpnc03_2 726.74 3673.79 726.74 720.21 712.92 4.11 58.17 0.00 711.11 704.4 696.83 4.18 −2.15 724.44 691.85 683.01 9.
vrpnc03_3 – – 665.31 662.59 660.14 1.95 52.12 – 664.6 662.2 658.31 2.01 – 665.31 653.09 643.47 10
vrpnc04_1 699.76 3446.88 700.13 691.33 684.26 2.42 71.94 0.05 700.03 683.45 669.59 9.78 0.04 697.1 687.16 666.75 9.
vrpnc04_2 593.07 2876.03 593.07 588.16 581.47 3.73 62.59 0.00 591.08 583.67 576.73 4.16 −0.34 589.62 585.18 583.63 5.
vrpnc04_3 635.86 5986.1 637.68 631.25 622.49 4.42 84.317 0.29 635.34 624.41 616.42 5.39 −0.08 628.83 615.06 602.01 8.
vrpnc05_1 629.04 1142.46 629.04 622.18 618.58 5.56 46.18 0.00 623.39 614.79 598.9 7.33 −0.9 625.1 605.32 586.34 12
vrpnc05_2 602.64 2267.04 607.77 596.68 589.42 6.02 54.66 0.84 603.29 590.69 581.34 7.35 0.11 603.29 592.61 586.59 3.
vrpnc05_3 849.1 3382.9 849.46 841.25 833.9 4.46 68.45 0.04 844.57 825.91 813.52 9.79 −0.53 828.7 816.8 805.54 8.
vrpnc06 624.79 1693.15 631.02 623.15 612.25 6.55 66.59 0.99 630.47 611.66 596.79 10.17 0.91 630.73 608.48 593.46 12
vrpnc07_1 543.04 1377.34 547.44 538.96 530.48 5.17 54.78 0.80 534.14 518.94 508.31 8.05 −1.64 530.74 512.78 503.66 8
vrpnc07_2 541.71 1492.71 552.01 543.95 534.31 4.42 81.88 1.87 527.77 513.44 495.49 9.44 −2.57 538.5 514.23 504.55 9.
vrpnc07_3 506.37 1677.78 496.83 481.68 460.35 9.78 53.35 −1.92 481.52 467.97 451.3 8.93 −4.91 477.09 469.57 455.26 6.
vrpnc08_1 691.13 8872.39 691.13 684.52 677.49 3.36 72.89 0.00 691.13 677.77 675.24 4.57 0 691.13 676.99 668.06 6.
vrpnc08_2 703.38 2891.77 703.38 698.7 691.44 3.02 84.44 0.00 700.52 692.41 681.19 6.42 −0.41 692.42 684.16 676.36 4.
vrpnc08_3 689.82 6256.96 696.99 690.43 682.36 4.85 65.92 1.03 689.82 683.09 674.97 5.39 0 679.76 672.44 664.81 3.
vrpnc09_1 655.93 5260.58 655.93 645.82 637.19 5.03 51.79 0.00 655.93 641.28 627.19 8.38 0 655.93 646.97 629.86 5.
vrpnc09_2 778.33 4370.18 777.88 772.68 768.29 2.27 63.85 −0.06 777.23 774.84 772.96 1.16 −0.14 777.88 771.35 764.25 2.
vrpnc09_3 809.02 2509.81 809.55 803.36 799.82 3.18 55.89 0.07 807.74 804.73 797.94 2.96 −0.16 805.3 797.89 789.04 3
vrpnc10_1 708.23 2623.47 712.1 701.29 693.77 5.25 46.92 0.54 702.77 687.84 673.64 10.87 −0.77 689.5 684.51 680.08 2.
vrpnc10_2 693.07 5187.59 694.5 690.48 683.81 3.84 75.42 0.21 694.83 689.78 683.51 3.91 0.25 685.78 680.49 674.99 4.
vrpnc10_3 663.66 530.2 665.27 649.82 637.13 6.81 61.18 0.24 663.66 647.5 629.54 10.9 0 662.25 647.62 636.3 8.
vrpnc11_1 1841.48 35346.2 1848.39 1825.32 1811.4 11.25 44.56 0.37 1822.24 1794.02 1771.25 16.43 −1.04 1843.75 1808.42 1782.32 12
vrpnc11_2 2075.67 28419.3 2083.81 2066.49 2042.55 10.36 54.97 0.39 2063.25 2030.43 1992.26 21.04 −0.6 2078.42 2063.1 2025.94 15
vrpnc11_3 1872.61 51501.3 1887.8 1873.25 1852.36 12.25 60.59 0.80 1878.6 1863.67 1827.49 14.98 0.32 1870.26 1862.46 1851.45 4.
vrpnc12_1 777.85 1786.09 778.2 772.59 768.23 3.08 54.61 0.04 778.2 770.92 769.22 2.47 0.04 778.2 771.43 766.9 2.
vrpnc12_2 833.81 130.67 833.23 815.29 804.76 10.22 51 −0.07 832.21 809.66 792.42 12.99 −0.19 828.06 809.61 790.55 10
vrpnc12_3 887.83 4315.75 889.23 880.59 865.25 7.73 59.32 0.16 886.19 876.88 854.64 9.51 −0.18 885.83 869.54 850.36 9.
vrpnc13_1 – – 2060.84 2042.44 2028.35 9.86 89.14 – 2017.14 2004.27 1992.64 7.4 – 2042.68 2008.62 1985.41 10
vrpnc13_2 1877.24 29035 1901.5 1886.32 1865.43 8.57 84.82 1.28 1876.26 1842.87 1823.3 16.04 −0.05 1875.96 1850.75 1829.51 12
vrpnc13_3 1924.58 67675.1 1925.02 1911.35 1885.23 8.63 71.22 0.02 1908.47 1881.79 1856.23 16.2 −0.84 1917.56 1892.92 1866.75 13
vrpnc14_1 747.24 1291.74 747.46 742.58 738.93 3.14 61.11 0.03 747.46 744.54 739.73 2.78 0.03 747.46 738.69 733.08 5.
vrpnc14_2 830.91 2417.86 846.99 840.25 833.45 4.73 87.57 1.90 830.9 824.45 813.45 5.99 0 833.37 816.77 798.15 6.
vrpnc14_3 791.67 2953.33 798.78 789.26 780.43 3.86 85.86 0.89 788.53 784.55 771.49 4.99 −0.4 782.63 778.13 765.13 7.
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.07 1.83 1215.34 1203.70 1186.84 9.76 −0.11

.49 −1.54 1306.73 1288.53 1270.85 11.02 0.45

.48 0.89 1241.32 1231.12 1203.31 11.54 0.41

.71 −0.09 1170.15 1155.52 1140.55 10.61 −0.19

.29 1.86 1267.79 1254.07 1203.63 18.38 −0.22

.08 0.33 1393.11 1372.53 1350.70 10.46 −1.54

.6 – 1247.19 1235.71 1223.10 8.49 –

.96 1.4 1390.24 1376.29 1357.46 10.34 0.58

.43 −0.26 1227.37 1212.95 1186.65 11.63 0.02

.52 −0.55 1236.07 1220.67 1208.13 7.19 −0.07

.16 −1.12 1267.09 1251.21 1235.58 9.64 −0.71

.47 −0.51 1269.38 1248.36 1185.17 25.46 −1.18

.7 −2.76 1601.55 1579.44 1542.85 18.73 −0.27
1.17 −0.63 1269.14 1259.20 1243.99 10.03 0.16
.09 −2.4 1138.38 1111.17 1055.36 23.69 −0.74
.94 −0.85 1184.17 1162.60 1133.59 14.90 −0.90
2.9 −1.15 1106.86 1075.70 1047.80 20.31 0.72
.5 −0.81 1366.51 1354.14 1309.60 18.86 0.00
.16 0.32 1308.51 1296.37 1283.67 9.43 −0.01
.09 0.69 1399.63 1371.02 1333.66 21.51 0.52
.17 −1.04 1318.35 1303.15 1277.37 12.76 −0.43
3.31 0.36 1532.25 1520.19 1495.53 12.24 0.39
.07 −0.38 1517.08 1482.43 1447.51 27.59 0.15
.84 −0.53 1277.26 1261.32 1223.24 16.26 −1.23

0.1 1290.12 1268.94 1227.20 21.91 0.03
.24 −2.16 1311.12 1294.31 1248.43 18.26 −1.04
1.14 −1.18 3261.10 3218.83 3160.36 38.42 −1.02
0.32 0.04 3646.33 3614.90 3580.62 27.47 0.45
4.32 −0.02 3158.83 3129.91 3088.61 28.39 0.82
.12 −0.06 1525.30 1494.29 1421.88 31.28 −1.09
.63 −1.44 1630.65 1621.02 1612.97 5.62 −0.14
.17 −0.62 1669.29 1624.85 1536.17 49.66 0.15
.75 – 3550.89 3521.49 3473.54 28.29 –
.62 −1.88 3475.34 3432.17 3416.45 25.11 0.58
.51 −1.36 3354.01 3341.06 3318.92 8.69 −1.10
.15 0.24 1534.84 1513.85 1461.12 22.95 −0.33
.06 −0.33 1609.00 1582.90 1503.50 36.01 −0.24
.55 −0.56 1547.83 1521.93 1469.74 23.90 −0.03
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Table 14
Compared results for the third data set (instances with 50 customers, 5 zones and high threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 1216.65 1436.72 1217.76 1205.29 1195.32 6.02 43.63 0.09 1214.59 1200.56 1191.33 6.95 −0.17 1238.87 1223.24 1206.23 8
vrpnc02_1 1300.92 1295.73 1303.77 1290.24 1275.32 7.65 45 0.22 1280.91 1261.12 1248.71 8.35 −1.54 1280.91 1273.98 1256.25 7
vrpnc02_2 1236.23 1412.56 1247.22 1234.85 1228.91 9.92 66.18 0.88 1233.92 1225.51 1211.2 6.47 −0.19 1247.22 1236.84 1191 6
vrpnc02_3 1172.42 1156.7 1179.93 1162.43 1150.24 10.43 83.65 0.64 1166.36 1153.47 1134.31 8.8 −0.52 1171.31 1161.37 1151.03 6
vrpnc03_1 1270.64 3311.59 1271.76 1271.49 1269.28 0.53 42.38 0.09 1271.76 1271.58 1270.96 0.3 0.09 1294.29 1286.19 1281.29 3
vrpnc03_2 1414.88 13508.8 1419.5 1409.8 1405.26 4.39 68.72 0.33 1410.6 1407.62 1403.8 2.05 −0.3 1419.5 1414.15 1391.71 7
vrpnc03_3 – – 1256.6 1255.24 1250.18 3.41 79.58 – 1256.6 1254.93 1252.54 1.63 – 1256.6 1250.17 1244.36 3
vrpnc04_1 1382.19 3400.37 1403.13 1395.26 1391.24 5.22 66.97 1.49 1393.78 1383.08 1369.88 6.98 0.84 1401.56 1393.72 1387.95 5
vrpnc04_2 1227.08 6532.18 1227.93 1223.26 1220.02 2.54 75.57 0.07 1226.32 1223.21 1217.87 2.91 −0.06 1223.88 1212.81 1200.17 5
vrpnc04_3 1236.93 5643.26 1238.58 1231.85 1227.34 3.56 50.42 0.13 1238.43 1229.77 1223.85 3.83 0.12 1230.11 1212.07 1202.35 5
vrpnc05_1 1276.21 2158.46 1276.21 1265.83 1258.43 4.95 70.29 0.00 1269.15 1260.9 1251.74 5.95 −0.55 1261.91 1247.21 1239.16 4
vrpnc05_2 1284.48 4622.29 1286.62 1279.55 1269.22 3.36 73.54 0.17 1275.58 1271.66 1267.83 2.46 −0.69 1277.9 1256.72 1247.58 8
vrpnc05_3 1605.86 4575.92 1607.41 1592.25 1584.31 5.58 87.34 0.10 1593.34 1580.92 1569.03 6.69 −0.78 1561.49 1552.3 1541.71 5
vrpnc06 1267.16 1452.63 1269.14 1260.92 1247.62 6.9 63.05 0.16 1263.34 1237.99 1225.7 10.98 −0.3 1259.21 1235.25 1218.79 1
vrpnc07_1 1146.86 1154.16 1145.24 1135.69 1126.92 7.82 50.12 −0.14 1138.9 1122.73 1110.91 7.97 −0.69 1119.35 1104.54 1095.93 7
vrpnc07_2 1194.98 1014.64 1208.52 1193.25 1182.59 7.25 52.76 1.12 1185.09 1168.66 1154.28 7.93 −0.83 1184.78 1171.57 1158.35 6
vrpnc07_3 1098.95 1291.19 1105.32 1089.62 1079.28 8.83 74.41 0.58 1085.76 1065.44 1051.32 8.86 −1.2 1086.28 1059.21 1046.99 1
vrpnc08_1 1366.51 5709.34 1366.89 1360.7 1354.71 3.39 64.22 0.03 1366.24 1364.68 1359.24 2.18 −0.02 1355.44 1353.95 1349.7 2
vrpnc08_2 1308.61 1641.45 1311.46 1305.88 1294.63 5.86 77.59 0.22 1308.61 1305.04 1301.55 2.16 0 1312.82 1301.53 1282.14 8
vrpnc08_3 1392.34 4154.06 1398.4 1388.81 1377.46 6.42 55.83 0.43 1398.4 1385.64 1375.52 7.97 0.44 1401.9 1391.13 1379.24 5
vrpnc09_1 1324.09 2970.37 1324.09 1313.29 1305.26 5.48 80.41 0.00 1325.11 1317.36 1310 5.13 0.08 1310.32 1308.94 1304.86 2
vrpnc09_2 1526.36 4645.72 1534.6 1530.43 1524.98 3.12 79.73 0.54 1531.58 1528.87 1522.1 3.3 0.34 1531.8 1509.76 1479.56 1
vrpnc09_3 1514.74 2655.09 1518.18 1512.83 1507.54 4.52 51.56 0.23 1517.04 1513.37 1510.3 2.1 0.15 1509.01 1498.34 1479.21 8
vrpnc10_1 1293.17 2820.73 1296.93 1291.53 1282.77 4.85 77.88 0.29 1289.01 1279.35 1259.61 8.82 −0.32 1286.36 1281.65 1268.84 5
vrpnc10_2 1289.77 8110.22 1291.07 1291.07 1291.07 0 55.36 0.10 1291.07 1290.98 1290.14 0.28 0.1 1291.07 1291.07 1291.07 0
vrpnc10_3 1324.93 3623.69 1332 1321.25 1312.3 5.59 88.16 0.53 1319.84 1309.44 1292.08 7.2 −0.38 1296.37 1285.28 1279.86 6
vrpnc11_1 3294.62 17669.4 3291.47 3275.16 3264.25 7.46 73.08 −0.10 3259.07 3245.74 3226.81 10.48 −1.08 3255.86 3234.96 3214.84 1
vrpnc11_2 3629.89 26374.4 3646.33 3632.14 3622.76 8.51 84.93 0.45 3646.33 3622.89 3596.56 13.24 0.45 3631.36 3611.67 3595.22 1
vrpnc11_3 3133.03 82861.3 3154.15 3134.2 3118.85 10.86 99.74 0.67 3157.2 3136.4 3104.2 18.78 0.77 3132.55 3123.78 3108.32 1
vrpnc12_1 1542.05 137.95 1543.05 1528.67 1521.44 6.67 67.68 0.06 1542.05 1525.83 1522.66 6.05 0 1541.18 1524.4 1504.99 8
vrpnc12_2 1632.98 308.21 1638.54 1633.14 1630.24 3.37 88.59 0.34 1630.65 1629.55 1628.73 0.83 −0.14 1609.41 1587.9 1580.55 9
vrpnc12_3 1666.79 2193.98 1669.29 1657.32 1644.71 4.42 79.75 0.15 1665.06 1654.99 1639.21 6.88 −0.1 1656.39 1645.79 1641 6
vrpnc13_1 – – 3557.71 3541.28 3527.62 8.85 74.29 – 3533.76 3527.3 3519.18 5.47 – 3521.55 3510 3489.56 7
vrpnc13_2 3455.4 72349.3 3472.22 3458.29 3441.25 11.79 78.76 0.48 3435.26 3412.85 3393.52 12.87 −0.58 3390.55 3379.13 3372.57 2
vrpnc13_3 3391.2 29265.2 3393.75 3379.92 3356.19 12.26 86.19 0.08 3359.64 3353.05 3342.66 5.4 −0.93 3345.23 3327.42 3314.33 8
vrpnc14_1 1539.98 1654.68 1543.69 1540.29 1537.87 2.43 63.41 0.24 1543.69 1541.02 1537.87 2.14 0.24 1543.69 1531.82 1518.01 7
vrpnc14_2 1612.91 471.55 1613.47 1610.15 1607.53 1.68 54.97 0.03 1613.27 1609.03 1606.41 2.05 0.02 1607.62 1585.24 1571.62 8
vrpnc14_3 1548.29 821.62 1548.01 1542.35 1535.66 4.26 74.59 −0.02 1541.98 1537.26 1530.43 3.57 −0.41 1539.55 1523.74 1508.32 9



Y.Shi,W
.Liu

and
Y.Zhou

Engineering
Applications

of
ArtificialIntelligence

124
(2023)

106506

SA

d Gap(%) Opt Ave Worst Std Gap(%)

.18 −1.48 628.71 561.32 438.82 54.05 −4.02

.71 −3.37 711.55 689.15 663.31 18.26 −0.04

.18 −4.6 572.18 490.84 446.54 49.33 −2.46
82 −3.62 687.58 630.74 553.10 49.37 −2.16
32 0.66 825.88 789.87 736.43 24.36 −0.35
79 −0.38 780.59 761.76 744.66 10.74 −2.40
24 – 756.48 740.58 712.51 12.69 –
48 −3.11 677.98 627.30 547.85 36.06 −2.21
59 −1.64 858.81 832.78 739.30 34.87 −0.05
5 −0.22 624.01 600.28 578.92 14.75 −7.38
.64 3.75 604.18 576.20 536.45 18.03 0.48
.1 −1.67 763.81 716.12 628.75 38.81 −2.01
98 −0.91 702.54 680.83 642.21 18.05 −8.91
77 −0.93 589.55 574.66 538.58 16.74 −3.75
42 −3.39 614.88 552.76 509.82 39.82 0.00
27 −4.91 633.69 605.23 562.45 23.00 −3.68
.96 −2.02 693.15 654.31 620.15 22.04 −8.69
92 0.11 702.76 681.74 657.94 15.61 −9.06
76 −3.33 713.71 684.56 556.72 47.13 −4.27
69 −2.79 722.58 691.68 643.10 22.44 −5.15
19 0.01 712.27 675.50 624.60 28.55 −0.12
42 −0.2 743.19 722.13 701.42 12.91 0.33
42 −0.77 870.98 782.02 647.68 79.07 −1.96
68 0.14 650.85 641.81 622.56 10.55 −0.34
.21 −0.83 814.83 790.12 753.27 24.49 −2.00
78 −1.86 710.14 677.08 625.70 24.86 −0.14
.72 −1.39 1836.96 1782.54 1755.13 22.38 −2.21
39 −2.17 1600.36 1580.15 1550.26 21.30 −4.95
54 0.07 2066.94 2023.88 1958.60 32.42 0.36
.2 −0.74 891.56 854.60 787.25 35.63 −4.84
36 −1.97 1190.02 1160.07 1125.74 21.93 −0.54
7 −2.95 871.00 826.20 788.89 24.44 −1.87
19 – 1930.43 1892.12 1819.74 30.67 –
.05 0.09 1863.22 1836.81 1806.85 17.69 −0.73
46 −4.71 – – – – –
58 −3.27 768.65 715.74 647.20 41.64 −2.24
.78 −2.28 795.84 751.84 673.65 48.83 3.65
34 −1.89 – – – – –

24
Table 15
Compared results for the third data set (instances with 50 customers, 5 zones and random threshold).

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst St

vrpnc01 655.03 980.19 650.4 639.76 632.61 4.63 58.39 −0.71 643.92 620.03 607.48 10.37 −1.7 645.34 622.11 600.66 13
vrpnc02_1 711.84 2720.55 709.09 688.01 666.37 12.54 45.55 −0.39 691.71 668.77 655.64 9.71 −2.83 687.82 677.84 654.68 14
vrpnc02_2 586.6 934.35 586.19 576.9 561.24 8.82 47.36 −0.07 562.7 536.38 517.24 12.95 −4.07 559.6 535.87 521.24 13
vrpnc02_3 702.74 2412.58 696.27 683.41 672.35 7.96 54.83 −0.93 683.69 659.45 646.81 10.31 −2.71 677.31 658.27 642.09 9.
vrpnc03_1 828.78 9243.06 844.37 832.49 820.17 9.73 64.84 1.85 830.08 821.23 809.7 7.42 0.16 834.26 831.2 825.1 3.
vrpnc03_2 799.77 5825.25 799.77 788.15 777.43 8.55 77.7 0.00 790.95 778.01 769.44 6.73 −1.1 796.75 779.3 767.98 8.
vrpnc03_3 – – 766.21 760.41 754.28 3.23 63.14 – 761.95 759.73 758.13 1.24 – 747.79 736.7 731.29 5.
vrpnc04_1 693.27 1683.72 693.27 681.43 665.29 7.82 44.72 0.00 680.81 670.71 661.71 6.56 −1.8 671.69 669.9 665.64 3.
vrpnc04_2 859.24 5399.19 859.24 849.53 836.12 8.16 55.06 0.00 849.45 844.22 834.03 4.59 −1.14 845.13 839.83 832.62 3.
vrpnc04_3 673.76 2576.94 672.25 659.34 650.15 5.29 56.41 −0.22 661.54 650.31 629.03 8.38 −1.81 672.25 658.9 634.8 8.
vrpnc05_1 601.28 3756.26 623.84 611.53 600.28 7.78 57.45 3.75 617.03 603.03 593.03 7.78 2.62 623.84 608.13 584.21 11
vrpnc05_2 779.49 689.62 778.62 763.32 751.56 6.53 73.98 −0.11 775.29 747.89 736.13 11.29 −0.54 766.5 750.61 737.42 10
vrpnc05_3 771.26 2406.59 769.06 751.23 740.51 7.98 68.18 −0.29 764.23 752.19 738.4 9.09 −0.91 764.23 746.04 730.03 8.
vrpnc06 612.53 1206.72 610.06 606.2 599.34 4.17 51.01 −0.40 603.87 591.4 576.26 8.64 −1.41 606.82 587.82 568.05 9.
vrpnc07_1 614.88 2175.81 616.32 605.28 581.25 13.72 53.13 0.23 599.5 569.24 560.08 11.49 −2.5 594.05 578.29 570.66 5.
vrpnc07_2 657.87 2590.32 650.5 627.02 605.58 11.87 48.99 −1.13 619.71 605.98 590.45 9.19 −5.8 625.57 616.64 599.49 8.
vrpnc07_3 759.09 37.63 748.16 734.47 718.45 8.5 70.88 −1.46 734.09 714.77 682.21 12.91 −3.29 743.72 725.81 700.95 10
vrpnc08_1 772.78 3331.44 773.61 762.48 752.32 8.43 60.48 0.11 768.24 758.46 749.15 5.93 −0.59 773.61 760.42 745.05 9.
vrpnc08_2 745.56 4813.2 743.08 724.91 714.06 8.15 52.28 −0.33 728.24 720.31 711.62 5.73 −2.32 720.71 715.25 710.96 3.
vrpnc08_3 761.8 69.98 760.71 753.04 731.85 5.31 73.7 −0.14 743.64 731.17 713.9 10.87 −2.38 740.55 727.82 717.15 6.
vrpnc09_1 713.1 5174.93 712.53 701.24 691.38 6.04 62.49 −0.08 705.58 692.35 679.29 6.21 −1.05 713.15 704.41 676.86 6.
vrpnc09_2 740.73 6287.07 741.82 735.12 732.48 3.29 70.81 0.15 741.82 735.85 731.22 2.47 0.15 739.24 733.64 720.71 7.
vrpnc09_3 888.35 2610.84 889.41 880.17 872.59 6.61 59.24 0.12 887.5 876.22 854.56 8.15 −0.1 881.53 881.09 879.43 0.
vrpnc10_1 653.05 3724.04 654.88 648.53 640.11 5.59 46.51 0.28 654.88 650.44 640.22 3.62 0.28 653.94 645.6 629.7 6.
vrpnc10_2 831.5 3533.71 826.26 808.82 794.72 10.65 69.4 −0.63 812.46 794.67 776.03 12.13 −2.29 824.63 801.99 776.16 13
vrpnc10_3 711.13 115.52 708.17 700.86 695.16 4.48 54.93 −0.42 699.88 682 673.32 8.9 −1.58 697.92 695.26 689.48 2.
vrpnc11_1 1878.49 22744.1 1881.79 1865.28 1850.82 14.77 77.82 0.18 1876.32 1842.27 1806.52 13.63 −0.12 1852.41 1843.29 1825.36 10
vrpnc11_2 1683.78 13854.9 1682.41 1652.64 1638.15 16.2 84.81 −0.08 1668.46 1644.45 1621.3 12.23 −0.91 1647.17 1634.44 1621.01 9.
vrpnc11_3 2059.58 36217.5 2062.71 2057.92 2049.87 6.82 85.13 0.15 2062.71 2055 2044.87 6.45 0.15 2060.92 2049.77 2031.97 8.
vrpnc12_1 936.94 113.93 935.74 916.2 892.96 9.75 61.48 −0.13 920.34 905.18 886.984 12.11 −1.77 930.01 907.4 877.83 15
vrpnc12_2 1196.51 468.43 1194.24 1182.57 1169.59 8.94 87.6 −0.19 1185.66 1168.45 1155.46 8.35 −0.91 1172.99 1169.69 1161.01 5.
vrpnc12_3 887.64 163.42 885.64 875.29 866.92 5.57 62.28 −0.23 861.47 846.97 832.05 8.82 −2.95 861.47 857.22 840.45 7.
vrpnc13_1 – – 1927.4 1914.55 1902.73 8.19 60.25 – 1911.87 1893.54 1872.33 10.35 – 1908.03 1889.27 1872.42 8.
vrpnc13_2 1876.91 15921.3 1879.95 1868.29 1859.23 6.98 67.57 0.16 1862.57 1848.84 1837.08 7.89 −0.76 1878.65 1858.72 1840.7 11
vrpnc13_3 2265.19 33049.2 2181.39 2165.6 2154.42 10.63 85.86 −3.84 2168.87 2139.21 2121.36 16.75 −4.25 2158.6 2148.57 2135.83 6.
vrpnc14_1 786.29 976.58 769.05 760.84 751.87 5.35 61.57 −2.24 762.53 755.45 744.38 3.94 −3.02 760.59 752.2 744.04 4.
vrpnc14_2 767.82 3116.25 768.65 755.21 748.92 7.82 76.83 0.11 759.99 737.17 713.4 14.67 −1.02 750.31 734.03 710.47 15
vrpnc14_3 806.35 3486.75 807.68 795.16 782.73 10.26 48.18 0.16 795.46 771.15 754.3 12.42 −1.35 791.08 768.24 761.81 8.
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4.5 0.58 287.31 257.46 220.48 18.06 −3.00
5.52 −0.08 518.61 489.74 450.94 17.64 −0.94
6.38 0.24 1008.95 982.98 948.49 16.46 −0.40
6.46 0 526.02 482.42 436.10 24.62 −2.46
6.64 0.28 455.04 421.69 370.35 20.86 −1.40
4.43 0.07 780.54 745.37 698.56 22.62 −0.97
4.81 0.14 1470.23 1440.30 1392.04 19.47 −0.43
6.43 −0.26 840.88 770.79 694.36 41.00 −2.72
7.79 −0.67 547.43 521.34 483.23 20.61 −1.65
7.6 −0.68 850.51 828.77 792.81 18.67 −0.91
7.21 −0.53 1628.79 1607.74 1572.76 18.61 −0.20
8.44 −1.67 893.94 857.09 804.06 28.99 −2.46

25
Table 16
Compared average results for different instance categories.

Instance Benchmarks Hybrid ALNS ALNS VNS

Opt Time(s) Opt Ave Worst Std Time(s) Gap(%) Opt Ave Worst Std Gap(%) Opt Ave Worst

(35, 3, low) 291.8 6173.56 295.51 292.31 289.13 2.1 5.27 0.98 294.15 288.27 281.22 4.06 0.8 293.51 287.46 279.14
(35, 3, medium) 521.67 4127.21 523.67 520 515.88 2.48 4.66 0.32 521.81 517.8 512.07 3.24 0.03 521.26 514.07 505.06
(35, 3, high) 1011.2 3568.52 1016.02 1013.37 1010.5 1.92 7.1 0.39 1013.14 1010.82 1007.25 1.93 0.19 1013.6 1006.16 994.83
(35, 3, random) 541.78 2085.33 542.86 540.75 533.61 1.97 4.81 0.12 542.05 537.53 530.93 3.62 0.05 541.78 532.15 521.68
(50, 3, low) 458.1 8124.6 462.4 455.24 447.09 4.77 38.12 0.81 458.15 448.46 436.93 6.23 0.01 459.39 449.81 437.67
(50, 3, medium) 783.8 8452.67 788.87 781.5 773.62 4.55 38.08 0.45 782.91 773.29 763.06 6.07 −0.11 784.34 775.29 765.58
(50, 3, high) 1473.61 9143.9 1480.01 1472.39 1464.37 4.47 39.51 0.32 1474.26 1464.57 1453.65 6.27 0.04 1475.66 1466.41 1454.76
(50, 3, random) 862.34 5056.14 863.74 855.3 845.87 5.31 36.89 0.18 860.72 848.89 835.4 7.83 −0.19 860.13 849.18 837.85
(50, 5, low) 552.25 7872.64 553.7 542.94 533.46 5.81 61.98 0.04 547.64 532.6 517.75 8.39 −0.84 548.58 533.54 519.86
(50, 5, medium) 861.13 8337.33 864.29 854.6 844.47 5.74 63.44 0.3 855.33 842.54 829.3 8.11 −0.68 855.34 841.52 828.46
(50, 5, high) 1642.23 9011.26 1647.1 1637.47 1628.97 5.77 69.35 0.3 1638.58 1628.54 1618.12 6.08 −0.22 1633.53 1620.52 1607.24
(50, 5, random) 924.19 5678.11 920.86 908.56 896.36 8.21 63.26 −0.19 910.42 894.15 879.3 9.13 −1.51 909.01 896.54 881.43
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Table 17
The statistic tests for the experimental results.

Instances with 35 customers and 3 regions

Algorithm Average rank

1 2.7818
2 1.7152
3 2.6788
4 2.6606
5 4.2364

Test p-value Comment
2–1 2.44E−16 Reject 𝐻0
2–3 7.86E−17 Reject 𝐻0
2–4 1.02E−14 Reject 𝐻0
2–5 8.91E−31 Reject 𝐻0

Instances with 50 customers and 3 regions

Algorithm Average rank
1 1.649
2 1.7152
3 3.2715
4 3.0464
5 3.7086

Test p-value Comment
2–1 3.12E−10 Reject 𝐻0
2–3 3.39E−20 Reject 𝐻0
2–4 2.46E−19 Reject 𝐻0
2–5 3.54E−18 Reject 𝐻0

Instances with 50 customers and 5 regions

Algorithm Average rank
1 2.4056
2 1.6294
3 3.4755
4 3.6014
5 3.4825

Test p-value Comment
2–1 1.46E−25 Reject 𝐻0
2–3 7.90E−59 Reject 𝐻0
2–4 4.21E−53 Reject 𝐻0
2–5 3.27E−57 Reject 𝐻0

note:1:benchmarks; 2:hybrid ALNS; 3:ALNS; 4:VNS; 5:SA.
een from Fig. 10, the increase of threshold values (from low to high)
ecreases the improvement level (the gap from 0.57% to 0.34%) of
ybrid ALNS, and hybrid ALNS improves the benchmarks of instances
ith random threshold profiles the least. In particular, ALNS and VNS

an only find better benchmarks for the instances with low threshold
rofiles. SA is powerless for solving all the sets of instances since the
aps of this algorithm are always less than zero. It is also concluded
hat the instance set with random threshold profiles is the hardest set
o be improved.

.3. Statistic test

In this paper, a variety of heuristic algorithms are proposed to
olve the same instances. In order to further verify the performance
f the algorithm, we use statistical analysis to illustrate (Shi et al.,
017). Friedman’s test is a non-parametric statistical test proposed by
ilton Friedman. The purpose of this approach is to detect processing

ifferences across multiple tests. Considering the specific characteristics
f our work, we examine each pair of different methods. Here are two
ypotheses.
𝐻0: The difference between the solutions obtained by the two

ethods follows a symmetric distribution around zero;
𝐻1: The difference between the solutions obtained by the two

ethods does not follow a symmetric distribution around zero;
The results are reported in Table 17. We can find the average rank

alues and the p-values for instances that are divided into three groups.
he Average values show that hybrid ALNS performs better than other
lgorithms tested in the paper. Additionally, the p-values are all less
han 0.05, which rejects 𝐻0 and indicates the results have a significant
ifference.
26
6. Managerial insights

The model and algorithm studied in this paper have critical man-
agement implications in specific business practice. First of all, in the
classical routing planning problem model (such as CVRP, VRP with
time windows, etc.), it is generally assumed that the transportation
price is given (probably not optimal). But in fact, in order to facilitate
unified management in these practical problems, such as in the man-
agement of ride-sharing services and fast-food delivery services, pricing
is often considered along with route planning. The study in this paper
provides reference for this management approach. In addition, in the
previous studies on the exact algorithm, the calculation time is time-
consuming. In practice, the route planning and pricing strategy is a
fast-decision-making problem. When the decision maker receives the
orders, he or she generally attempts to make a quick optimal decision
within a short time (such as within 60 s). The algorithm proposed
in this study can quickly give effective and reliable solutions to the
designed instances, so the development of hybrid ALNS is essential
in practice. This algorithm is also the premise of further developing
decision support system in the related industrial management.

7. Conclusions and perspectives

Regarded as an extension model of CVRP, VRPZP has potential
applications in practice. Current research on this model mainly focuses
on solving it using exact algorithms, which are not too efficient when
the problem is large. In this paper, based on this, the ALNS algorithm
is designed to solve these arithmetic cases for the benchmark instances
in previous studies and the problem’s characteristics. A total of 472
instances are tested in this study, and the experimental results show
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that the algorithm has good computational accuracy and significantly
improves the solution time. One of the limitations of the ALNS is that
the selection of the neighborhood operators is still not effective enough
for all the instances, we will employ the deep reinforcement learning
method in the ALNS in the future to guide the local search operators
in exploring better solutions. Additionally, The vehicle routing problem
with the pricing strategy in this paper has an actual application in the
take-out industry. However, this study does not consider the customer’s
time window and multiple restaurant departure points. Therefore, in
future research, the model will be further extended to consider multiple
departure points and customers’ time windows (Jie et al., 2022). The
results will be simulated based on actual take-out data.
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ppendix

Sets and parameters:
𝑍: set of the zones.
𝑉0: set of all the customers.
𝑂: the unique depot.
𝑉𝑖: set of all the customers in the 𝑖th zone.
𝑉 : set of all the vertices, including all the customers and

depots on the defined graph. 𝑉 = ∪𝑖∈𝑍𝑉𝑖 ∪𝑂;
𝑞𝑖: the demand for customer 𝑖.
𝑄: the capacity of each vehicle.
�̄� : 𝑄 + 𝑚𝑎𝑥𝑖∈𝑉0{𝑞𝑖}.
𝑡ℎ𝑖: the threshold value of price for each customer.
𝑧(𝑖): the zone ID where the customer 𝑖 located in, and

obviously 𝑧(⋅) is a function depends on the customers.
𝑐𝑖𝑗 : the transportation cost between vertices 𝑗 and 𝑗.
Decision variables:
𝑥𝑖𝑗𝑘: if vehicle 𝑘 travels from node 𝑖 to node 𝑗, in which

𝑖 ≠ 𝑗, 𝑥𝑖𝑗𝑘 = 1. Otherwise, 𝑥𝑖𝑗𝑘 = 0.
𝜔𝑖: if the customer 𝑖 accepts the price, 𝜔𝑖 = 1; otherwise

𝜔𝑖 = 0;
𝑝𝑙: the transportation price in zone 𝑙
𝑢𝑖: total delivered load when the vehicle leaves node 𝑖;
𝑢𝑂 = 0.

27
max 𝑓 (𝑅, 𝑃 ) =
∑

𝑖∈𝑉0

𝑤𝑖 ⋅ 𝑝𝑧(𝑖) −
∑

𝑖∈𝑉

∑

𝑗∈𝑉
𝑐𝑖𝑗 ⋅ 𝑥𝑖𝑗 (2)

𝑤𝑖 ⋅ 𝑝𝑧(𝑖) ⩽ 𝑡ℎ𝑖,∀𝑖 ∈ 𝑉0 (3)

∑

𝑖∈𝑉𝑘

𝑤𝑖 ⩾ 1 ∀𝑘 ∈ {1,… , |𝑍|} (4)

∑

𝑖∈𝑉
𝑥𝑖𝑗 = 𝑤𝑗 ∀𝑗 ∈ 𝑉0 (5)

∑

𝑖∈𝑉
𝑥𝑖𝑗 −

∑

𝑖∈𝑉
𝑥𝑗,𝑖 = 0 ∀𝑗 ∈ 𝑉 (6)

𝑢𝑖 − 𝑢𝑗 + 𝑞𝑗 + �̄� ⋅ 𝑥𝑖,𝑗 ⩽ �̄� ∀𝑖 ∈ 𝑉 ,∀𝑗 ∈ 𝑉0 (7)

𝑢𝑖 ⩽ 𝑤𝑖 ⋅𝑄 ∀𝑖 ∈ 𝑉0 (8)

𝑤𝑖 ∈ {0, 1} ∀𝑖 ∈ 𝑉0 (9)

𝑥𝑖𝑗 ∈ {0, 1} ∀𝑖, 𝑗 ∈ 𝑉 (10)

The objective function (2) maximizes the difference between the
total price charged and the travel cost. According to constraints (3),
the customer accepts the service if the price proposed for their area
is less than or equal to their threshold. Constraints (4) compel the
carrier not to completely abandon a geographic area and serve at
least one customer. If the customer agrees to the service, the vehicle
should visit him, subject to constraints (5)–(6). Constraints (7) are flow
equations for the demand. Moreover, the subtours can be eliminated
using constraints (7) (Miller–Tucker–Zemlin subtour elimination). The
otal load delivered by each vehicle is limited by the capacity under
onstraints (8). Constraints (9)–(10) define the range of the variables.
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