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 A B S T R A C T

Satisfactory and fast customer service is one of the critical parts of last-mile delivery. Companies like 
Amazon prioritize Prime members with same-day delivery while offering lockers for customer convenience. 
Additionally, robot-aided Electric Vehicle (EV) delivery is recognized for its cost efficiency and fast service 
in densely populated areas. Integrating EVs, delivery robots, and lockers, and prioritizing Prime customers 
can improve efficiency and service responsiveness. This integrated approach offers home delivery by EVs 
and robots and self-pickup from lockers. Every customer is assigned a prize (profit), with a higher profit 
associated with the Prime membership. Each EV dispatches robots, with a ‘‘dispatch-wait-collect" tactic, to 
serve the customers, while some customers are allocated to the lockers. This study introduces the Robot-
Aided Electric Vehicle Routing Problem with Lockers and Prime Customer Prioritization (REVRP-LPCP), which 
aims to determine the least-cost routes for EVs and robots, assign customers to lockers, and prioritize prime 
customers by serving them within a single-period planning horizon. The REVRP-LPCP is formulated using a 
mixed-integer linear programming model, improving the EV-only-based delivery system by 52.94% and 21.95% 
in EV route and utilization costs on average. A metaheuristic is introduced, incorporating problem-specific 
repair and improvement operators to efficiently address large instances of the problem, outperforming Gurobi 
in 36 large instances by an average of 2.79% in terms of solution quality. Also, our method has identified 
44 new best solutions in the related benchmarks. A comprehensive sensitivity analysis is conducted, assessing 
various scenarios and providing managerial insights.
1. Introduction

Customer service is recognized as one of the most critical elements 
in last-mile delivery. Effective customer service can make or break a 
company’s opportunity to convert a potential customer into a loyal 
one. Following a satisfactory customer service interaction, 89% of 
consumers are inclined to return and make additional purchases (Help-
scout.com, 2024). In practical scenarios, companies may prioritize 
specific customers, such as those with Prime membership on platforms 
like Amazon, by offering them same-day delivery to enhance the quality 
of customer service. In addition, providing an opportunity for the 
customer to pick up their orders from the so-called (parcel) lockers 
will improve customer satisfaction (Boysen et al., 2021; Wang et al., 
2021). As a self-collection service, lockers alleviate the high expenses 
associated with home delivery (Wang et al., 2022). They are typically 
situated at various locations, such as post offices, transportation hubs, 
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stores, and stop kiosks. Once the customer places an order, it is stored 
in a suitable locker, and they are notified via the mobile app or SMS. 
Then, they open the locker using a secure QR code and pick up the 
order. Moreover, Electric Vehicle (EV)-based robot delivery is gaining 
attention due to its impact on efficiency and sustainability, as EVs 
are equipped with some robots. These robots, such as electric-powered 
Sidewalk Autonomous Delivery Robots (SADRs), can navigate areas 
with restricted EV access, densely populated zones, or campuses (Yu, 
Puchinger, & Sun, 2022). 

An innovative integrated delivery system, combining EV, SADR, 
and locker services, while prioritizing prime customers, can potentially 
increase efficiency (operational costs), service responsiveness, and en-
vironmental sustainability. This integrated delivery approach allows 
companies to prioritize the prime customers’ demands through three 
delivery options: home delivery by an EV and a robot, or self-collection 
service by a locker. To define the prime customers, each customer is 
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associated with a score (prize or profit) to be served; a higher profit 
indicates a higher degree of prime membership or loyalty. The prime 
customers are prioritized and must be served via an EV, robot, or 
locker within a single-period planning horizon; however, the remaining 
customers (non-prime ones) may be served that day or not be served 
(they may be planned to be served next day while adding a penalty cost 
for delays). The present paper studies this integrated parcel distribution 
by considering several practical constraints: cargo load and battery 
capacity of EVs, location of Charging Stations (CSs) to recharge the 
EVs, battery capacity of SADRs, accommodation capacity and coverage 
range of lockers, and fulfilling a minimum ratio of demands to ensure 
the customer service.

This multi-modal parcel delivery problem is known as the Robot-
aided Electric Vehicle Routing Problem with Lockers and Prime Cus-
tomer Prioritization (REVRP-LPCP), which involves finding the optimal 
routes for EVs and robots, prioritizing prime customers, and locating 
lockers for self-collection services. Each EV has a specific number of 
SADRs, which can leave the EV at some drop-off points, deliver the 
parcel to a customer, and return to the exact EV for package retrieval 
or battery swapping at the same drop-off point, known as the ‘‘dispatch-
wait-collect’’ tactic (Srinivas et al., 2022). Each robot is used only once 
at a drop-off point but may be reused at the following drop-off point. 
We assume that robots are recharged quickly with battery swapping 
inside the EV and become ready to dispatch at the next stopping point. 
These drop-off points are chosen from customer locations, such as 
parking sites, enabling the EV to serve the customer at that point while 
the SADR serves a nearby customer. Also, the customers are assigned 
to (covered by) some designated lockers. A customer is served if his/her 
demand is satisfied via an EV, SADR, or locker. The REVRP-LPCP aims 
to minimize the EV’s route and utilization, the robot’s traveling, and the 
lockers’ opening costs. Additionally, we consider the customers’ profits 
as negative costs, so we deduct the served customers’ profits from the 
other costs in the problem’s objective to obtain the total cost of the 
delivery system. The REVRP-LPCP is illustrated through an example in 
the first section of the paper’s supplementary material file.

The REVRP-LPCP is a novel parcel delivery approach, which has 
not been studied in the literature to the author’s best knowledge. 
From the self-collection service perspective, it extends the ‘‘Vehicle 
Routing Problem with Parcel Lockers (VRP-PL)’’ (Orenstein et al., 2019) 
by incorporating the concepts of prime customers and EV-and-robot-
based home delivery. From a robot-assisted delivery perspective, it 
also extends ‘‘VRP with Robots (VRP-R)’’ (Chen, Demir, & Huang, 
2021) by assuming EV, locker, and prime customers. Additionally, it 
generalizes the ‘‘Electric VRP with selective customers’’ (Cortés-Murcia 
et al., 2023) by considering self-collection and robot-based home de-
livery services. The paper’s contributions are provided as follows. (i) 
Proposing a new multi-modal parcel distribution using EVs, robots, 
and lockers while prioritizing the prime customers. (ii) Formulating 
the above problem using a Mixed-Integer Linear Programming (MILP) 
model. (iii) Comparing the proposed multi-modal approach with an EV-
based delivery system, analyzing the optimal solution and efficiency 
of the proposed delivery system over newly generated benchmarks. 
(iv) Proposing a metaheuristic, with problem-specialized repair and 
improvement operators, to address the large-scale (practical) instances, 
outperforming the Gurobi (Gurobi, 2024) and obtaining the new best 
solution in the related problems. (v) Conducting sensitivity analysis on 
the problem’s parameters, evaluating the model’s performance under 
different scenarios, and presenting managerial insights.

The paper is structured as follows: Section 2 provides a review 
of the literature and background relevant to the problem. Section 3 
outlines a mathematical programming model for the problem. Section 4 
presents a metaheuristic for tackling the problem’s intractability due to 
its large size. Section 5 displays the results, managerial insights, and 
comprehensive sensitivity analysis. Section 6 presents conclusions and 
future studies.
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2. Related works

This section examines the relevant works, encompassing EV-based 
delivery problems with lockers (Section 2.1), robots (Section 2.2), 
and customers with prime membership (Section 2.3). To identify the 
distinctions and similarities, it concludes with a comparison between 
REVRP-LPCP and existing problems (Section 2.4).

2.1. (Electric) vehicle routing problems with lockers

Lockers, also known as Pickup Stations (PSs), provide storage and 
delivery services for goods, allowing customers to retrieve their deliver-
ies. Locker delivery is automated and typically consists of kiosks, public 
stations, or stores. Additionally, customers can access lockers 24/7, un-
like the PSs, which are open only during working times (Mangiaracina 
et al., 2019). Parcel delivery employing lockers or PSs is also known as 
‘‘out-of-home delivery’’ (Janinhoff et al., 2024). Veenstra et al. (2018) 
presented a combined facility location and VRP relevant to healthcare 
logistics in the Netherlands. The scenario involves delivering medi-
cation from local pharmacies through lockers, accessible to patients 
within a designated coverage area, or via home delivery. Orenstein 
et al. (2019) introduced a model to deliver the orders to ‘‘Service Points 
(SPs)’’ and lockers, proposing effective solution methods.

Sitek and Wikarek (2019) introduced the ‘‘Capacitated VRP with 
Pick-up and Alternative Delivery (CVRPPAD)’’ model by combining 
features from VRP with pick-up and delivery and implemented the 
model using constraint logic and mathematical programming. Alter-
native delivery points include postal outlet, home delivery, and par-
cel locker. The extension of CVRPPAD with time windows was also 
solved by constraint programming and Genetic Algorithm (GA) (Sitek 
et al., 2020, 2021). Also, Jiang et al. (2020) introduced the option 
for customers to receive orders at home or gather from nearby lock-
ers, denoted as the ‘‘Traveling Salesman Problem with Lockers and 
Time Windows (TSP-L-TW)’’ while developing a MILP and a Variable 
Neighborhood Descent (VND) algorithm. Extending with multiple ve-
hicles, Buzzega and Novellani (2023) examined the ‘‘VRP with Lockers 
and Time Windows (VRP-L-TW)’’, proposing a branch-and-cut algo-
rithm. ‘‘Two-Echelon VRP with Covering Options (2E-VRP-CO)’’ was 
suggested by Enthoven et al. (2020). Trucks from a central depot 
deliver goods to covering locations (lockers) for customer pickup and 
satellite locations for transfer to zero-emission vehicles. Also, ‘‘Two-
Echelon VRP with Locker Facilities (2EVRP-LF)’’, introduced by Redi 
et al. (2020), minimizes transportation costs using Simulated Annealing 
(SA) and a two-phase optimization model combining the p-median 
problem and capacitated VRP. Additionally, Vincent et al. (2023) in-
troduced the ‘‘Two-Echelon VRP with Time Windows, Intermediate 
Facilities, and Occasional Drivers (2E-VRPTW-IF-OD)’’, minimizing op-
erational costs where goods are transported from a source to interme-
diate facilities like satellites and lockers. The problem was formulated 
as a MILP model and solved by a hybrid Adaptive Large Neighborhood 
Search (ALNS) approach.

Vincent et al. (2022) introduced the ‘‘VRP with Parcel Lockers 
(VRPPL)’’, minimizing total traveling costs by optimizing home and 
locker deliveries. Additionally, to address delivery failures in last-
mile delivery and improve customer satisfaction, Dumez et al. (2021) 
explored various delivery options and introduced a novel approach 
known as the ‘‘VRP with Delivery Options (VRPDO)’’. This model 
integrated various delivery locations, enabling customers to specify 
multiple options with preference levels and time windows. Various 
solution approaches have been suggested for VRPDO, including the 
branch-price-and-cut algorithm (Tilk et al., 2021) and ALNS (Janinhoff 
et al., 2023). Additionally, Grabenschweiger et al. (2021) investigated 
the ‘‘VRP with Heterogeneous Locker Boxes (VRP-HL)’’ to minimize 
total routing and compensation costs while optimizing parcel packing 
into locker boxes.
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Recently, Yu, Susanto, et al. (2022) focused on the ‘‘VRP with 
Simultaneous Pickup and Delivery and Parcel Lockers (VRPSPDPL)’’, 
considering three service modes: home delivery, locker delivery, and 
combined home or locker delivery. Also, Wang et al. (2022) proposed a 
‘‘Location-Routing Problem with PSs (LRP-PS)’’ to optimize the opening 
locations of PSs and delivery plans for Green Vehicles (GVs). They 
presented a MILP and a branch-and-price algorithm. Also, Vukićević 
et al. (2023) investigated the EV-based delivery problem with lockers, 
offering customers home-attended delivery or self-collection service 
from lockers, employing a Variable Neighborhood Search (VNS) al-
gorithm. Yu et al. (2023) also introduced EVRP with Time Windows 
(EVRP-TW) with partial recharges and lockers, devising an ALNS to op-
timize routes and assign customers to lockers, considering EV recharg-
ing constraints. Recently, Mobile Parcel Lockers (MPLs) have emerged 
as a flexible alternative to fixed lockers, offering temporary pickup 
points that can be repositioned to better serve customer demand and 
reduce infrastructure costs. Liu et al. (2023) focused on the deployment 
and routing optimization of MPLs, treating the problem as a dynamic 
location-routing problem and solving it using a hybrid Q-learning 
network-based method. Similarly, Kötschau et al. (2023) examined a 
heterogeneous locker location problem that integrates both fixed and 
mobile lockers to improve customer coverage and cost efficiency. Their 
findings demonstrated that including MPLs can boost service coverage 
by 14%–19%. These works show the growing interest in mobile locker 
strategies to enhance last-mile logistics performance.

Notably, the VRP with lockers is derived from the basic, well-
known ‘‘Capacitated Multiple Ring Star Problem (CmRSP)’’ (Baldacci & 
Dell’Amico, 2010; Baldacci et al., 2007), in which m cycles (routes) are 
constructed, starting from a central depot node, visiting the demand 
nodes (customers) and Steiner nodes (known as transit points), and 
returning to the same depot. In CmRSP, the Steiner nodes have the same 
function as the locker in VRPPL; they cover the nearby demand nodes 
if they are within the coverage range (Baldacci et al., 2017; Calvete 
et al., 2013; Naji-Azimi et al., 2010, 2012). For more details on routing 
problems with coverage, see Glock and Meyer (2023), Moradi et al. 
(2024).

2.2. (Electric) vehicle routing problems with robots

The robots assist sellers and logistics providers in mitigating losses 
from last-mile delivery failures. Two primary types of autonomous 
delivery robots exist: SADRs, confined to pedestrian paths, and ‘‘Road 
Autonomous Delivery Robots (RADRs)’’, which operate on roadways. 
This section reviews the literature on EV-and-SADR-based delivery 
problems. For interested readers, the recent review work on robot-aided 
delivery problems by Srinivas et al. (2022) is suggested. Boysen et al. 
(2018) devised a scheduling-routing model to optimize truck routes 
between robot depots and drop-off locations to minimize late customer 
deliveries, called the ‘‘Capacitated Single Vehicle Scheduling Problem 
with Truck-Based Autonomous Robots (CSVSP-TBAR)’’. Robots carried 
individual parcels, deployed from the truck, and then returned to a 
robot depot in the city center. Also, Jennings and Figliozzi (2019) ad-
dressed U.S. regulations, technical capabilities, and time/cost savings of 
SADRs, suggesting significant cost and time savings in specific scenarios 
by reducing on-road travel per package delivered. Deng et al. (2020) 
studied the ‘‘VRP with Movement Synchronization (VRPMS)’’, integrat-
ing drone and robot technologies into parcel delivery operations.

In another approach, traditional trucks are transformed into a cen-
tral system, called a ‘‘mothership’’, capable of carrying multiple SADRs 
and parcels. By stopping at specific points, the mothership dispatches 
SADRs to deliver the orders to nearby customers. For example, Si-
moni et al. (2020) explored a truck-robot system called ‘‘TSP with 
Robots (TSP-R)’’, considering scenarios akin to truck-drone setups but 
with robots having slower speeds and the ability to handle multiple 
consecutive deliveries. Also, Ostermeier et al. (2022) introduced a 
‘‘cost-optimal routing strategy’’ for hybrid truck-and-robot delivery, 
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aiming to minimize total delivery expenses while considering the avail-
able number of robots and time windows. In addition, Chen, Demir, 
Huang and Qiu (2021) introduced the ‘‘VRP with Time Windows and 
Delivery Robots (VRPTWDR)’’, aiming to optimize delivery operations 
by incorporating robots alongside drivers. Chen, Demir, and Huang 
(2021) also investigated VRPTWDR and proposed an ALNS heuristic 
algorithm to address it. The VRPTWDR differs from CSVSP-TBAR as 
the robot facilities are not included.

Heimfarth et al. (2022) introduced a novel mixed truck and robot 
delivery concept with robot depots, proposing a VNS algorithm.
Also, Alfandari et al. (2022) optimized the routes from a depot to desig-
nated facilities where the robots handle last-mile deliveries to minimize 
tardiness based on customer deadlines. Recently, Ostermeier et al. 
(2023) studied the ‘‘Multi-Vehicle Truck-and-Robot Routing Problem 
with Depots (MVTR-RP-D)’’, routing multiple trucks, making clustering 
decisions, and selecting proper places for the robot to launch. Yu, 
Puchinger, and Sun (2022) introduced a new delivery system using 
EVs and robots with en-route charging and each van carrying a robot 
for accessing restricted areas, developing a MILP and a ‘‘greedy route 
evaluation and a linear programming-based method’’. The robot-aided 
delivery problems are similar to the drone-aided deliveries in formula-
tion and modeling; however, the traveling paths for robots and drones 
are based on Manhattan and Euclidean distances, respectively. Also, 
drones travel faster than robots, facing stricter airspace regulations and 
safety measures (Chen, Demir, & Huang, 2021).

2.3. Selective electric vehicle routing problems

The EVRP with profits (prizes), initially introduced by Wang et al. 
(2018) as the ‘‘EV Tourist Trip Design Problem (ETTDP)’’, maximizes 
the profits by serving customers by an EV. Cortés-Murcia et al. (2019) 
also proposed a branch-and-price algorithm for ‘‘Electric-Capacitated 
Profitable Tour Problems with Mandatory Stops (E-CPTP-MS)’’. Sim-
ilarly, Cortés-Murcia et al. (2023) extended this problem to multi-
ple periods, enhancing the algorithm to synchronize idle time for 
recharging EV batteries with lunch breaks. Jiang et al. (2022) explored 
TSP with Parcel Lockers (TSP-PL) with selective customers, optimiz-
ing customer profit collection while considering each locker’s service 
coverage and capacity. Trachanatzi et al. (2020, 2021) presented the 
‘‘Environmental VRP with Selective Customers (E-VRP-SC)’’, which 
incorporates a variable cost that considers both route expenses and 
a ‘‘load-distance function’’ designed to minimize CO2 release. They 
introduced a ‘‘Teaching–Learning-based Optimization (TLO)’’ approach 
to solving E-VRP-SC. Also, Moradi and Boroujeni (2024) studied the 
‘‘Prize-collecting EVRP with Time Windows (PC-EVRP-TW)’’, using EVs 
for serving the high-priority customers and proposing a MILP and a 
metaheuristic.

2.4. Summary of works

This work differs from the abovementioned problems, as Table  1 
presents the differences and similarities. The column  indicates the 
consideration of recharging infrastructure in the problem. The nota-
tions related to the columns of ’Objectives functions’ and ‘Constraints’ 
of Table  1 are given in Table  2. The literature review indicates that the 
problem addressed in this study is unique in the literature regarding 
delivery technologies, objectives, and constraints. We fill the study gap 
in the literature by addressing an integrated EV-and-robot-and-locker-
based parcel delivery system serving prime customers, developing the 
MILP model, and introducing a metaheuristic with tailored operators 
to solve large-scale instances (which outperforms Gurobi and achieves 
new best-known solutions in related benchmarks).
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Table 1
Comparison of the REVRP-LPCP with the related problems.
 Problem Variant  Objective functions Constraints Solution method Publications  
 

Selective (electric) vehicle routing

ETTDP ✓ 11 279 Heuristic Wang et al. (2018)  
 E-CPTP-MS ✓ 110 127 Branch-and-price Cortés-Murcia et al. (2019)  
 E-VRP-SC 1211 18 Firefly algorithm Trachanatzi et al. (2020)  
 E-VRP-SC 1211 18 TLO Trachanatzi et al. (2021)  
 Multi-period E-CPTP-MS ✓ 111 127 Branch-and-price Cortés-Murcia et al. (2023)  
 PC-EVRP-TW ✓ 1211 1278 Hybrid VNS-SA Moradi and Boroujeni (2024)  
 

(Electric) vehicle covering routing

VRP with lockers 145 59 Branch-and-bound Veenstra et al. (2018)  
 2E-VRP-CO 14 15610 ALNS Enthoven et al. (2020)  
 TSP-L-TW 145 567 VND Jiang et al. (2020)  
 VRPSPDPL 1 167 SA Yu, Susanto, et al. (2022)  
 VRPPL 1 167 SA Vincent et al. (2022)  
 LRP-PS 1245 125610 Branch-and-price Wang et al. (2022)  
 TSP-PL with selective customers 511 56 VNS Jiang et al. (2022)  
 EV-based delivery with locker ✓ 16 25 VNS Vukićević et al. (2023)  
 VRP-L-TW 14 1567 Branch-and-cut Buzzega and Novellani (2023)  
 EVRP-TW with partial recharges and locker ✓ 1 126710 ALNS Yu et al. (2023)  
 

Robot-aided delivery

CSVSP-TBAR 7 17 Heuristic Boysen et al. (2018)  
 VRPTWDR 178 147 ALNS Chen, Demir, and Huang (2021) 
 Truck-robot delivery 13789 147 VNS Heimfarth et al. (2022)  
 Truck-robot delivery 1378 37 Heuristic Ostermeier et al. (2022)  
 EV-robot with en-route charging ✓ 13 12347 ALNS Yu, Puchinger, and Sun (2022)  
 MVTR-RP-D 13789 147 SINS Ostermeier et al. (2023)  
 REVRP-LPCP ✓ 123511 124568 LNS-SA Present work  
Table 2
The objective functions and constraints addressed in the literature.
 Objective functions Constraints

 Notation Description Notation Description  
 1 Min. truck or EV traveling cost (traveling time) 1 Truck or EV’s load capacity  
 2 Min. truck or EV utilization cost (number of used EVs) 2 EV’s battery capacity  
 3 Min. traveling cost (traveling time) of robots or drones 3 Robots or drones’ load capacity  
 4 Min. assignment cost of the customer to lockers or PSs 4 Robots or drones’ battery capacity  
 5 Min. opening cost of lockers or PSs 5 Coverage range of locker or PS  
 6 Min. EVs’ charging time at CS 6 Accommodation capacity of locker or PS  
 7 Min. late delivery for customers 7 Time window for customers  
 8 Min. robots or drones’ waiting time at customer nodes 8 Task completion (serving a minimum ratio of demands)  
 9 Min. returning time of vehicles (robots) to the depot 9 Routes with limited duration  
 10 Min. energy consumption 10 Maximum number of used vehicles (e.g., trucks, EVs, robots, or drones) 
 11 Max. (Min.) collected prizes (negative profits) for serving the customers  
3. Problem statement and formulation

The REVRP-LPCP determines the most cost-efficient routes for mul-
tiple EVs, identifies the optimal locations for lockers, and determines 
the drop-off points for robots to serve customers. The aim is to deliver 
the orders to the prime customers using an EV or a robot, or assign 
them to the designated locker for parcel pickup. Non-prime customers 
may also be served by the EV, robot, and locker, or not served at 
all (i.e., assigned to next-day delivery). For example, when comparing 
Amazon Prime and standard shipping options, non-Prime customers 
might experience longer delivery times. EVs may need to visit CSs 
or lockers (for parcel delivery) during their routes. Some customers 
may collect their orders from a nearby locker. Each EV is equipped 
with several delivery robots and could drop off these robots to serve 
the customers; however, the robots visit only one customer and must 
return to the initial EV at the exact drop-off point for battery swap-
ping and package retrieval. A robot can be used multiple times at 
different drop-off points, but it can only be dispatched once at each 
location. Additionally, battery swapping within the EVs enables the 
robots to recharge fully and be utilized at the next drop-off point. 
The REVRP-LPCP minimizes the EVs’ routing (traveling) and utilization 
costs, opening costs of lockers, traveling costs of robots, and negative 
profits collected from customers.

3.1. Mathematical formulation

The addressed problem, REVRP-LPCP, is represented by a direct 
graph 𝐺 = (𝑉 ,𝐴), where 𝑉 = {0} ∪ 𝐶 ∪ 𝐹 ∪ 𝐿 ∪ {𝑁 + 1} is the set of 
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nodes. The nodes 0 and 𝑁 +1 denote the central depot and its dummy, 
respectively, where 𝑁 is the total number of customers, CS, and locker 
nodes. 𝐶, 𝐹 , and 𝐿 are the sets of customer nodes, the location of 
CSs, and the available lockers, respectively, and 𝑉 ′ = 𝐶 ∪ 𝐹 ∪ 𝐿
represents their union. Also, 𝐴 = {(𝑖, 𝑗) ∶ 𝑖 ∈ 𝑉 ⧵ {𝑁 + 1}, 𝑗 ∈
𝑉 ⧵{0}} is the set of all directed arcs between the nodes. Every customer 
node in the set 𝐶 is assigned a specific demand 𝑞𝑖 and a priority or 
prime membership represented by the profit 𝑝𝑖. The depot contains |𝐾|

homogeneous EVs with a cargo load capacity 𝑄, battery consumption 
rate 𝑟, battery recharging rate 𝑔, battery capacity 𝐵, traveling speed 𝑣, 
and a fixed utilization cost  . Additionally, each EV is equipped with 𝑚
homogeneous robots with a battery capacity of 𝐵′, battery consumption 
rate 𝑟′, and traveling speed 𝑣′. Each robot can serve only one customer 
per drop-off point, but can be dispatched again at the following drop-off 
point. Each locker has a fixed accommodation capacity 𝑄′ (the number 
of demands it can fulfill), a coverage range 𝐷, and an opening cost 
 . In addition, each arc (𝑖, 𝑗) ∈ 𝐴 associates with a travel distance 
𝑑𝑖𝑗 , EV’s traveling cost 𝑐𝑖𝑗 , EV’s traveling time 𝑡𝑖𝑗 , robot’s traveling cost 
𝑐′𝑖𝑗 , and robot’s traveling time 𝑡′𝑖𝑗 . To maintain the quality of customer 
service, a certain proportion of all demands must be fulfilled through 
either home delivery or self-collection services, as specified by the ‘‘task 
completion parameter’’, denoted by ‘𝑎’ (Tang & Wang, 2006). Also, 
several EVs may visit each CS simultaneously, so |𝐾|−1 dummy stations 
are created for each CS at the exact location; the CS and its dummies are 
represented by the set 𝐹 . Additionally, to ensure that prime customers 
(those with a high profit margin) are served, we assume that customers 
whose profits exceed the average profit must be served, referred to as
mandatory-to-serve customers. To include these customers, we define a 
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binary parameter, denoted as 𝛽𝑖: it is set to one if customer 𝑖 ∈ 𝐶
is entitled to mandatory-to-serve customer (i.e., 𝑝𝑖 ≥ 𝑝̄); otherwise, it 
is set to 0 (where 𝑝̄ denotes the average profit across all customers). 
This approach for defining the mandatory-to-serve customers is taken 
from Moradi and Boroujeni (2024). Also, 𝑠𝑖 denotes the service time 
duration at node 𝑖 ∈ 𝑉  when visited by an EV or a robot. 𝑠′𝑖 is the 
loading/unloading time of the parcels in locker 𝑖 ∈ 𝐿.

The decision variables of REVRP-LPCP are presented as follows: The 
binary variable 𝑥𝑖𝑗𝑘 is set to one when the EV 𝑘 ∈ 𝐾 traverses the 
directed arc (𝑖, 𝑗) ∈ 𝐴, and zero otherwise. Binary variable 𝑦𝑖𝑗𝑘 equals 
one if a robot serves customer 𝑖 ∈ 𝐶 launched from EV 𝑘 ∈ 𝐾 at 
the drop-off point 𝑗 ∈ 𝐶 (customer node); zero otherwise. In other 
words, 𝑦𝑖𝑗𝑘 = 1 means that a robot route starts from customer 𝑗 towards 
customer 𝑖 and returns to customer 𝑗 where EV 𝑘 is waiting to collect 
it. Notably, 𝑦𝑖𝑖𝑘 = 1 means that demand point 𝑖 ∈ 𝐶 is served directly 
by EV 𝑘 ∈ 𝐾. Binary variable 𝑧𝑖𝑗𝑘 is one if the customer 𝑖 ∈ 𝐶 collects 
the order from locker 𝑗 ∈ 𝐿 visited by EV 𝑘 ∈ 𝐾; 0 otherwise. The 
𝑧𝑗𝑗𝑘 = 1 means that the locker 𝑗 ∈ 𝐿 is opened (at least one customer is 
assigned) and visited by the EV 𝑘 ∈ 𝐾. When reaching the node 𝑖 ∈ 𝑉 , 
the non-negative continuous variable 𝑏𝑖𝑘 represents the battery level of 
EV 𝑘. The non-negative variable 𝑓𝑖𝑗𝑘 indicates the cargo load level of 
EV 𝑘 ∈ 𝐾 departing from the node 𝑖 ∈ 𝑉  towards the node 𝑗 ∈ 𝑉 . The 
non-negative continuous variable 𝜏𝑖𝑘 is defined as the arrival time of 
the EV at node 𝑖 ∈ 𝑉 . Full notations and variables of REVRP-LPCP are 
presented in the second section of the paper’s Supplementary material 
file. The MILP formulation of the problem is given as follows:

Objective function

Min.
∑

(𝑖,𝑗)∈𝐴

∑

𝑘∈𝐾
𝑐𝑖𝑗𝑥𝑖𝑗𝑘 +

∑

𝑖∈𝑉 ′

∑

𝑘∈𝐾
𝑥0𝑖𝑘 +

∑

𝑖,𝑗∈𝐶

∑

𝑘∈𝐾
2𝑐′𝑖𝑗𝑦𝑖𝑗𝑘

+
∑

𝑗∈𝐿

∑

𝑘∈𝐾
𝑧𝑗𝑗𝑘 −

∑

𝑖,𝑗∈𝐶

∑

𝑘∈𝐾
𝑝𝑖𝑦𝑖𝑗𝑘 −

∑

𝑖∈𝐶

∑

𝑗∈𝐿

∑

𝑘∈𝐾
𝑝𝑖𝑧𝑖𝑗𝑘 (1)

The objective function (1) aims to optimize five different compo-
nents. The first component minimizes EVs’ traveling (routing) cost. 
The second component aims to reduce EVs’ usage or utilization costs, 
precisely the number of EVs in use. The third component focuses on 
minimizing the total traveling cost for robots. To calculate the cost of 
a closed route between customers, the matrix of robots’ traveling cost 
{𝑐′𝑖𝑗} is multiplied by two since this matrix is symmetric. The fourth 
component aims to minimize the cost of opening lockers, precisely 
the number of opened lockers. The last two components minimize the 
negative collected profits from customers served via EVs, robots, and 
lockers.

Constraints

∑

𝑗∈𝑉 ⧵{0}
𝑥𝑖𝑗𝑘 =

∑

𝑗∈𝑉 ⧵{𝑁+1}
𝑥𝑗𝑖𝑘, ∀𝑖 ∈ 𝑉 ′, 𝑘 ∈ 𝐾 (2)

∑

𝑖∈𝑉 ′
𝑥0𝑖𝑘 =

∑

𝑖∈𝑉 ′
𝑥𝑖,𝑁+1,𝑘, ∀𝑘 ∈ 𝐾 (3)

∑

𝑗∈𝑉 ′
𝑥0𝑗𝑘 ≤ 1, ∀𝑘 ∈ 𝐾 (4)

∑

𝑗∈𝑉 ⧵{0}
𝑥𝑖𝑗𝑘 ≤ 1, ∀𝑖 ∈ 𝐹 , 𝑘 ∈ 𝐾 (5)

∑

𝑗∈𝐶

∑

𝑘∈𝐾
𝑦𝑖𝑗𝑘 +

∑

𝑗∈𝐿

∑

𝑘∈𝐾
𝑧𝑖𝑗𝑘 ≤ 1, ∀𝑖 ∈ 𝐶 (6)

∑

𝑗∈𝐶

∑

𝑘∈𝐾
𝑦𝑖𝑗𝑘 +

∑

𝑗∈𝐿

∑

𝑘∈𝐾
𝑧𝑖𝑗𝑘 ≥ 𝛽𝑖, ∀𝑖 ∈ 𝐶 (7)

∑

𝑥𝑖𝑗𝑘 = 𝑦𝑖𝑖𝑘, ∀𝑖 ∈ 𝐶, 𝑘 ∈ 𝐾 (8)

𝑗∈𝑉 ⧵{0}
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∑

𝑗∈𝑉 ⧵{0}
𝑥𝑖𝑗𝑘 = 𝑧𝑖𝑖𝑘, ∀𝑖 ∈ 𝐿, 𝑘 ∈ 𝐾 (9)

𝑧𝑖𝑗𝑘 ≤ 𝑧𝑗𝑗𝑘, ∀𝑖 ∈ 𝐶, 𝑗 ∈ 𝐿, 𝑘 ∈ 𝐾 (10)

𝑦𝑖𝑗𝑘 ≤ 𝑦𝑗𝑗𝑘, ∀𝑖, 𝑗 ∈ 𝐶, 𝑘 ∈ 𝐾 (11)

The constraints (2)–(11) construct the EVs’ routes, assign the cus-
tomers to the lockers, and establish collaboration between the EVs and 
robots. Particularly, constraint (2) is the EV flow conservation for all 
nodes except the depot, ensuring the number of incoming arcs to a 
node must equal the number of outgoing arcs. Similarly, constraint 
(3) is the EV flow conservation for the depot, ensuring the number 
of leaving EVs from the depot must equal the number of returning 
EVs. Constraint (4) ensures that each EV must be used at most once. 
Constraint (5) indicates that each CS may be on the routes (visited by an 
EV). Constraint (6) indicates that each customer may be visited by EV 
or robot, assigned to a locker (self-collection service), or left isolated, 
i.e., not be served. Constraint (7) guarantees that customers classified 
as mandatory-to-serve with profits exceeding the average must receive 
service. Constraints (8) and (9) ensure that a customer and locker 
served by an EV are on the route, respectively. Constraint (10) indicates 
that a locker cannot be assigned to a customer unless it is opened. 
Constraint (11) ensures that a customer node cannot be a drop-off point 
for a robot unless an EV serves it, or when a customer is served by an 
EV directly, a robot could be dispatched from this customer location to 
serve a different customer in nearby. 
𝑧𝑖𝑗𝑘𝑑𝑖𝑗 ≤ 𝐷𝑧𝑗𝑗𝑘, ∀𝑖 ∈ 𝐶, 𝑗 ∈ 𝐿, 𝑘 ∈ 𝐾 (12)

Constraint (12) states that a customer cannot collect his/her order 
from a locker unless he/she is within the pre-specified coverage range 
D of that locker. Note that the unit of coverage range is the same as 
the distance unit, e.g., meters, km, miles. 
∑

𝑖∈𝐶

∑

𝑘∈𝐾
𝑞𝑖𝑧𝑖𝑗𝑘 ≤ 𝑄′, ∀𝑗 ∈ 𝐿 (13)

Constraint (13) determines the sum of several demands allocated to 
a locker must not exceed its accommodation capacity. Also, a locker 
may be visited by more than one EV, but the delivered parcels must 
not exceed the 𝑄′. 
2𝑟′𝑑𝑖𝑗𝑦𝑖𝑗𝑘 ≤ 𝐵′𝑦𝑗𝑗𝑘, ∀𝑖, 𝑗 ∈ 𝐶, 𝑘 ∈ 𝐾 (14)

Constraint (14) prevents the violation of the robot’s battery range 
by ensuring that a robot can dispatch from an EV to serve a customer 
if the amount of consumed energy on the round trip (between drop-off 
point and this customer location) is not larger than the robot’s battery 
capacity 𝐵′. 
∑

𝑖∈𝐶∶𝑖≠𝑗
𝑦𝑖𝑗𝑘 ≤ 𝑚𝑦𝑗𝑗𝑘, ∀𝑗 ∈ 𝐶, 𝑘 ∈ 𝐾 (15)

Constraint (15) enforces that at most 𝑚 robots can be launched from 
an EV at a specific drop-off point. 
∑

𝑖,𝑗∈𝐶

∑

𝑘∈𝐾
𝑞𝑖𝑦𝑖𝑗𝑘 +

∑

𝑖∈𝐶

∑

𝑗∈𝐿

∑

𝑘∈𝐾
𝑞𝑖𝑧𝑖𝑗𝑘 ≥ 𝑎

∑

𝑖∈𝐶
𝑞𝑖 (16)

Constraint (16) indicates the task completion of serving at least 
a pre-determined ratio of total demands. The service could be home 
delivery via EV or robot or self-collection by locker. This constraint 
also ensures a minimum customer service quality; for example, 𝑎 = 1
means all demands are served (there is no isolated customer). 
0 ≤ 𝑓𝑖𝑗𝑘 ≤ 𝑄𝑥𝑖𝑗𝑘, ∀(𝑖, 𝑗) ∈ 𝐴, 𝑘 ∈ 𝐾 (17)

∑

𝑗∈𝑉 ⧵{𝑁+1}
𝑓𝑗𝑖𝑘 −

∑

𝑗∈𝑉 ⧵{0}
𝑓𝑖𝑗𝑘 =

∑

𝑢∈𝐶
𝑞𝑢𝑦𝑢𝑖𝑘, ∀𝑖 ∈ 𝐶, 𝑘 ∈ 𝐾 (18)

∑

𝑓𝑗𝑖𝑘 −
∑

𝑓𝑖𝑗𝑘 =
∑

𝑞𝑢𝑧𝑢𝑖𝑘, ∀𝑖 ∈ 𝐿, 𝑘 ∈ 𝐾 (19)

𝑗∈𝑉 ⧵{𝑁+1} 𝑗∈𝑉 ⧵{0} 𝑢∈𝐶
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∑

𝑗∈𝑉 ⧵{𝑁+1}
𝑓𝑗𝑖𝑘 −

∑

𝑗∈𝑉 ⧵{0}
𝑓𝑖𝑗𝑘 = 0, ∀𝑖 ∈ 𝐹 , 𝑘 ∈ 𝐾 (20)

Constraints (17)–(20) guarantee that the EV load capacity is not 
exceeded and remove any sub-tours. Constraint (17) states that an 
EV could not transfer more parcels than its capacity. Constraint (18) 
indicates that the difference between the number of parcels coming 
to and leaving from a customer must equal the consumed (delivered) 
parcels at (to) that customer, even if his/her location is a drop-off point 
for robots. Constraint (19) ensures that the number of loads on an EV 
after its departure from a locker must equal its load before arriving 
minus the delivered parcels to that locker. Constraint (20) establishes 
the balance between the parcel flow of an EV before and after visiting 
a CS. 
0 ≤ 𝑏𝑗𝑘 ≤ 𝑏𝑖𝑘−𝑟𝑑𝑖𝑗𝑥𝑖𝑗𝑘+𝐵(1−𝑥𝑖𝑗𝑘), ∀𝑖 ∈ 𝐶∪𝐿, 𝑗 ∈ 𝑉 ⧵{0}, 𝑘 ∈ 𝐾 (21)

𝑏𝑗𝑘 ≤ 𝐵 − 𝑟𝑑𝑖𝑗𝑥𝑖𝑗𝑘, ∀𝑖 ∈ {0} ∪ 𝐹 , 𝑗 ∈ 𝑉 ⧵ {0}, 𝑘 ∈ 𝐾 (22)

𝑏0𝑘 ≤ 𝐵, ∀𝑘 ∈ 𝐾 (23)

Constraints (21)–(23) enforce that an EV cannot consume more 
energy (electric battery) than its battery capacity. Constraint (21) 
monitors the EV’s battery level when reaching a customer or locker 
node. Constraint (22) monitors the EV’s battery level when arriving at 
a CS or depot. Constraint (23) ensures that an EV starts its trip with a 
full battery from the depot. 
𝜏𝑖𝑘+(𝑡𝑖𝑗+𝑠′𝑖)𝑥𝑖𝑗𝑘 ≤ 𝜏𝑗𝑘+𝑙0(1−𝑥𝑖𝑗𝑘), ∀𝑖 ∈ {0}∪𝐿, 𝑗 ∈ 𝑉 ⧵{0}, 𝑘 ∈ 𝐾 (24)

𝜏𝑖𝑘 + 𝑡𝑖𝑗𝑥𝑖𝑗𝑘 +𝑤𝑖 ≤ 𝜏𝑗𝑘 + 𝑙0(1 − 𝑥𝑖𝑗𝑘), ∀𝑖 ∈ 𝐶, 𝑗 ∈ 𝑉 ⧵ {0}, 𝑘 ∈ 𝐾 (25)

𝜏𝑖𝑘+𝑡𝑖𝑗𝑥𝑖𝑗𝑘+𝑔(𝐵−𝑏𝑖𝑘) ≤ 𝜏𝑗𝑘+(𝑙0+𝑔𝐵)(1−𝑥𝑖𝑗𝑘), ∀𝑖 ∈ 𝐹 , 𝑗 ∈ 𝑉 ⧵{0}, 𝑘 ∈ 𝐾 (26)

∑

𝑘∈𝐾
𝑠𝑖𝑦𝑖𝑖𝑘 ≤ 𝑤𝑖, ∀𝑖 ∈ 𝐶 (27)

∑

𝑘∈𝐾
(2𝑡′𝑖𝑗 + 𝑠𝑗 )𝑦𝑗𝑖𝑘 ≤ 𝑤𝑖, ∀𝑖, 𝑗 ∈ 𝐶, 𝑖 ≠ 𝑗 (28)

Constraints (24)–(28) tracks the arrival time of each EV at each 
node, considering the delivery time by EVs and robots and EVs’ recharg-
ing times. Constraint (24) ensures that when an EV leaves the depot 
or locker for another node, the arrival times are adjusted to include 
both service and travel times. Similarly, constraint (25) guarantees that 
when an EV leaves a demand point (it may be a drop-off point for the 
robots) to another node, the arrival times are adjusted to include both 
waiting and travel times. Constraint (26) monitors the arrival times 
of EVs traveling from a CS to any node, accounting for both travel 
time and battery recharging duration. The parameter 𝑙0 represents the 
latest start time for service at the depot, setting a maximum duration 
for each route and preventing sub-tours in the solution. Constraints 
(27)–(28) ensure that the waiting time of the EV at a customer node 
must be greater than or equal to the EV’s service time and return time 
of the robots (including round-trip traveling times and service time) to 
the drop-off point. In these constraints, 𝑤𝑖 denotes the waiting time 
of an EV at customer node 𝑖 ∈ 𝐶. If the EV visits customer 𝑖 and 
this customer is not a drop-off point for robots, then 𝑤𝑖 equals the 
service time 𝑠𝑖. However, if the customer 𝑖 is also chosen as a drop-
off point for the robots, then 𝑤𝑖 equals the greatest number between 
𝑠𝑖 and the trip duration for each robot dispatching from the place of 
customer 𝑖 to the nearby customer. Since each EV must wait at customer 
node 𝑖 to collect the dispatched robots, the total delivery time via each 
robot (including round-trip duration between the drop-off point and 
the nearby customer and service time at this customer) and 𝑠𝑖 will 
determine 𝑤𝑖. 
𝑥 ∈ {0, 1}, 𝑓 , 𝑏 , 𝜏 ≥ 0, ∀(𝑖, 𝑗) ∈ 𝐴, 𝑢 ∈ 𝑉 , 𝑘 ∈ 𝐾 (29)
𝑖𝑗𝑘 𝑖𝑗𝑘 𝑢𝑘 𝑢𝑘
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𝑦𝑖𝑗𝑘 ∈ {0, 1}, 𝑤𝑖 ≥ 0, ∀𝑖, 𝑗 ∈ 𝐶, 𝑘 ∈ 𝐾 (30)

𝑧𝑖𝑗𝑘 ∈ {0, 1}, ∀𝑖 ∈ 𝐶 ∪ 𝐿, 𝑗 ∈ 𝐿, 𝑘 ∈ 𝐾. (31)

Finally, constraints (29)–(31) indicate the model’s decision vari-
ables’ type and domain.

4. Solution methodology

The REVRP-LPCP becomes the prize-collecting vehicle routing prob-
lem (PCVRP) if 𝑚 = 0 (no robot), 𝐿 = 𝐹 = ∅ (no locker and CS), 
and 𝑙0 = 𝐵 = ∞ (no battery capacity and maximum tour duration). 
Since PCVRP is an NP-hard optimization problem (Tang & Wang, 
2006), REVRP-LPCP belongs to the NP-hard problems. Due to the NP-
hardness of REVRP-LPCP, this section proposes a Large Neighborhood 
Search (LNS)-based metaheuristic combined with SA (LNS-SA). The 
approach applies problem-specific destroy, perturbation, repair, and 
improvement operators to effectively tackle practical-sized instances, 
that is, instances that cannot be solved to optimality by Gurobi within 
two hours.

SA, a metaheuristic algorithm introduced by Kirkpatrick et al. 
(1983), begins with an initial solution and progressively searches 
the solution space with random modifications at each step. During 
exploration, the algorithm accepts a better solution and sometimes 
moves to worse solutions with a certain probability. This probability 
decreases as the algorithm progresses, mimicking the cooling process 
in metallurgy. This probabilistic acceptance of worse solutions allows 
SA to avoid local optima (Aarts & Van Laarhoven, 1989). Examples of 
recent SA’s applications include vehicle routing (İlhan, 2021; Moradi 
et al., 2023), location-routing (Ferreira & de Queiroz, 2022), and 
knapsack problems (Moradi et al., 2022).

Moreover, the LNS, or Large Neighborhood Search, algorithm rep-
resents a potent metaheuristic technique designed to address combi-
natorial optimization problems, initially introduced by Shaw (1998). 
It operates through iterative exploration and exploitation of solutions, 
dynamically destroying and repairing solutions to search the solu-
tion space. As an acceptance criterion, LNS may employ a SA accep-
tance/rejection criterion (Pisinger & Ropke, 2019; Ropke & Pisinger, 
2006) to diversify the solution space and avoid being trapped in 
local optima. The LNS with SA acceptance criterion and updating 
the probability of using the destroy and repair operators, known as 
ALNS (Ropke & Pisinger, 2006), has been successfully designed for 
the related problems: two-echelon VRP with lockers (Enthoven et al., 
2020), VRPTWDR (Chen, Demir, & Huang, 2021), EV-robot with en-
route charging (Yu, Puchinger, & Sun, 2022), and EVRP-TW with 
locker (Yu et al., 2023). The following section details the proposed 
metaheuristic.

4.1. The LNS-SA algorithm for REVRP-LPCP

In this work, we design an LNS-SA-based metaheuristic because 
it offers advantages in solution quality. SA enhances the exploration 
of the solution space by escaping local optima, while LNS efficiently 
intensifies the search by making large, targeted changes to the so-
lution, resulting in a powerful balance between diversification and 
intensification. The proposed LNS-SA in the present work differs from 
existing LNS-based algorithms in its application of problem-tailored 
destroy, perturbation, repair, and improvement operators. Additionally, 
our LNS-SA utilizes reaching the minimum temperature of SA as one of 
its stopping criteria, unlike the ALNS (Chen, Demir, & Huang, 2021; 
Enthoven et al., 2020). The proposed LNS-SA metaheuristic, detailed 
in Alg. 1, begins with a greedy solution for REVRP-LPCP, prioritizing 
mandatory-to-serve and highly profitable customers as described in 
Section 4.2. Subsequently, three main functions are applied to the 
solution: (i) Destroy_perturbation function applies three destroy and 
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three perturbation operators, adapted from the literature, to the current 
solution to diversify the solution space while rendering it infeasible 
(refer to Section 4.3 for further elaboration). (ii) Repair function cor-
rects the infeasible solution produced in the prior step by ensuring 
feasibility under the problem constraints, as detailed in Section 4.4. 
(iii) Improvement function boosts the quality of the feasible solution by 
employing problem-tailored operators described in Section 4.5. Finally, 
the solutions obtained before and after these operators are compared 
using the acceptance probability of SA, and the algorithm is repeated 
until a stopping condition is reached.

Algorithm 1 The LNS-SA Algorithm for REVRP-LPCP
1: Input: Location of customers, CSs, lockers, and depot, EV-, robot-, locker- and customer-

related parameters
2: 𝑆0 ← Greedy_initial_solution
3: 𝑆𝑏𝑒𝑠𝑡 ← 𝑆0 ⊳ The initial solution (𝑆0) is considered as the best-found solution
4: 𝑆 ← 𝑆0 ⊳ The initial solution is considered as the current solution
5: 𝑇 ← 𝑇𝑚𝑎𝑥 ⊳ 𝑇𝑚𝑎𝑥 is the initial temperature of SA
6: while 𝑇 ≥ 𝑇𝑚𝑖𝑛 do ⊳ 1st stopping criteria; 𝑇𝑚𝑖𝑛 is the SA’s final temperature
7:  𝑘 ← 1
8:  while 𝑘 ≤ 𝑘𝑚𝑎𝑥 do ⊳ 2nd stopping criteria; 𝑘𝑚𝑎𝑥 is the maximum number of 

iterations at each temperature
9:  𝑆′ ← Destroy_Perturbation(𝑆) ⊳ Applying destroy and perturbation moves 

sequentially
10:  𝑆′′ ← Repair(𝑆′) ⊳ Applying repair operators sequentially
11:  𝑆′′′ ← Improvement(𝑆′′) ⊳ Applying improvement operators sequentially (Local 

search)
12:  if 𝑓 (𝑆′′′) < 𝑓 (𝑆) then ⊳ Accepting the new solution
13:  𝑆 ← 𝑆′′′ ⊳ The current solution is updated
14:  if 𝑓 (𝑆′′′) < 𝑓 (𝑆𝑏𝑒𝑠𝑡) then
15:  𝑆𝑏𝑒𝑠𝑡 ← 𝑆′′′ ⊳ The best-found solution is updated and saved
16:  end if
17:  else
18:  Accept new solution (𝑆 ← 𝑆′′′) with the probability 𝑒𝑓 (𝑆)−𝑓 (𝑆′′′)∕𝑇 ⊳ The 

worse solution is accepted
19:  end if
20:  𝑘 ← 𝑘 + 1
21:  end while
22:  𝑇 = 𝛼 × 𝑇 ⊳ The temperature of SA is updated with cooling rate of 𝛼
23: end while
24: Output: 𝑆𝑏𝑒𝑠𝑡 and 𝑓 (𝑆𝑏𝑒𝑠𝑡)

4.2. Initial solution generation

A modified nearest neighbor algorithm is utilized to generate the 
initial solution. The initial solution does not consider the customer 
assignment to the robots and lockers, so it only generates a solution 
where EVs visit the customers. First, customers are arranged in de-
scending order based on their profit divided by demand, represented 
by 𝐶𝑠𝑜𝑟𝑡𝑒𝑑 . Intuitively, the customer with the highest profits and lowest 
demands could improve the objective function while not exceeding EVs 
and lockers’ load or accommodation capacity. Then, an EV route is 
initiated from the depot to serve the closest customer. Customer 𝑖 is 
visited if the EV can accommodate its load and battery capacity. The 
subsequent nearest customer is chosen considering the EV’s constraints. 
A new EV route is constructed from the depot if the EV’s load capacity is 
exceeded. If the battery range of an EV is violated, the CSs are inserted 
into the route. Finally, a route exceeding the 𝑙0 is split into feasible 
ones.

4.3. Destroy & perturbation operators

In Alg. 1, it is explained that the initial solution refers to the current 
and best-found solutions in the beginning. The current solution under-
goes the Destroy_perturbation function, where a total of three destroy
and three perturbation moves are executed on the current solution, 
starting from small to large (Enthoven et al., 2020). Let us define the 
following sets: 𝐶𝑖𝑠𝑜 represents the isolated customers. 𝐶𝑒𝑣, 𝐶𝑟𝑜𝑏𝑜𝑡, and 
𝐶𝑙𝑜𝑐𝑘𝑒𝑟 represent the customers served by the EV, robot, and locker. 𝐿𝑜
and 𝐿𝑐 are the open and closed lockers at the current solution. The de-
stroy moves include customer_removal, locker_closing, and route_removal. 
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The perturbation moves are customer_exchange, new_customer_insertion, 
and locker_opening. These moves are performed sequentially as follows. 
(i) customer_exchange operator: Adapted from Kuo et al. (2022), it 
involves shaking the current solution by exchanging the positions of 
𝜎1 × |𝐶𝑒𝑣| customers within the same or different routes in a random 
manner (0 ≤ 𝜎1 ≤ 1). (ii) new_customer_insertion operator: It randomly 
reinserts 𝜎2 × |𝐶𝑖𝑠𝑜| isolated customers at current routes (0 ≤ 𝜎2 ≤ 1). 
(iii) customer_removal operator: It removes the 0 ≤ 𝜎3 < 1 ratio of 
the randomly-chosen customers from the set 𝐶𝑒𝑣 ∪𝐶𝑟𝑜𝑏𝑜𝑡 ∪𝐶𝑙𝑜𝑐𝑘𝑒𝑟 (Chen, 
Demir, & Huang, 2021; Yu, Puchinger, & Sun, 2022). This move may 
remove mandatory-to-serve customers. (iv) locker_opening operator: It 
randomly opens 𝜎4 × |𝐿𝑐 | lockers from the closed lockers (0 ≤ 𝜎4 ≤ 1). 
Considering its coverage range and accommodation capacity, the open 
locker will serve nearby randomly chosen customers (similar to location 
open function (Enthoven et al., 2020)). (v) locker_closing operator: 
Adapted from Enthoven et al. (2020), it randomly removes opened 
𝜎5 × |𝐿𝑜| lockers and their assigned customers (0 ≤ 𝜎5 ≤ 1). (vi)
route_removal operator: It eliminates 𝜎6 × |𝑅| routes (0 ≤ 𝜎6 < 1), 
where |𝑅| denotes the number of routes (Chen, Demir, & Huang, 2021; 
Yu, Puchinger, & Sun, 2022).

4.4. Repair operators

The current solution becomes infeasible due to the destroy and 
perturbation operators. Five problem-specific repair operators are de-
veloped to make them feasible. The first operator is new and designed 
specifically for our problem, while the remaining operators are from 
the literature. These operators are performed in sequence as follows. 
(i) redundant_locker_removal operator: It eliminates that locker from 
the routes if it is not assigned to any customer. (ii) mandatory_cus-
tomer_insertion operator: Taken from (Moradi & Boroujeni, 2024), it 
reinserts the isolated mandatory-to-serve customers from the 𝐶𝑠𝑜𝑟𝑡𝑒𝑑
at the least-cost positions. Also, a new set of must-to-visit customers, 
represented by 𝐶𝑚, is defined to improve this operator. These customers 
must not be isolated to avoid violating the task completion constraint. 
In other words, if these customers are not served, the portion of the 
fulfilled to total demands will fall below 𝑎, or mathematically, 𝐶𝑚 =
{𝑖 ∈ 𝐶 ∶ 𝑞𝑇 − 𝑞𝑖 < 𝑎𝑞𝑇 }, where 𝑞𝑇  is the total number of demands. 
Inserting the mandatory-to-serve customers is then repeated for the 
must-to-visit customers (𝐶𝑚). (iii) repair_by_task_completion operator: 
It calculates the ratio of satisfied demands to total demands. If it 
is lower than 𝑎, the isolated customers from the 𝐶𝑠𝑜𝑟𝑡𝑒𝑑 are inserted 
into the routes according to the best positions (Moradi & Boroujeni, 
2024). (iv) repair_by_Q operator: It assesses the overall demand from 
customers and lockers along a route, factoring in the customers served 
by EVs, robots, and lockers. When the load capacity of the EV is 
exceeded, the EV returns to the depot, and another EV departs from the 
depot to visit the customer or locker and its successors. (v) repair_by_B
operator: It calculates the remaining battery of an EV upon its arrival 
at node 𝑖. The nearest CS is placed before node 𝑖 if the battery level 
is negative. This process continues until the battery level of the EV at 
node 𝑖 is not below zero (Yu, Puchinger, & Sun, 2022). Notably, we did 
not define a repair operator for maximum route duration violations; 
instead, we penalize the objective function with a penalty rate 𝛼𝑡 = 1000
for every unit of time violated, considering 𝑙0.

4.5. Improvement operators

The repair operators only guarantee feasibility without improving 
solution quality. Fifteen problem-tailored improvement operators are 
introduced to enhance the solution while keeping feasibility. Their 
order was found by trial and error, as detailed in the third section of the 
paper’s Supplementary material file. The operators EV-to-robot, isolated-
to-locker_insertion, locker-to-robot, locker-to-EV, and EV-to-robot_exchange
are newly introduced operators in this work, while the rest are adapted 
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Fig. 1. Visualization of robot-related improvement operators.
Fig. 2. Visualization of locker-related improvement operators.
from the literature. The robot- and locker-related improvement op-
erators are visualized in Figs.  1–2, respectively. The third section 
of Supplementary material file presents a full explanation of all these 
operators with associated algorithms.

1-1 node_exchange operator exchanges two customers or lockers 
(intra- or inter-route) without violating the 𝑄 and 𝐵. This operator 
is the generalized version of the 1-1 exchange move (Moradi et al., 
2023), which considers exchanging the locker and customer nodes. 1-
0 node_insertion operator determines the best position for inserting 
a customer or locker into the current routes, minimizing traveling 
costs without violating constraints (Vukićević et al., 2023). unprof-
itable_customer_removal operator, derived from Moradi and Boroujeni 
(2024), removes the customers whose profit does not justify their 
home-delivery service (via EV or robot) due to factors like non-prime 
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membership or a significant distance from the depot while ensuring 
the task completion constraint. redundant_CS_removal operator re-
moves the extra CSs when the EV can finish the trip without them 
(without violating the battery capacity) (Yu, Puchinger, & Sun, 2022).
route_merge operator combines two routes if 𝑄 is not exceeded by 
merging them. The node connecting those two routes can be a CS, 
including the depot (Çatay & Sadati, 2023). set_insertion operator
locates a subset of sequential nodes at a new place (intra- or inter-
route) while not violating the 𝑄 and 𝐵, generalized version of the
subset_insertion operator (Moradi & Boroujeni, 2024) by considering the 
lockers on the routes. 2-opt operator chooses two nodes and reverses 
the order of the nodes between them. The new move is accepted if the 
overall cost is reduced and does not breach constraints.
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EV-to-robot operator selects the customers from the 𝐶𝑒𝑣 and as-
signs them to a robot, dispatching from a nearby on-route customer 
node. If the objective function is improved, the operator will serve that 
customer with a robot. Since a customer node is removed from the EV 
routes, the redundant_CS_removal operator is again applied to eliminate 
any possible redundant CS. For example, in Fig.  1(a), Customer 2 is 
removed from the EV routes, and a new robot serves this customer from 
the drop-off point at customer node 1. EV-to-locker operator, adapted 
from Moradi et al. (2023), Vukićević et al. (2023), chooses customers 
from 𝐶𝑒𝑣 and assigns them to an open locker (from the 𝐿𝑜), considering 
𝐷 and 𝑄′. In Fig.  2(a), Customer 3 is removed from the EV routes and is 
assigned to an open locker. isolated-to-EV_insertion operator locates 
an isolated customer at a position with the lowest cost if it enhances 
the objective value and does not violate the 𝑄 and 𝐵 (Sacramento 
et al., 2019). isolated-to-robot_insertion operator, similar to FindSortie
function for drones (Sacramento et al., 2019) and AddSortieNode (Kuo 
et al., 2022), inserts an isolated customer into the least-cost position 
within the robot routes, provided that doing so enhances the objective 
function value and does not exceed the 𝑄, 𝐵′, and the maximum 
number of robots on the EV (𝑚). In Fig.  1(b), Customer 2 is served by 
a new robot, dispatched from Customer 1.

isolated-to-locker_insertion allocates an isolated customer to an 
open locker considering 𝐷 and 𝑄′; for example, in Fig.  2(b), Customer 3 
is assigned to the open locker. locker-to-robot operator finds a locker 
covering only one customer. A robot dispatched from a nearby on-route 
customer will serve that customer if it does not exceed the 𝑄, 𝐵′, and 
𝑚. In Fig.  1(c), Customer 3 was assigned to the locker and, using this 
operator, is served by a new robot, dispatched from Customer 1. locker-
to-EV  operator chooses a locker covering a single customer. The EV 
serves this customer if the 𝑄 and 𝐵 are not exceeded. In Fig.  2(c), 
Customer 3, the sole customer served by the locker, is now served by 
the EV. After applying the locker-to-robot and locker-to-EV  operators, 
the redundant locker will be eliminated by the redundant_locker_removal
operator. EV-to-robot_exchange operator swaps the robot’s drop-off 
point from an on-route customer to the customer’s location served by 
the robot if the new move improves the solution’s quality. In Fig.  1(d), 
Customers 3 and 2 exchange their service type: Customer 3 was served 
directly by an EV, and he/she is now served by a robot dispatching 
from Customer 2; also, Customer 2 was already served by a robot, 
dispatching from Customer 3, and he/she is now directly visited by the 
EV.

5. Computational study

In this section, we generated new benchmark instances (see Sec-
tion 5.1) and conducted computational experiments to assess the per-
formance of the proposed MILP model (Section 5.2), comparing REVRP-
LPCP variants (Section 5.3), evaluate the performance of the LNS-SA 
(Section 5.4), perform various sensitivity analyses (Section 5.5), and 
discuss the results (Section 5.6). All experiments were performed on 
a laptop with an Intel Core i5 processor running at 1.70 GHz and 
16 GB of RAM. The Gurobi solver, version 11.0.0, was used to solve 
the MILP model, utilizing Python version 10.0.1. The LNS-SA was 
implemented using the C++ programming language and compiled with 
Dev-C++ software on the same operating system. Three variants of 
the REVRP-LPCP were also solved for comparison. REVRP-LPCP is 
reduced to EVRP-LPCP, REVRP-PCP, and EVRP by removing the robots 
(𝑚 = 0), assuming no locker (𝐿 = ∅), and serving all customers via 
only EVs (𝑎 = 1, 𝑚 = 0, |𝐿| = 0), respectively. Additionally, Gurobi’s 
maximum runtime was set to 7200 s (2 h) in every experiment, which is 
acceptable since location, routing, and allocation problems are typically 
made at the tactical and operational levels. For details on experiments 
on fine-tuning the LNS-SA parameters, please see the fourth section of 
the supplementary material file.
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5.1. Instance generation

Given the uniqueness of the problem in this work, we have created 
new benchmark instances of different scales for the REVRP-LPCP: 180 
small- and medium-sized instances (with sizes of |𝑉 | = 10 to 25) and 
84 large-sized instances (with sizes of |𝑉 | = 32 to 500). The small- 
and medium-sized instances were used to compare the results of the 
REVRP-LPCP and its variants, as well as to validate the MILP model and 
LNS-SA. Moreover, large instances were used to assess the performance 
of the proposed LNS-SA, tune its parameters, and perform a sensitivity 
analysis of the REVRP-LPCP’s parameters under various scenarios. For 
details on all generated instances, please see the fifth section of the 
paper’s supplementary material file.

For small and medium instances, the EVRP instances from Schneider 
et al. (2014) were modified to include new parameters while maintain-
ing the original ones. These instances include three datasets with five, 
ten, and fifteen customer nodes, i.e., |𝐶| = 5, 10, and 15 (denoted as 
C5, C10, and C15). Each dataset categorizes customer distribution into 
three classes: (i) clustered distribution, (ii) random locations, and (iii) 
both random and clustered positions for customers. Each C5, C10, and 
C15 dataset includes four clustered, four random, and four clustered-
and-random customer distributions, with 12 instances per dataset. The 
creation of the REVRP-LPCP instances involved the introduction of new 
parameters, such as  , 𝑎, 𝑝𝑖, 𝐵′, 𝑐′𝑖𝑗 , 𝑣′. 𝑟′, 𝑚, location of lockers,  , 𝐷, 
𝑄′, and |𝐿|. Notably, the original parameters in EVRP instances includ-
ing {𝑑𝑖𝑗}, {𝑞𝑖}, 𝑄, 𝐵, 𝑙0, 𝑣, 𝑔 and 𝑟 remained unchanged. Considering 
five values of 𝑎 for every EVRP instance, a total of 5×36 = 180 small and 
medium REVRP-LPCP instances were created for model and method 
comparison and validation.

Moreover, two datasets were created for large-size instances: (i) 
based on the set A of the CVRP instances from Augerat et al. (1995) 
(consisting of 27 instances with 32 to 80 nodes); (ii) self-generated 
instances with sizes of 100, 200, 300, 400, and 500 nodes. We referred 
to these two datasets as L1 and L2, respectively. The CVRP instances 
were modified to REVRP-LPCP instances by adding new parameters 
similar to those found in small- and medium-sized instances. Also, two 
values of 𝑎 = 0.6 and 0.7 were considered for each instance, resulting 
in 2 × 27 = 54 large instances in L1. In the L2, the coordinates of the 
customer, CS, and locker nodes were chosen from the range [0, 100]
while locating the depot at point (50, 50). A total of 30 networks with 
sizes of 100, 200, 300, 400, and 500 nodes were created, each with two 
randomly, two clustered, and two randomly-and-clustered customer 
distributions. So, 54 + 30 = 84 large-size instances were generated for 
the REVRP-LPCP.

5.2. Performance of MILP formulation over small & medium instances

Gurobi solved REVRP-LPCP instances with five to fifteen customers. 
Table  3 shows the average results returned by Gurobi for each set of 
cases. The columns 𝑟

𝑒𝑣, 𝑢
𝑒𝑣, 𝑟, 𝑙, 𝑝, 𝑇 , 𝑇 , O.G.%, 𝛥𝑟%, 𝛥𝑢%, 

and 𝛥𝑇% denote the EV’s routing cost, EV’s utilization cost, robots’ 
routing cost, lockers’ opening cost, collected profits, total cost, Gurobi’s 
runtime in seconds, Gurobi’s optimality gap, the gap between the EV’s 
traveling costs of REVRP-LPCP and EVRP, the gap between the EVs’ 
utilization costs of REVRP-LPCP and EVRP, and the gap between the 
total costs of REVRP-LPCP and EVRP respectively. 𝛥𝑟% is computed 
as ((𝑅𝐸𝑉 𝑅𝑃−𝐿𝑃𝐶𝑃

𝑟 − 𝐸𝑉 𝑅𝑃
𝑟 )∕𝐸𝑉 𝑅𝑃

𝑟 ) × 100, where 𝑅𝐸𝑉 𝑅𝑃−𝐿𝑃𝐶𝑃
𝑟  and 

𝐸𝑉 𝑅𝑃
𝑟  represent traveling costs returned by REVRP-LPCP and EVRP, 

respectively. 𝛥𝑢% and 𝛥𝑇% are calculated similarly to the 𝛥𝑟. The solu-
tions with an optimality gap of zero are optimal. A comparison between 
medium- and small-sized instances suggests that as the problem size 
increases, REVRP-LPCP could achieve more substantial savings in EV 
utilization and total costs. EV’s traveling cost has been reduced by 
58.94%, 52.72%, and 47.16% in sets C5, C10, and C15, respectively. 
The results show that REVRP-LPCP leads to an average improvement 
of 52.94%, 21.94%, and 29.54% in EV traveling, usage, and total costs 
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Table 3
Gurobi’s average results on small and medium instances.
 Set Number of instances REVRP-LPCP EVRP 𝛥𝑟% 𝛥𝑢% 𝛥𝑇%  
 𝑇 𝑟

𝑒𝑣 𝑢
𝑒𝑣 𝑟 𝑙 𝑝 𝑇  (sec.) O.G.% 𝑟

𝑒𝑣 𝑢
𝑒𝑣 𝑇  

 C5 60 947.31 73.28 1000.00 0.02 33.08 159.08 1.54 0.00 177.73 1250.00 1262.73 −58.94 −12.50 −17.59 
 C10 60 738.86 115.03 1000.00 0.01 36.33 412.52 148.91 0.00 255.25 1666.67 1486.91 −52.72 −27.78 −35.61 
 C15 60 731.96 152.90 1133.33 0.20 36.33 590.82 4619.90 6.19 292.68 1833.33 1509.02 −47.16 −25.56 −35.41 
 Average 806.04 113.74 1044.44 0.08 35.25 387.47 1590.12 2.06 241.89 1583.33 1419.55 −52.94 −21.94 −29.54 
 Standard deviation 5.89 8.25 10.34  
of EVRP when |𝐶| = 5, 10, and 15, respectively, with their related 
standard deviations. Gurobi’s average execution time in all sets was 
1590.12 s with an average optimality gap of 2.06%. All solutions 
in sets C5 and C10 were optimal. Additionally, the cost of traveling 
for the robots is higher with fifteen customers, and the opening cost 
of the lockers is also the highest. As the problem size increases, the 
model utilizes more robots and lockers in the delivery planning while 
reducing EVs’ route and utilization costs. This highlights the efficiency 
of the proposed approach compared to EV-only-based delivery. For 
more details on Gurobi’s performance over each instance, please see 
the sixth section of Supplementary material file.

5.3. Comparison of REVRP-LPCP and its variants

Table  4 compares the REVRP-LPCP, EVRP-LPCP, and REVRP-PCP in 
sets C5, C10, and C15. Several criteria are defined for comparison: (i) 
the gap with EVRP and how much they improve the cost efficiency 
of EVRP solutions denoted by 𝜃𝑟%, 𝜃𝑢%, and 𝜃𝑇%; (ii) the number 
of collected profits, indicating the service quality. In this Table, the 
rows 𝜃𝑟%, 𝜃𝑢%, and 𝜃𝑇% represent the average gap between the as-
sociated problems (REVRP-LPCP, EVRP-LPCP, and REVRP-PCP) with 
EVRP over C5, C10, and C15 sets (with 60 instances in each). They 
were computed similarly to the 𝛥𝑟%, 𝛥𝑢%, and 𝛥𝑇% in Section 5.2. The 
negative values of 𝜃𝑟%, 𝜃𝑢%, and 𝜃𝑇% show the improvement made 
by each variant compared to EVRP. Table  4 indicates that REVRP-
LPCP (integrating EV-based delivery with robots and lockers) has a 
lower total delivery, EV routing, and usage costs than EVRP-LPCP 
(locker-assisted EV delivery) and REVRP-PCP (robot-aided EV delivery) 
due to the efficient synergy between robots and lockers. However, 
the problem’s complexity, indicated by the average execution time 
and optimality gaps, is higher when utilizing the robots than when 
using the lockers. The collected profits are also higher in the REVRP-
LPCP approaches compared to others. Additionally, integrating the 
lockers into the EV-based delivery system directly impacts EV routes 
and improves their cost-effectiveness better than robots. Nevertheless, 
robot-aided EV delivery exhibits improvements compared to EV-only-
based delivery systems. Accordingly, integrating robots and lockers into 
EV-based delivery improves route efficiency and EV utilization costs 
while generating more profits across all scenarios. These results suggest 
that companies or retailers could benefit more through reduced EV 
routing and utilization costs by adopting an integrated delivery system 
that combines EVs, robots, and lockers (i.e., the synergy between these 
complementary modes enables more efficient service fulfillment). Refer 
to the seventh section of Supplementary material file for more details and 
comparison results of EVRP-LPCP, REVRP-PCP, and EVRP.

5.4. Performance of the proposed LNS-SA’s performance

The proposed LNS-SA solved REVRP-LPCP instances of various sizes, 
ranging from small to large, and compared them with Gurobi (Sec-
tion 5.4.1). The performance of the LNS-SA is compared with that 
of existing metaheuristic methods over various-sized PCVRP instances 
(Section 5.4.2). Finally, the performance of the destroy, perturbation, 
and improvement operators in the LNS-SA is assessed (Section 5.4.3).
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5.4.1. Solution of REVRP-LPCP instances
The LNS-SA solved each instance ten times and reported the best-

found solutions. The proposed LNS-SA achieved all optimal solutions 
(which Gurobi proved in two hours) for each small and medium in-
stance. It also outperforms Gurobi in execution time for instances with 
ten and fifteen customer sizes, obtaining similar results on average in 
under 22 s. Additionally, the results indicate that the robot service 
was utilized more by clustered-distributed customers compared to those 
with a random distribution. Details on the results of LNS-SA over 
the small and medium instances are presented in the eighth section 
of the Supplementary material file. The computational results for large 
instances involving 32 to 80 nodes are detailed in Table  5. The size 
of each instance is indicated by columns |𝑉 |, |𝐶|, and |𝐿|. The results 
obtained by LNS-SA for large instances were compared with those of 
Gurobi, a commercial MILP solver. In Table  5, 𝑇 ′ represents the average 
execution time of the LNS-SA over ten iterations for each instance in 
seconds. The last column, ‘Gap with BKS%,’ also illustrates the gap 
between the Best-Known Solution (BKS) returned by Gurobi (in 2 h) and 
the solution obtained by the LNS-SA method. It is calculated according 
to Eq. (32): 

Gap with BKS%= ((𝐿𝑁𝑆−𝑆𝐴
𝑇 − 𝐺𝑢𝑟𝑜𝑏𝑖

𝑇 )∕𝐺𝑢𝑟𝑜𝑏𝑖
𝑇 ) × 100 (32)

Where 𝐿𝑁𝑆−𝑆𝐴
𝑇  and 𝐺𝑢𝑟𝑜𝑏𝑖

𝑇  are the objective function value (i.e.,
total cost) returned by the LNS-SA and Gurobi, respectively. Also, Table 
5 illustrates that LNS-SA improves the total costs of Gurobi’s solutions 
(indicated by the BKS column) by an average of 2.79%. Notably, 
Gurobi was unable to return a feasible solution within 2 h for eight 
instances, as indicated by ‘N/A’ in the BKS column, due to the problem’s 
complexity. Moreover, solution quality is improved in 36 out of 54 
large-sized instances, ranging from 0.13% to 31.47%. Additionally, 
the results reveal that the proposed LNS-SA method achieves better 
solutions than Gurobi in a lower average computational time (55.27 s 
vs. 7200 s), which demonstrates its efficiency.

Moreover, Table  6 presents the performance of the LNS-SA on large 
instances with sizes of 100 to 500, compared to the initial solution 
(found by the modified nearest neighbor algorithm) 𝑖𝑛𝑖𝑡𝑖𝑎𝑙

𝑇 , the LNS (in 
which there is no SA acceptance/rejection criterion) 𝐿𝑁𝑆

𝑇 . The results 
of solving each instance by LNS-SA and LNS were obtained by the best 
total cost over the ten runs, and 𝑇 ′′ was the average execution time of 
the LNS (in seconds) over ten runs. 𝑖𝑛𝑖𝑡𝑖𝑎𝑙% and 𝐿𝑁𝑆% represent the 
gap between the best-found solution by the LNS-SA and the solution 
returned by the modified nearest neighbor algorithm and the LNS 
algorithm, respectively, calculated similarly to Eq. (32). LNS-SA has 
improved the initial solution by 33.58% while outperforming the LNS 
by 4.13% on average, although the average time complexity is close. 
The results highlighted the effectiveness of the proposed LNS-SA in 
improving the initial solution in an acceptable execution time. The 
averaged convergence behavior of the LNS-SA over large instances is 
presented in the ninth section of the supplementary material file.

5.4.2. Solution of PCVRP instances
We compared the performance of the proposed LNS-SA with existing 

methods on PCVRP instances, to which our problem could be reduced. 
The PCVRP instances are given from Trachanatzi et al. (2020), in which 
two groups with various sizes from 32 to 80 nodes. These instances 
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Table 4
Comparison results of REVRP-LPCP and its variants over various-size instances.
 Average REVRP-LPCP EVRP-LPCP REVRP-PCP

 C5 C10 C15 C5 C10 C15 C5 C10 C15  
 𝜃𝑟%a −58.94 −52.72 −47.16 −58.67 −52.67 −46.46 −15.06 −15.77 −16.77  
 𝜃𝑢%b −12.50 −27.78 −25.56 −12.50 −27.78 −24.72 −6.67 −8.89 −6.39  
 𝜃𝑇%c −17.59 −35.61 −35.41 −17.56 −35.47 −34.12 −8.13 −10.70 −8.65  
 Collected profits 159.08 412.52 590.82 158.57 411.42 589.02 156.60 409.52 584.67  
 𝑇  (sec.) 1.54 148.91 4619.90 0.86 76.40 5630.31 0.75 3290.07 5301.12 
 O.G.% 0.00 0.00 6.19 0.00 0.00 8.33 0.00 23.40 28.09  
a Improvements over EV’s traveling cost.
b Improvements over EV’s utilization cost.
c Improvements over total delivery cost.
Table 5
Results by LNS-SA on the first large-size dataset of REVRP-LPCP instances (|𝑉 | = 32 to 80).
 Instance |𝑉 | |𝐶| |𝐿| 𝑎 BKS REVRP-LPCP (via LNS-SA) Gap with BKS% 
 𝑇 𝑟

𝑒𝑣 𝑢
𝑒𝑣 𝑟 𝑙 𝑝 𝑇 ′ (sec.)  

 A-n32-k5 32 24 2 0.6 1628.30 1588.52 235.28 2000.00 0.24 150.00 797.00 30.38 −2.44  
 A-n33-k5 33 25 2 0.6 2533.41 2533.41 315.50 3000.00 0.91 75.00 858.00 26.27 0.00  
 A-n33-k6 33 25 2 0.6 2587.57 2559.35 222.22 3000.00 1.13 150.00 814.00 30.33 −1.09  
 A-n34-k5 34 26 2 0.6 2605.00 2538.19 342.67 3000.00 0.52 75.00 880.00 41.27 −2.56  
 A-n36-k5 36 28 2 0.6 2500.02 2472.39 321.60 3000.00 1.79 75.00 926.00 41.46 −1.11  
 A-n37-k5 37 29 2 0.6 1417.01 1389.57 262.87 2000.00 0.70 75.00 949.00 40.82 −1.94  
 A-n37-k6 37 29 2 0.6 2563.40 2494.25 278.54 3000.00 0.71 150.00 935.00 66.33 −2.70  
 A-n38-k5 38 29 2 0.6 2492.99 2454.60 313.76 3000.00 0.84 75.00 935.00 51.27 −1.54  
 A-n39-k5 39 30 2 0.6 2552.20 2518.57 437.84 3000.00 0.73 75.00 995.00 50.33 −1.32  
 A-n39-k6 39 30 2 0.6 2565.81 2562.56 369.41 3000.00 1.15 150.00 958.00 45.89 −0.13  
 A-n44-k6 44 33 3 0.6 2580.97 2499.07 426.03 3000.00 1.04 150.00 1078.00 52.88 −3.17  
 A-n45-k6 45 34 3 0.6 2551.41 2551.32 396.32 3000.00 0.00 225.00 1070.00 55.33 0.00  
 A-n45-k7 45 34 3 0.6 3575.95 3575.95 496.62 4000.00 1.33 150.00 1072.00 49.83 0.00  
 A-n46-k7 46 35 3 0.6 2476.87 2368.91 348.30 3000.00 0.61 150.00 1130.00 61.55 −4.36  
 A-n48-k7 48 37 3 0.6 2416.82 2310.93 475.87 3000.00 1.06 75.00 1241.00 72.99 −4.38  
 A-n53-k7 53 41 3 0.6 3365.73 3318.68 562.49 4000.00 1.19 150.00 1395.00 70.31 −1.40  
 A-n54-k7 54 42 3 0.6 3303.40 3250.47 555.19 4000.00 2.28 75.00 1382.00 70.38 −1.60  
 A-n55-k9 55 43 3 0.6 4340.27 4182.73 521.93 5000.00 2.80 75.00 1417.00 77.83 −3.63  
 A-n60-k9 60 47 3 0.6 4292.28 4292.28 657.92 5000.00 1.36 150.00 1517.00 67.51 0.00  
 A-n61-k9 61 48 3 0.6 N/A 3989.00 492.55 5000.00 3.46 150.00 1657.00 77.88 –  
 A-n62-k8 62 47 4 0.6 3609.34 3589.75 838.70 4000.00 1.05 300.00 1550.00 80.27 −0.54  
 A-n63-k9 63 48 4 0.6 N/A 4539.03 890.72 5000.00 2.30 300.00 1654.00 75.27 –  
 A-n63-k10 63 48 4 0.6 4301.66 4097.24 622.30 5000.00 2.94 75.00 1603.00 72.88 −4.75  
 A-n64-k9 64 49 4 0.6 3358.42 3341.11 684.43 4000.00 1.68 225.00 1570.00 74.88 −0.52  
 A-n65-k9 65 50 4 0.6 4191.93 4145.25 512.36 5000.00 1.89 225.00 1594.00 79.33 −1.11  
 A-n69-k9 69 53 4 0.6 N/A 4128.32 623.16 5000.00 2.16 225.00 1722.00 90.78 –  
 A-n80-k10 80 62 4 0.6 N/A 4032.84 814.08 5000.00 0.76 300.00 2082.00 100.33 –  
 A-n32-k5 32 24 2 0.7 2611.04 2611.04 284.62 3000.00 0.42 150.00 824.00 20.72 0.00  
 A-n33-k5 33 25 2 0.7 2532.46 2532.46 314.55 3000.00 0.91 75.00 858.00 21.88 0.00  
 A-n33-k6 33 25 2 0.7 3615.50 3577.92 365.91 4000.00 2.01 75.00 865.00 20.38 −1.04  
 A-n34-k5 34 26 2 0.7 2530.21 2530.21 429.57 3000.00 0.64 0.00 900.00 25.51 0.00  
 A-n36-k5 36 28 2 0.7 2548.49 2472.39 321.60 3000.00 1.79 75.00 926.00 29.38 −2.99  
 A-n37-k5 37 29 2 0.7 2474.04 2395.54 275.44 3000.00 1.10 75.00 956.00 25.72 −3.17  
 A-n37-k6 37 29 2 0.7 2594.98 2568.41 336.60 3000.00 0.81 150.00 919.00 30.84 −1.02  
 A-n38-k5 38 29 2 0.7 2532.33 2457.32 319.61 3000.00 0.71 75.00 938.00 29.94 −2.96  
 A-n39-k5 39 30 2 0.7 2586.53 2562.01 392.28 3000.00 0.73 150.00 981.00 32.17 −0.95  
 A-n39-k6 39 30 2 0.7 2611.04 2601.97 351.52 3000.00 0.45 150.00 900.00 32.99 −0.35  
 A-n44-k6 44 33 3 0.7 3513.14 2587.44 472.40 3000.00 1.04 150.00 1036.00 40.38 −26.35  
 A-n45-k6 45 34 3 0.7 3487.01 3359.79 535.21 4000.00 1.58 225.00 1402.00 40.95 −3.65  
 A-n45-k7 45 34 3 0.7 3749.86 3607.16 604.19 4000.00 0.97 150.00 1148.00 46.63 −3.81  
 A-n46-k7 46 35 3 0.7 3385.72 3369.80 425.19 4000.00 0.61 150.00 1206.00 42.88 −0.47  
 A-n48-k7 48 37 3 0.7 3453.00 3355.43 578.38 4000.00 2.05 75.00 1300.00 43.07 −2.83  
 A-n53-k7 53 41 3 0.7 3396.59 3357.74 560.84 4000.00 1.90 150.00 1355.00 55.27 −1.14  
 A-n54-k7 54 42 3 0.7 3309.07 3299.34 503.41 4000.00 0.93 225.00 1430.00 60.54 −0.29  
 A-n55-k9 55 43 3 0.7 4237.16 4237.16 543.24 5000.00 2.92 150.00 1459.00 60.31 0.00  
 A-n60-k9 60 47 3 0.7 4378.39 4378.39 791.19 5000.00 1.20 150.00 1564.00 59.83 0.00  
 A-n61-k9 61 48 3 0.7 N/A 3996.04 497.63 5000.00 4.41 150.00 1656.00 72.41 –  
 A-n62-k8 62 47 4 0.7 3180.30 3180.30 634.27 4000.00 2.03 150.00 1606.00 74.62 0.00  
 A-n63-k9 63 48 4 0.7 N/A 4559.13 1007.44 5000.00 2.69 225.00 1676.00 69.46 –  
 A-n63-k10 63 48 4 0.7 5119.38 4976.90 591.74 6000.00 4.16 150.00 1769.00 78.00 −2.78  
 A-n64-k9 64 49 4 0.7 4301.28 4184.56 730.59 5000.00 1.97 150.00 1698.00 76.96 −2.71  
 A-n65-k9 65 50 4 0.7 6114.83 4190.36 545.95 5000.00 2.41 300.00 1658.00 77.96 −31.47  
 A-n69-k9 69 53 4 0.7 N/A 5028.77 702.90 6000.00 3.86 225.00 1903.00 80.33 –  
 A-n80-k10 80 62 4 0.7 N/A 5086.75 981.11 6000.00 2.63 300.00 2197.00 81.04 –  
 Average 3175.50 3266.46 502.15 3888.89 1.55 150.00 1276.13 55.27 −2.79  
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Table 6
Results by LNS-SA on the second large-size dataset of REVRP-LPCP instances (|𝑉 | = 100 to 500).
 Instance |𝑉 | |𝐶| |𝐿| LNS-SA LNS 𝑖𝑛𝑖𝑡𝑖𝑎𝑙% 𝐿𝑁𝑆% 
 𝑇 𝑟𝑒𝑣 𝑢𝑒𝑣 𝑟 𝑙 𝑝 𝑇 ′ 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑇 𝐿𝑁𝑆

𝑇 𝑇 ′′  
 f20c70l10_r1 100 70 10 1331.08 523.71 3000.00 4.37 525.00 2722.00 100.65 3576.26 1434.17 99.17 −62.78 −7.19  
 f20c70l10_r2 100 70 10 1431.68 541.17 3000.00 2.51 600.00 2712.00 105.77 3634.34 1446.68 97.17 −60.61 −1.04  
 f20c70l10_c1 100 70 10 2161.34 771.42 4000.00 5.92 300.00 2916.00 106.87 3834.12 2347.88 102.52 −43.63 −7.95  
 f20c70l10_c2 100 70 10 2342.31 789.02 4000.00 5.29 450.00 2902.00 109.42 3820.33 2409.51 101.12 −38.69 −2.79  
 f20c70l10_rc1 100 70 10 2031.37 632.76 4000.00 6.62 300.00 2908.00 110.65 3656.81 2148.85 104.94 −44.45 −5.47  
 f20c70l10_rc2 100 70 10 2185.55 625.85 4000.00 4.70 450.00 2895.00 106.99 3688.61 2226.54 97.93 −40.75 −1.84  
 f40c140l20_r1 200 140 20 2535.71 1025.62 5000.00 2.09 1500.00 4992.00 197.61 5385.76 2655.61 187.71 −52.92 −4.52  
 f40c140l20_r2 200 140 20 3303.21 880.87 7000.00 10.34 1275.00 5863.00 201.40 4769.42 3367.50 193.23 −30.74 −1.91  
 f40c140l20_c1 200 140 20 3759.59 1414.49 6000.00 3.10 1500.00 5158.00 190.61 5179.10 4059.03 186.71 −27.41 −7.38  
 f40c140l20_c2 200 140 20 3773.43 1089.76 7000.00 5.68 1425.00 5747.00 195.79 5537.56 3878.42 187.63 −31.86 −2.71  
 f40c140l20_rc1 200 140 20 4329.83 1094.54 8000.00 7.28 1200.00 5972.00 195.57 6081.72 4446.37 193.71 −28.81 −2.62  
 f40c140l20_rc2 200 140 20 3036.90 917.01 6000.00 3.89 1500.00 5384.00 192.74 5082.45 3289.68 189.57 −40.25 −7.68  
 f60c210l30_r1 300 210 30 5267.53 1477.71 11000.00 11.82 2025.00 9247.00 265.37 7746.31 5696.47 259.31 −32.00 −7.53  
 f60c210l30_r2 300 210 30 4223.22 1338.45 9000.00 6.77 2250.00 8372.00 277.91 6313.70 4545.35 271.33 −33.11 −7.09  
 f60c210l30_c1 300 210 30 4081.40 1613.74 8000.00 3.66 2250.00 7786.00 261.22 7724.12 4158.88 253.52 −47.16 −1.86  
 f60c210l30_c2 300 210 30 5785.96 1546.38 11000.00 7.58 2250.00 9018.00 271.85 8129.84 6001.35 268.45 −28.83 −3.59  
 f60c210l30_rc1 300 210 30 4195.24 1465.08 9000.00 7.16 2175.00 8452.00 270.39 5751.71 4265.88 261.65 −27.06 −1.66  
 f60c210l30_rc2 300 210 30 5357.34 1583.39 11000.00 7.95 1950.00 9184.00 275.18 7457.47 5572.32 266.55 −28.16 −3.86  
 f80c280l40_r1 400 280 40 5455.49 1769.46 11000.00 5.03 3000.00 10319.00 355.17 7030.54 5553.06 350.26 −22.40 −1.76  
 f80c280l40_r2 400 280 40 7555.42 1820.81 15000.00 16.61 2700.00 11982.00 352.72 9915.98 7949.81 346.80 −23.81 −4.96  
 f80c280l40_c1 400 280 40 5345.94 1704.75 11000.00 6.20 3000.00 10365.00 361.46 7028.75 5455.77 352.73 −23.94 −2.01  
 f80c280l40_c2 400 280 40 6321.86 2124.66 11000.00 5.19 3000.00 9808.00 375.59 8321.86 6586.44 366.46 −24.03 −4.02  
 f80c280l40_rc1 400 280 40 6309.15 2007.54 12000.00 7.61 3000.00 10706.00 371.48 7906.45 6788.41 369.39 −20.20 −7.06  
 f80c280l40_rc2 400 280 40 7901.12 2180.76 14000.00 9.36 3000.00 11289.00 357.34 9965.76 8002.75 353.90 −20.72 −1.27  
 f100c350l50_r1 500 350 50 9114.36 2048.36 18000.00 23.00 3600.00 14557.00 459.81 11467.07 9216.95 458.23 −20.52 −1.11  
 f100c350l50_r2 500 350 50 9019.71 2076.85 18000.00 20.86 3450.00 14528.00 485.30 12594.07 9369.18 482.22 −28.38 −3.73  
 f100c350l50_c1 500 350 50 8751.62 2287.37 16000.00 9.24 3750.00 13295.00 470.97 11086.70 9213.00 463.35 −21.06 −5.01  
 f100c350l50_c2 500 350 50 8365.99 2688.84 15000.00 9.15 3750.00 13082.00 476.86 10765.89 8977.74 475.60 −22.29 −6.81  
 f100c350l50_rc1 500 350 50 8642.02 2455.54 16000.00 8.48 3750.00 13572.00 488.67 10965.87 8985.35 479.44 −21.19 −3.82  
 f100c350l50_rc2 500 350 50 6061.94 2246.37 12000.00 3.57 3750.00 11938.00 458.69 15076.16 6300.02 452.47 −59.79 −3.78  
 Average 4999.24 1491.41 9633.33 7.70 2122.50 8255.70 281.67 7316.49 5211.63 275.77 −33.58 −4.13  
were generated based on CVRP instances of sets A and B while assigning 
a random profit from 1 to 80 to each customer and changing the ‘𝑎’ 
from 0.60 to 0.80. Trachanatzi et al. (2020) developed five methods to 
solve these instances: Firefly Algorithm based on Coordinates (FAC), 
Differential Evolution with binomial crossover (DEbin), Differential 
Evolution with exponential crossover (DEexp), Bat Algorithm (BA), 
and constriction Particle Swarm Optimization (cPSO). As mentioned in 
Section 2, Trachanatzi et al. (2020) addressed the E-VRP-SC, or PCVRP 
with environmental objective function. They assumed an environmen-
tal objective function, including the minimization of the consumed 
energy on traveled arcs, as given by Eq. (33): 

𝑚𝑖𝑛.
∑

𝑖,𝑗∈𝑉 ∶𝑖≠𝑗

∑

𝑘∈𝐾
𝑑𝑖𝑗 (

𝑒𝑓 − 𝑒𝑒
𝑄

𝑓𝑖𝑗𝑘 + 𝑒𝑒𝑥𝑖𝑗𝑘) +  ×𝑀 −
∑

𝑖∈𝐶

∑

𝑘∈𝐾
𝑝𝑖𝑦𝑖𝑖𝑘 (33)

In the objective function (33), 𝑒𝑓  is the CO2 emissions of a fully-
loaded vehicle, which equals 1.096 kg/km. 𝑒𝑒 is the CO2 emissions 
of a vehicle without any load, which equals 0.772 kg/km. 𝑀 is the 
number of vehicles used in the solution. To implement our method 
on E-VRP-SC, we minimized the objective function (33) while assum-
ing vehicle load capacity and a minimum ratio of demands to be 
satisfied while generating 𝑀 routes. The destroy, perturbation, and 
improvement operators related to the robots, lockers, and CSs were 
excluded from the LNS-SA. Additionally, instead of minimizing the 
number of used vehicles, we accepted the solution with 𝑀 used vehicles 
to facilitate comparison with existing methods. To ensure fairness in the 
experiments, we set a maximum execution time of 60 s for the LNS-
SA, similar to FAC, DEbin, DEexp, BA, and cPSO. These algorithms’ 
computations were performed within the MATLAB environment on an 
Intel(R) Core(TM) processor with 8 GB RAM.

Table  7 shows the computational results for the first and second 
PCVRP instances, ranging from 32 to 80 nodes. We compared the 
results obtained using LNS-SA with those from FAC, DEbin, DEexp, 
BA, and cPSO. In these tables, the ‘A.O.F.’ is the average of the best 
objective function values (33) returned by each algorithm in five runs 
for each instance. The 𝜁% demonstrates the difference between the 
A.O.F.s returned by the LNS-SA and each existing method, calculated 
similarly to Eq. (32). Negative values show the improvements made 
by the proposed LNS-SA. The results show that, on average, LNS-SA 
outperforms all existing methods in two groups of instances while 
reaching new best-known solutions in 44 out of 75 PCVRP instances 
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(for details, please see the tenth section of the Supplementary material 
file). Remarkably, in the first group, the LNS-SA outperforms the FAC, 
DEbin, DEexp, BA, and cPSO by 0.34%, 0.38%, 0.35%, 0.44%, and 
0.39% on average. The improvements by the LNS-SA in the second 
group over these methods are 0.48%, 0.72%, 0.50%, 0.56%, and 0.60%. 
Also, compared with the best-known solutions in the literature (the last 
column of tables), our LNS-SA method has reached a better solution 
with improvements of 0.05% and 0.15% on average in the first and 
second PCVRP instances. These results demonstrate that the LNS-SA 
effectively solves the related problems to REVRP-LPCP, e.g., PCVRP 
instances, outperforming the existing methods in the literature and 
obtaining forty-four new best-known solutions.

5.4.3. Evaluation of operators
To show the efficiency of the designed destroy, perturbation, and 

improvement operators, the LNS-SA solved the first ten instances in L1 
while removing one of the operators to observe how much improve-
ment is lost. The larger improvement loss indicates the significance 
of that operator in improving the solution quality. This experiment 
did not remove the repair operators since the problem would have 
become infeasible without them. Table  8 presents the amount of lost 
improvement after removing each operator. The percentages (denoted 
by 𝜌%) are the average deviation from the best-found solution over 
ten instances. As observed, removing the improvement operator of
unprofitable_customer_removal has the most impact on worsening the 
average objective function by 11.59%. Also, adding the route_merge
operator could improve the total delivery costs by 8.30% on average. 
The operators that are designed specifically for the REVRP-LPCP, such 
as EV-to-robot, isolated-to-EV_insertion, isolated-to-robot_insertion, and EV-
to-robot_exchange operators are among the most important in improving 
the objective functions. As expected, without these operators, the solu-
tion quality to the REVRP-LPCP would get worse. Also, among destroy 
operators, customer_removal and route_removal have the potential to 
improve the objective function by 4.65% and 5.79%, respectively, 
showing their effectiveness in exploring the solution space by the 
algorithm. The solution quality worsens without each operator (with 
an average of 4.35%), so every operator has an impact on effectively 
finding a high-quality solution by the algorithm.
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Table 7
Comparison of LNS-SA with existing methods on PCVRP instances.
 Dataset LNS-SA FAC DEbin DEexp BA cPSO BKSa

 A.O.F. A.O.F. 𝜁% A.O.F. 𝜁% A.O.F. 𝜁% A.O.F. 𝜁% A.O.F. 𝜁% A.O.F. 𝜁%  
 1st group 6367 6390 −0.34 6391 −0.38 6390 −0.35 6395 −0.44 6392 −0.39 6371 −0.05 
 2nd group 6096 6128 −0.48 6146 −0.72 6128 −0.50 6133 −0.56 6136 −0.60 6106 −0.15 
 Average 6232 6259 −0.41 6269 −0.55 6259 −0.43 6264 −0.50 6264 −0.50 6239 −0.10 
a BKS: The best-known solution for each PCVRP instance, which is the minimum objective function values of FAC, DEbin, DEexp, BA, cPSO, and Gurobi, as 
reported by Trachanatzi et al. (2020).
Table 8
Performance evaluation of the LNS-SA’s operators.
 Removed operator 𝜌% Removed operator 𝜌% Removed operator 𝜌%  
 customer_exchange 3.40 1-0 node_insertion 5.60 EV-to-locker 0.65 
 new_customer_insertion 3.95 unprofitable_customer_removal 11.59 isolated-to-EV_insertion 6.08 
 customer_removal 4.65 redundant_CS_removal 4.90 isolated-to-robot_insertion 6.89 
 locker_opening 0.46 route_merge 8.30 isolated-to-locker_insertion 0.79 
 locker_closing 0.42 set_insertion 4.15 locker-to-robot 0.71 
 route_removal 5.79 2-opt 6.90 locker-to-EV 0.78 
 1-1 node_exchange 5.33 EV-to-robot 5.16 EV-to-robot_exchange 4.76 
5.5. Sensitivity analysis

In this section, an analysis was conducted to assess how changing 
the parameters of REVRP-LPCP impacts various costs such as 𝑇 , 𝑟

𝑒𝑣, 
𝑢
𝑒𝑣, 𝑟, 𝑙, and 𝑝. The analysis covers the impact of EV-, robot-, 

locker-, and service-related parameters and the distribution of cus-
tomers’ profits. The experiments used the instances of rc204C15 and
A-n32-k5 with 𝑎 = 0.7, and the average results for these instances 
were presented. These instances were chosen due to their low solution 
time while providing insights about the problem. When adjusting a 
parameter’s value, the original values of the other parameters in each 
instance were maintained.

5.5.1. Impact of the EV-, robot-, locker-, and service-related parameters
The influence of modifying 𝑄 is illustrated in Table  9, showing that 

higher 𝑄 reduces 𝑇  and 𝑢
𝑒𝑣. Despite this reduction in 𝑢

𝑒𝑣, there is no 
consistent reduction in 𝑟

𝑒𝑣. However, the 𝑟 increases when EVs with 
higher 𝑄 are used. This shows that the model gains the advantages of 
using the robots when EVs have a high capacity to carry the parcels. At 
the same time, while 𝑄 is increasing, the option to deliver the parcels to 
the lockers is not profitable, eliminating the need to open a new locker.

Furthermore, Table  9 illustrates that as EV battery capacity 𝐵 in-
creases, the 𝑇  and 𝑟

𝑒𝑣 decrease consistently. The number of EVs used 
stays the same for different 𝐵 values. Changing the 𝐵 does not impact 
the 𝑟 or the 𝑝. These results show that with higher battery capacity, 
EVs do not need to recharge their battery frequently, resulting in lower 
𝑟
𝑒𝑣. Unlike the EV’s load capacity, the battery capacity mainly impacts 

the EV routes and does not significantly alter the total cost. Also, Table 
9 shows that when 𝑟 increases, the 𝑇  increases consistently. When 
𝑟 increases, EVs must visit the CSs more frequently. This leads to a 
rise in EV traveling costs; however, traveling more distances by EVs 
is not profitable if the EVs serve unprofitable customers (whose profit 
does not compensate for the additional traveling costs). This is why 
the total collected profits decreased in some values of 𝑟. Also, a high 𝑟
leads the delivery system to use the locker as a self-collection service 
not to lose profitable customers even if the EVs’ battery is insufficient 
to serve them (this can be observed when 𝑟 changes from 1.3 to 1.5). 
Also, Table  9 shows that increasing the 𝐵′ will reduce the 𝑇  and 𝑟

𝑒𝑣. 
The reason is that with sufficient battery capacity, the robots could 
make deliveries for more customers, resulting in less traveled distance 
by EVs and gaining profits by serving more customers. Also, higher 
𝐵′ increases the 𝑟; however, by serving the profitable customers 
whose profits compensate for the additional robot visits, the robots 
can improve the total costs. Increasing the robots’ battery capacity 
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does not significantly impact EV utilization and lockers’ opening costs; 
nevertheless, it considerably affects the robot and EVs’ routing costs.

The robot traveling cost per distance, 𝑐′𝑖𝑗 , equals the 𝜇𝑐𝑖𝑗 for all 𝑖, 𝑗
in the set of nodes 𝑉 . In Section 5.1, while generating the REVRP-LPCP 
instances, the 𝜇 was set to 0.04 according to Ark-invest.com (2018). By 
changing the values of 𝜇, a proportion of the robot’s traveling cost to 
the EV’s traveling cost, the impact of 𝑐′𝑖𝑗 is studied, as indicated in Table 
9. Higher 𝜇 increases 𝑇  while decreasing the 𝑟

𝑒𝑣. This EV’s travel cost 
reduction occurs because utilizing the robots is profitable despite their 
higher traveling cost per distance. However, utilization of the robots is 
profitable until a specific value of 𝜇, which is 0.16 here. For 𝜇 > 0.16, 
using robots is not profitable for the delivery system as the lockers are 
opened instead of robots. Also, when 𝜇 increases more than 0.16, the 
collected profits from the customers are dropped. The reason is that, 
with higher 𝜇, it is inefficient for the company to utilize the robots 
for home delivery. Hence, it could not gain benefits from robot-based 
delivery and eliminate using robots; only EVs and lockers are utilized 
for parcel delivery, resulting in higher 𝑇 .

Moreover, Table  9 illustrates that as 𝑚 increases, 𝑇  decreases, 
although it remains the same for 𝑚 > 2. More robots assist in accom-
modating more customers, which results in increased 𝑝. However, it 
is observed that increasing the 𝑚 from a specific number, i.e., two, 
will not change the costs. This could be explained by the restrictions 
imposed by the robots’ battery range constraint. Also, utilizing the 
robots more than the delivery system requires will make them idle 
and useless. So, the systems could benefit most from the two robots 
on each EV (𝑚 = 2). Notably, this number of robots is appropriate 
for the instance we analyzed. The number of robots could vary from 
instance to instance and in different scenarios. Therefore, for retailers 
and shipping companies, using more robots will encourage the EV-
and-robot delivery system to serve more customers and generate more 
profits, despite the increase in EV and robot travel costs, as the collected 
profits will compensate for these additional travel costs.

Before analyzing the capacity of the locker, the coefficient 𝛾 is 
defined as a certain percentage of the average demand. The accommo-
dation capacity of the locker equals the smallest integer that is greater 
than or equal to 𝛾𝑞, where 𝑞 is the average demand: 𝑄′ = ⌈𝛾𝑞⌉. In 
Section 5.1, the 𝛾 was 1 for all instances. The impact of varying 𝛾 is 
depicted in Table  9, indicating that increasing the 𝛾 reduces 𝑇  and 𝑙. 
The reduction in 𝑇  occurs because the locker has sufficient capacity 
to serve nearby customers through self-collection, eliminating the need 
for additional EVs or robots for those customers. Additionally, higher 
𝛾 increases   because it is more profitable for the delivery system to 
𝑙
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Table 9
Impact of changing the EV-, robot-, locker-, and service-related parameters.
 Parameters 𝑇 𝑟

𝑒𝑣 𝑢
𝑒𝑣 𝑟 𝑙 𝑝 Parameters 𝑇 𝑟

𝑒𝑣 𝑢
𝑒𝑣 𝑟 𝑙 𝑝  

 

𝑄

40 5983.94 626.32 6000.00 0.12 37.50 680.00

𝐵

100 1685.42 407.28 2000.00 0.64 0.00 722.50 
 60 3794.24 455.03 4000.00 0.21 19.50 680.50 120 1658.39 380.24 2000.00 0.64 0.00 722.50 
 80 2716.32 410.61 3000.00 0.21 0.00 694.50 140 1656.53 378.39 2000.00 0.64 0.00 722.50 
 100 2694.70 414.82 3000.00 0.38 0.00 720.50 160 1656.48 378.34 2000.00 0.64 0.00 722.50 
 120 1687.16 375.20 2000.00 0.46 0.00 688.50 180 1653.14 374.99 2000.00 0.64 0.00 722.50 
 140 1661.53 359.58 2000.00 0.46 0.00 698.50 200 1653.14 374.99 2000.00 0.64 0.00 722.50 
 160 1644.18 369.18 2000.00 0.50 0.00 725.50 220 1652.46 374.31 2000.00 0.64 0.00 722.50 
 

𝑟

0.3 1651.12 372.97 2000.00 0.64 0.00 722.50

𝐵′

11 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.5 1655.39 356.25 2000.00 0.64 0.00 701.50 22 1648.72 365.00 2000.00 2.23 0.00 718.50 
 0.7 1655.54 377.44 2000.00 0.60 0.00 722.50 33 1648.07 360.67 2000.00 3.90 0.00 716.50 
 0.9 1658.51 380.37 2000.00 0.64 0.00 722.50 44 1635.34 351.07 2000.00 4.77 0.00 720.50 
 1.1 1689.81 406.17 2000.00 0.64 0.00 717.00 55 1634.08 351.07 2000.00 5.51 0.00 722.50 
 1.3 1693.71 389.06 2000.00 0.64 0.00 696.00 66 1634.08 351.07 2000.00 5.51 0.00 722.50 
 1.5 1713.40 375.76 2000.00 0.64 37.50 700.50 77 1626.67 333.68 2000.00 7.49 0.00 714.50 
 

𝜇

0.01 1657.82 380.44 2000.00 0.24 15.00 720.00

𝑚

0 1665.60 370.10 2000.00 0.00 0.00 704.50 
 0.02 1658.24 380.42 2000.00 0.32 0.00 722.50 1 1659.37 363.41 2000.00 0.46 0.00 704.50 
 0.04 1658.57 380.42 2000.00 0.64 0.00 722.50 2 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.08 1659.21 380.42 2000.00 1.29 0.00 722.50 3 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.16 1660.50 380.42 2000.00 2.57 0.00 722.50 4 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.32 1698.55 352.41 2000.00 0.64 37.50 692.00 5 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.64 1699.58 351.08 2000.00 0.00 37.50 689.00 6 1658.57 380.42 2000.00 0.64 0.00 722.50 
 

𝛾

0.5 1658.57 380.42 2000.00 0.64 0.00 722.50

𝜖

0.1 1646.71 347.31 2000.00 0.39 19.00 720.00 
 1.0 1658.57 380.42 2000.00 0.64 0.00 722.50 0.3 1655.26 365.15 2000.00 0.60 12.00 722.50 
 1.5 1650.84 332.24 2000.00 0.60 19.50 701.50 0.5 1658.57 380.42 2000.00 0.64 0.00 722.50 
 2.0 1645.82 327.21 2000.00 0.60 19.50 701.50 0.7 1658.57 380.42 2000.00 0.64 0.00 722.50 
 2.5 1634.84 332.24 2000.00 0.60 19.50 717.50 0.9 1658.57 380.42 2000.00 0.64 0.00 722.50 
 3.0 1609.92 220.13 2000.00 0.29 94.50 705.00 1.1 1658.57 380.42 2000.00 0.64 0.00 722.50 
 3.5 1604.79 211.47 2000.00 0.32 94.50 701.50 1.3 1658.57 380.42 2000.00 0.64 0.00 722.50 
 

𝜋

0.1 845.87 248.87 1000.00 0.00 0.00 403.00

𝑎

0.4 1168.06 354.50 1500.00 0.55 0.00 687.00 
 0.3 840.40 182.40 1000.00 0.00 39.00 381.00 0.5 1177.37 358.40 1500.00 0.47 0.00 681.50 
 0.5 824.49 188.49 1000.00 0.00 39.00 403.00 0.6 1177.37 358.40 1500.00 0.47 0.00 681.50 
 0.7 821.74 153.74 1000.00 0.00 39.00 371.00 0.7 1658.57 380.42 2000.00 0.64 0.00 722.50 
 0.9 769.30 121.30 1000.00 0.00 39.00 391.00 0.8 1674.24 394.19 2000.00 0.55 0.00 720.50 
 1.1 769.30 121.30 1000.00 0.00 39.00 391.00 0.9 1705.52 439.88 2000.00 0.64 0.00 735.00 
 1.3 769.30 121.30 1000.00 0.00 39.00 391.00 1.0 2230.68 470.04 2500.00 0.64 0.00 740.00 
open them. Also, as mentioned in Section 5.1, the opening cost of the 
locker equals  = ⌈0.5 × 𝐵⌉ (Wang et al., 2018; Yu et al., 2023). The 
parameter 𝜖 is a certain percentage of the EV’s battery capacity. The 
opening cost of the locker equals the smallest integer greater than or 
equal to 𝜖𝐵, or mathematically:  = ⌈𝜖𝐵⌉. Table  9 shows the impact 
of varying 𝜖 values on various costs. Higher 𝜖 increases 𝑇 , 𝑟

𝑒𝑣, and 
𝑟, although they remain unchanged for 𝜖 > 0.5. The reason is that 
higher 𝜖 makes the lockers unprofitable for customer service (reducing 
the number of open lockers and 𝑙), resulting in more utilization of EVs 
or robots to serve the customers. Therefore, the pricing of the lockers 
plays an important role in determining whether the locker will be open 
during delivery planning. Alongside the cost of opening the lockers, 
their accommodation capacity and coverage range are critical to their 
competitiveness against EVs and robots.

Furthermore, as outlined in Section 5.1, the coverage range of the 
locker is determined by 𝐷 = 𝐵 (Wang et al., 2018; Yu et al., 2023). Let 
us define the parameter 𝜋 as a proportion of the EV’s battery capacity. 
So, the lockers’ coverage range is represented by 𝐷 = 𝜋𝐵. Table  9 illus-
trates how varying values of 𝜋 impact the various costs. It demonstrates 
a 𝑇  reduction as 𝜋 increases. This trend occurs because an increase 
in 𝜋 makes the lockers cover (serve) more nearby customers, thereby 
reducing the need for home delivery services via EVs and total costs. 
As observed, when 𝐷 increases, the locker serves more customers while 
its opening cost remains constant for 𝜋 > 0.5. Also, Table  9 shows that 
as 𝑎 increases, there is a direct relationship with a higher 𝑇 , 𝑟

𝑒𝑣, 
and 𝑢

𝑒𝑣 (leading to the rise in the number of used EVs). The reason 
is that more demands must be served by increasing the 𝑎. Between 
𝑎 = 0.4 and 𝑎 = 0.6, the total cost remains relatively stable, increasing 
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only modestly. The EV route cost increases slightly, while the EV 
utilization cost remains constant. However, the robot’s cost is reduced, 
indicating that the system, considering the limited load capacity of the 
EV, maintains a stable delivery configuration using the same number 
of EVs and fewer robots to serve the increasing demand. The system 
thus accommodates the increased service level by slightly stretching 
the existing EV routes without changing fleet size. At 𝑎 = 0.7, a notable 
change occurs: the EV utilization cost jumps, indicating the addition of 
a new EV. Both EV and robot route costs rise, showing that the system 
expands capacity through a combination of EV and robot deliveries. 
From 𝑎 = 0.8 to 𝑎 = 0.9, the EV fleet remains unchanged; however, 
increased demand leads to higher robot use, reflecting the system’s 
flexible adjustment between EVs and robots based on cost efficiency. 
Finally, at 𝑎 = 1, another EV is added to fully meet demand, with 
increased EV route cost and stable robot use, indicating a preference 
for adding EVs over expanding robot delivery due to the robot’s battery 
limitation.

5.5.2. Impact of the distribution of profits and locker’s locations
We examined the influence of profits of the customers on various 

costs across six distinct cases: (i) Case_A, where all profits are assigned 
randomly to the customers (the original case); (ii) Case_B, where all 
customers are assigned the lowest possible profit value (𝑝𝑖 = 1,∀𝑖 ∈
𝐶); (iii) Case_C, where all customers are assigned the highest possible 
profit value (𝑝𝑖 = 80; ∀𝑖 ∈ 𝐶); (iv) Case_D, where higher profits are 
allocated to customers farthest from the depot; (v) Case_E, where higher 
profits are allocated to customers nearest to the depot; (vi) Case_F, 
where higher profits are allocated to customers nearer to each other 
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Table 10
Impact of the distribution of the customers’ profits.
 With mandatory-to-serve customers Without mandatory-to-serve customers
 Total cost 1 2 3 4 5 𝜂% Total cost 1 2 3 4 5 𝜂%  
 Case_A 598.89 154.49 1000.00 0.40 39.00 595.00 86.67 598.89 154.49 1000.00 0.40 39.00 595.00 86.67  
 Case_B 1229.92 205.52 1000.00 0.40 39.00 15.00 100.00 1141.74 113.29 1000.00 0.45 39.00 11.00 73.33  
 Case_C 44.92 205.52 1000.00 0.40 39.00 1200.00 100.00 44.92 205.52 1000.00 0.40 39.00 1200.00 100.00 
 Case_D 710.92 205.52 1000.00 0.40 39.00 534.00 100.00 710.92 205.52 1000.00 0.40 39.00 534.00 100.00 
 Case_E 563.47 189.02 1000.00 0.45 39.00 665.00 93.33 563.47 189.02 1000.00 0.45 39.00 665.00 93.33  
 Case_F 514.79 135.34 1000.00 0.45 39.00 660.00 66.67 514.79 135.34 1000.00 0.45 39.00 660.00 66.67  
(populated areas). Table  10 presents the results for each case, including 
the percentage 𝜂% of served customers. Two options are compared 
in each case: with and without mandatory-to-serve customers. When 
there is no obligation for customers to be visited, catering to them 
with the highest profits is not required. Table  10 shows that when 
all customers have the same profit value, they are served within the 
single-day planning horizon, assuming all customers must be served. 
However, in scenarios without mandatory-to-serve customers, EVs can 
efficiently serve customers while minimizing costs and meeting the 
task completion threshold of 60%, thereby reducing EV traveling costs. 
Comparing Case_B and Case_C reveals that when prioritizing prime 
customers, all customers are served regardless of the profit value. 
Also, if customers with higher profits are closer to the depot (Case_E), 
EVs’ traveling costs decrease while profit collection increases compared 
to Case_D, where the customers with higher profits are farther from 
the depot. This observation holds even when considering scenarios 
where visiting the customers with the highest profit is not mandatory. 
Additionally, in Case_F, when customers are clustered together, they 
have higher profits, and the EV routing cost is the lowest, resulting 
in more robot utilization. In most cases, whether mandatory-to-serve 
customers are included or excluded yields identical results; the model 
consistently selects customers with the highest profits, even when their 
service is optional. Therefore, locating the depot or distribution center 
near regions with customers who generate higher profits will reduce 
EV traveling costs, and more robots will be utilized in populated areas.

Additionally, Fig.  3 illustrates the route planning for cases involving 
changes to the lockers’ locations, focusing on solution quality. In this 
figure, the profit associated with each demand node is displayed at that 
node. To observe the impact of the lockers’ location on the overall 
delivery cost, we considered three scenarios: (i) the location of two 
lockers is close to the depot (as given in Fig.  3(a)); (ii) two lockers are 
far from the depot (Fig.  3(b)); and (iii) two lockers are placed in the 
area with the most customer congestion (as shown by Fig.  3(c)). The 
delivery cost is the lowest (i.e., 708.48) when the lockers are located 
in areas with high customer congestion, compared to the other two 
scenarios (no locker is opened when they are far from the depot). This 
indicates that placing the lockers near customers (for example, near 
the residential complex) is more efficient than locating them near the 
depot, as the EVs will need to travel less. This highlights the importance 
of efficiently placing lockers within the delivery system.

5.5.3. Impact of robots on service quality
Service quality is critical for managers to satisfy customers’ ex-

pectations. This work measures the service quality by minimizing the 
negative collected profits (the two last elements of the objective func-
tion (1)). Evaluating the model’s results by including and excluding the 
robots and comparing these two cases could provide insights into the 
impact of utilizing the robots in the delivery system. Fig.  4 presents the 
collected profits when including and excluding the robots in the parcel 
delivery solution of ten large instances with 𝑎 = 0.60. It shows that us-
ing robots as a secondary delivery approach, in addition to EVs, collects 
more customer profits, resulting in higher service quality while reduc-
ing total costs. The reason is that the robots, due to less operational 
traveling cost than EVs, could serve the nearby customers considering 
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their battery capacity, increasing the customers’ visits (service quality) 
despite a slight increase in robot traveling cost.

5.6. Discussion and managerial insights

Based on the results and numerical analysis in the previous sections, 
the proposed approach, REVRP-LPCP, improves the total delivery cost 
of EVRP solutions by an average of 17.59%, 35.61%, and 35.41% for 
small- and medium-sized instances, respectively, showing the efficiency 
of the proposed multi-modal delivery system. Also, the LNS-SA outper-
forms the Gurobi in large instances by an average gap of 2.79% while 
improving the quality of the initial solution by 33.58% on average. Fur-
thermore, the solution quality of PCVRP instances in the literature was 
enhanced in 44 cases while outperforming existing methods. In addition 
to the numerical results, several insights could be elicited. The retailer 
or shipping companies could gain the advantages of synergy between 
the approaches of home delivery via EV and robot and self-collection 
service via lockers by improving the total delivery costs compared 
to EV-and-robot-based (without lockers), EV-and-locker-based (without 
robots), and EV-based delivery systems. If the battery capacity of the 
robot is sufficient, it decreases the distance traveled by EVs and collects 
more profits. However, it is crucial to determine the optimal number of 
robots to ensure efficient utilization without any idle units. The pricing 
of the lockers plays a vital role in deciding their inclusion in delivery 
planning. Also, their accommodation capacity and coverage range are 
pivotal in assessing their competitiveness against EVs and robots. Using 
robots enhances customer service quality, increases profits, and reduces 
total delivery costs, specifically when the customers are distributed as 
clusters.

6. Conclusions

An innovative integrated delivery system combining EVs, robots, 
and lockers is proposed. Within this system, a customer prioritization 
policy ensures that prime customers are mandatorily served within the 
single-day planning horizon. The multi-modal approach offers three 
delivery options to meet customer demands: home delivery via EV or 
robots and self-collection service at the locker. Prime customers are 
prioritized, while remaining customers may receive service during the 
planning period or the following day. The addressed problem, REVRP-
LPCP, aims to optimize routes for EVs and robots, prioritize prime 
customers, select CSs for EV charging, and determine locker locations 
for self-collection service. Each EV is equipped with a specific number 
of robots capable of leaving the EV at designated drop-off points, 
delivering parcels to customers, and returning to the EV for package 
retrieval or battery recharging at the same drop-off point, utilizing 
the ‘‘dispatch-wait-collect’’ tactic. This paper studied the REVRP-LPCP, 
aiming to minimize operational costs, prioritize prime customers, and 
adhere to various constraints. A novel MILP model was designed for 
the REVRP-LPCP, alongside analyzing the problem’s parameters. An 
efficient metaheuristic was designed to solve large instances with node 
sizes ranging from 32 to 500. The proposed metaheuristic has success-
fully achieved all optimal solutions for small and medium instances, 
outperforming Gurobi by an average gap of 2.79% in large instances. 
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Fig. 3. Impact of lockers’ locations on total cost.
Fig. 4. Impact of using robots in the delivery system on improving service quality (measured by collected profits).
Also, according to the results, retailers or shipping companies can 
capitalize on the synergies between various delivery approaches, in-
cluding home delivery via EV and robots and self-collection service via 
lockers. Delivery companies could significantly benefit from reducing 
EV traveling costs by utilizing robots near areas with higher customer 
congestion.

The robots can serve multiple customers for future work, consid-
ering the robots’ load capacity as a constraint. The delivery system 
could gain more advantages by utilizing CSs and lockers as drop-
off points for robots. Additionally, the following suggestions may be 
considered: minimizing the energy (battery) consumption of EVs and 
robots for environmental reasons, implementing a partial-recharge pol-
icy for EVs, and accounting for stochastic or uncertain parameters in the 
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problem, such as demands and travel times, to address environmental 
uncertainty.
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