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Abstract
This study introduces the Multi-Objective Sustainable Vehicle Routing Problem (MOS-
VRP) with time windows, designed for congested urban networks. The model simultane-
ously addresses economic, environmental, and social sustainability by minimizing costs 
and emissions while maximizing customer satisfaction through enhanced service at pickup 
nodes. To manage the complexity of large-scale urban routing, we propose a novel Vor-
onoi diagram-based network shrinking procedure that significantly reduces computational 
effort. More specifically, the model incorporates time-dependent traffic patterns to cap-
ture realistic urban conditions. For the solution, we propose a tailored metaheuristic, the 
enhanced Multi-Objective Volleyball Premier League (MOVPL) algorithm, which incor-
porates reference point guidance, disruption operators, and adaptive weight adjustment. 
This hybrid approach effectively balances conflicting objectives and improves solution 
diversity. Applied to Tehran’s urban freight network, the proposed method demonstrates 
superior performance across all metrics compared to benchmark algorithms and exact 
methods. Results show notable reductions in fuel consumption and travel distance, along-
side improved service equity. Furthermore, the framework offers a scalable and transfer-
able solution for sustainable logistics in other urban contexts.

Keywords  Vehicle routing problem · Sustainability · Voronoi diagram · Multi-objective 
volleyball premier league algorithm

1  Introduction

During the last decade, high population growth in developing cities has become a signifi-
cant challenge for the sustainable development of countries. Approximately 60% of the 
world's population currently lives in urban areas. This phenomenon is more intensified in 
some countries; for example, 75.4% of Iran's population lives in congested urban areas 
(Worldbank, 2018). From an urban planning perspective, traffic congestion is considered a 
primary concern for both commuters and logistics companies. Due to the high level of con-
gestion, greenhouse gas (GHG) emissions generated by transportation have increased more 
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in absolute terms than any other industry. To address these concerns, cutting-edge solutions 
based on artificial intelligence (AI) have emerged, using predictive analytics and real-time 
data to reduce the impacts of congestion on urban networks. Recent studies have integrated 
metaheuristic algorithms with AI to address Vehicle Routing Problems (VRPs) considering 
environmental factors (see, e.g., Goli et al. (2018); Elshaer & Awad, 2020; Konstantakopou-
los et al., 2022; Ma et al., 2025; Priyadarshi, 2024).

Sustainability is among the most critical issues facing contemporary society across a 
spectrum of economic, social, and environmental factors (Pilati & Tronconi, 2024). Most 
real-world routing applications include one or two of these factors in their proposed models. 
Therefore, consideration of all dimensions of sustainability can provide better solutions to 
the current challenges of most businesses (Garside et al., 2024), especially when integrated 
with AI approaches for an informed decision-making (Stamadianos et al., 2024; Tarhini 
et al., 2022). Figure 1 depicts the relationship between the three pillars of sustainability. 
According to this figure, if these concepts are implemented, the system may be equitable 
(social and economic), viable (environmental and economic), and bearable (social and envi-
ronmental) (Vega-Mejía et al., 2019). In respect of this elegant framework, factoring social 
fairness, economic profitability, and environmental greenery into the practice is delusive. 
Therefore, we propose a novel mathematical model to support sustainable decisions in 
logistics systems.

At the operational level, the VRP has been widely studied in the literature (Dantzig & 
Ramser, 1959). In the standard VRP model, it is generally assumed that the arcs connecting 
nodes are based on fixed parameters, such as traveling time or distance. However, the cost 
function of any proposed VRP and its variants strictly depends on the quality of obtained 
routes, inherently related to the type of urban network representation. When time is consid-
ered the main factor in network representation, new variants of VRP emerge in the opera-
tions research literature (see, e.g., Moghdani et al. (2021); Lin et al. (2014); Zhang et al., 
(2022); Ghosh and Roy, (2023). We present a new approach to selecting the best path in the 
road transportation network for the studied VRP that minimizes three different objectives. 
To reach the best trade-off among these objectives, we consider multiple paths for any arc 
connecting two nodes in a graph and different levels of traffic congestion. Many paths con-
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Fig. 1  The three pillars of sustainability 
(Source: Purvis et al., 2019)
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nect two nodes in the urban network, and we deliberately discard many such non-promising 
paths by using an innovative procedure. Hence, the studied problem is termed multi-objec-
tive sustainability VRP (MOSVRP). Our proposed model embraces the capabilities of AI 
to manage computational complexity and effectively adapt to dynamic traffic conditions.

Most freight transportation companies that incorporate pick-up/delivery services are tre-
mendously attempting to enhance customer satisfaction through on-time deliveries and low 
cost. In the basic version of VRPs (i.e., VRPTW, CVRP), servicing all customers in speci-
fied time windows is a straightforward task. In contrast, regarding VRP with pick-up and 
delivery (VRPPD), logistics service providers (LSPs) prioritize responding to the delivery 
nodes first and then trying to satisfy pick-up nodes. Therefore, in many real-world applica-
tions, it can be said that the number of pick-up nodes covered by distributors can be postu-
lated as a sign of customer satisfaction.

High-resolution traffic telemetry, now routinely collected from connected fleets, has 
revealed nonlinear energy penalties associated with micro-scale stop-and-go patterns (Grote 
et al., 2016; X. Zhang et al., 2024a, 2024b). Recent path-generation studies calibrate bat-
tery-discharge curves against these data and demonstrate that modest speed moderation on 
congestion-prone arcs can defer recharging events without affecting schedule (Jeong et al., 
2024; Lee et al., 2022). Building on this insight, adaptive departure-time rules coupled with 
flexible cruising-velocity choices have produced double-digit reductions in total energy 
use for city-centre parcel operations (Jeong et al., 2024; Woo et al., 2024). Advances in 
social sustainability put equity as a primary design objective (Eltoukhy et al., 2025). Inte-
grating straightforward fairness measures into the routing objective spreads waiting times 
more evenly across customers without noticeably increasing the vehicle routes (Aleksan-
drov, 2025; Yu et al., 2024). Similar gains emerge when workload-regularity constraints 
are imposed on driver schedules, confirming that balanced service patterns and operational 
efficiency need not be mutually exclusive (Nekooghadirli et al., 2025). Coordinating trucks 
and drones so that they meet at well-timed meeting points and perform rapid battery swaps 
can shorten delivery in urban areas while cutting fuel use and emissions (Cui et al., 2024).

Other research shows that on-route energy sharing among electric vans can help charg-
ing-station demand peaks, smoothing network-wide power loads by up to twenty percent 
(Emami & Ramezani, 2024). Despite this momentum, three critical challenges still exist. 
First, most multi-objective formulations still lower pick-up coverage to a soft penalty rather 
than a headline criterion (Comert & Yazgan, 2023). Second, the combinatorial growth caused 
by congestion-aware multi-path structures challenges conventional neighbourhood searches 
(Hu et al., 2022). Third, cooperative energy-exchange protocols remain largely separated 
from routing decisions (J. Zhang et al., 2024a, 2024b). The MOSVRP addresses these gaps 
through a dominance-based path-pruning routine and an adaptive volleyball-league meta-
heuristic enriched with disruption moves and self-tuning reference points, thereby aligning 
cost efficiency, emission mitigation, and inclusive service within a single decision-support 
framework. The main contributions of this paper are as follows:

(i)	 A MOSVRP with time windows is proposed for congested urban road networks.
(ii)	  We design and apply a new heuristic algorithm based on the Voronoi diagram method 

to reduce network size, in which all redundant paths are discarded from the network 
based on emissions.
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(iii)	We incorporate time-dependent modeling of traffic congestion to ensure realistic route 
planning under varying travel speeds.

(iv) 	We enhance an existing multi-objective volleyball premier league approach with dis-
ruption operators, adaptive weight adjustments, and reference point guidance, thus 
effectively balancing cost minimization, emission reduction, and social satisfaction in 
large-scale urban logistics.

The content of this paper is organized as follows. In the second section, we provide a com-
prehensive literature review to identify the possible gaps that justify the existence of cur-
rent work. We describe our proposed mathematical model in Sect. 3. In Sect. 4, the main 
approaches used in this study are presented, and the numerical experiment is shown in 
Sect. 5, as well as a sensitivity analysis on several parameters. Finally, we provide conclu-
sions and future research directions in Sect. 6.

2  Literature review

Numerous attributes commonly faced in real-world urban freight transportation settings 
have been considered in this paper; for example, time-varying road congestion, multipath 
selection, sustainable VRP (SVRP), and time-dependent VRP (TDVRP). Interested readers 
can refer to Demir et al. (2014b) for CO2 emissions calculation methods, Gendreau et al. 
(2015) for the TDVRP studies, and Ben Ticha et al. (2018) for a review of the urban network 
on VRPs.

2.1  Sustainability in road freight transportation

All three pillars of sustainability have rarely been covered in the context of green logis-
tics. Most studies examined only environmental and economic insights, while very few 
addressed social issues. By reviewing the most relevant papers in this field, it is apparent 
that the social sustainability concept has explored issues such as human resources, safety 
concerns, and customer satisfaction. Ramos and Oliveira (2011) aimed to minimize balanc-
ing the workload as an essential social concern among stops using a heuristic model. Labus-
chagne et al. (2005) placed social concerns in the human resources category by recognizing 
that equity and safety issues are regarded as social concerns included within the internal 
human resources category.

Once the role of the human factor emerges in the routing problem, the vital issue of safety 
arises. Surprisingly, little attention has been paid to possible traffic accidents and environ-
mental concerns. The most relevant study, conducted by Li et al. (2019), developed a multi-
depot GVRP regarding four objectives, including revenues, cost, time, and emissions, by 
using an improved ant colony optimization algorithm. Moutaoukil et al. (2014) stated that 
social indicators (e.g., accident risk, noise, and congestion) are challenging to measure, and 
they considered the number of vehicles and total traveling distance. Li et al. (2008) studied a 
significant aspect of social sustainability regarding balancing the routes assigned to various 
stops, wherein the workload of people was considered to receive more equity in this case. 
Therefore, the primary objective is to minimize the differences between the longest route 
and the shortest route lengths. This problem, termed VRP with route balancing (VRPRB), 
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was recently addressed by several researchers (Jozefowiez et al., 2009; Lacomme et al., 
2015). A stochastic variant of VRP with multiple objectives in a green context is studied 
by (Elgharably et al., 2022). The authors investigated three different objectives, namely, 
economic, environmental, and social aspects (i.e., customer satisfaction). A novel hybrid 
heuristic algorithm is proposed to solve the proposed mathematical model. Li et al. (2021) 
presented a mathematical model for the multi-depot VRP considering limited resources to 
maximize customer satisfaction. An improved variable neighborhood algorithm is proposed 
for the mixed-integer mathematical model with a nonlinear objective function to solve the 
problem. Besides, an improved K-means algorithm and an adaptive mechanism are added 
to generate the initial solution and the solution procedure. A multi-commodity flow optimi-
zation model is proposed by (Wang et al., 2022) for food distribution services with timeli-
ness requirements, vehicle capacity, and mixed-loading strategy. An improved Lagrangian 
Relaxation method is used to decompose and solve the problem with a dynamic program-
ming algorithm using an alternating direction method of multipliers (ADMM)-based solu-
tion framework.

Ibarra-Rojas and Silva-Soto (2021) investigated a mixed-integer linear programming 
(MILP) model to address an egalitarian distribution system to maximize the minimum frac-
tion of fulfilled demand and minimize delivery times. A commercial solver and a genetic 
algorithm provide the exact and approximate solutions. Salehian et al. (2019) presented 
a VRP to reduce fuel consumption and maximize customer satisfaction. A metaheuristic 
method based on the bee algorithm (BA) is proposed to solve the problem on a large scale. 
Qin et al. (2019) studied the impact of carbon price on carbon emissions and customer 
satisfaction by proposing a mathematical model for a cold chain VRP to minimize the cost 
of satisfying a unit of customers. Moreover, a cycle Evolutionary Genetic Algorithm is 
suggested to solve the problem. Zhang et al. (2018) addressed the CGVRP for alternative 
fuel vehicles with fuel and load limitations, proposing heuristic and Ant Colony System 
algorithms. Their methods were validated via comprehensive simulations, showing robust 
performance. Rojas-Saavedra et al. (2023) developed a hybrid metaheuristic integrating 
Variable Neighborhood Search and GRASP for the 3L-FHFVRP, achieving superior results 
and promoting sustainable transportation solutions.

Goodarzi et al. (2024) developed a two-stage stochastic optimization model that inte-
grates consolidation into intermodal freight routing to improve both sustainability and resil-
ience. The model captures economic, environmental, and social impacts, including GHG 
emissions, noise, congestion, and accidents, while allowing decision-makers to select both 
proactive preparedness and reactive recovery strategies. Solved with a Lagrangian relax-
ation scheme on United Kingdom data, the approach shows that spending only 0.4 percent 
of the total cost on resilience can cut overall expenses by roughly 4.7 percent. Rahiminia 
et al. (2025) introduced a P-robust, chance-constrained rail–road network model that trims 
worst-case cost regret by about 24 percent while adding only 1.4 percent to expected expen-
diture, making freight flows both greener and more disruption-proof.

2.2  Time-dependent VRP

In examining traffic congestion in routing problems, Malandraki and Daskin (1992) initially 
formulated TDVRP, after which Malandraki and Dial (1996) proposed a dynamic program-
ming approach to solve similar problems. The main shortcoming of these studies related to 
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neglecting the FIFO property, which was later embedded in TDVRP by Ichoua et al., (2003) 
and Fleischmann et al., (2004).

Solving the time-dependent shortest path problem (TDSPP) is the primary objective of 
coping with traffic congestion in TDVRPs. Eglese et al. (2006) attempted to apply this 
approach to a real-world problem in the UK. Later, Kok et al. (2012) used dynamic exten-
sion programming to employ TDSPP on TDVRP. We note that implementing TDVRP based 
on emission path requires both departure time and vehicle load for all arcs, which indicates 
that TDVRP is more complicated than TDSPP. In recent studies, several authors (see, e.g., 
Ehmke et al., 2016a; Qian & Eglese, 2014)) applied emission models. Later, Ehmke et al. 
(2016b) implemented a straightforward method that computed emission-minimizing paths 
independent of vehicle payload. They used a Tabu search (TS) on an entire urban network 
to obtain an optimal path for considering TDVRP. Combined with an exact approach named 
column generation, Qian and Eglese (2016) implemented the TS method to determine 
optimal paths. Verbeeck et al. (2017) designed a rapid Ant Colony System to tackle the 
time-dependent orienteering problem with time windows (TD-OPTW), addressing time-
dependent disruptions with real-world benchmarks. Their solution achieved exceptional 
performance in practical routing scenarios. Rastani and Çatay (2023) extended the electric 
vehicle routing problem with time windows (LD-EVRPTW) by including load-dependent 
energy consumption, proposing a Large Neighborhood Search-based matheuristic with an 
optimal repair mechanism. Their results highlighted significant changes in route planning 
and costs due to load variations. Li (2024) introduced a dual-objective model for fresh 
product logistics, balancing customer satisfaction, cost, and carbon emissions using a Multi-
objective Artificial Bee Colony algorithm. The study effectively demonstrated cost savings 
and emission reductions through Pareto analysis​. Eltoukhy et al. (2025) introduced the 
multi-trip time-dependent VRPTW, uncertain unloading time, and environmental and social 
considerations, and tackled it with a neural-network-guided mixed-integer model and an ant 
colony optimization algorithm. Applied to Hong Kong modular integrated construction, the 
solution satisfied every delivery, eliminated all GHG cap breaches. It revealed that omitting 
social impacts can hide about forty percent of true costs, while the sustainable plan increases 
expected spending by only 1.5 percent.

2.3  Green VRP

The term green was first used by Erdoğan and Miller-Hooks (2012) in the context of freight 
transportation problems, which focused on Alternative Fuel stations (AFS) with a limited 
capacity of vehicles and constrained refueling infrastructure. In the same vein, Bruglieri et 
al. (2016) attempted to propose a more realistic model of GVRP through a new formulation 
investigating the reduction in the number of AFSs. Other studies in the area of GVRP were 
conducted by Kopfer and Kopfer (2013) and Kwon et al. (2013) on the heterogeneous fleet 
of vehicles.

One of the most important variations of GVRP is the Pollution-Routing Problem (PRP), 
proposed by Bektaş and Laporte (2011). They used the Comprehensive Modal Emission 
Model (CMEM) to measure fuel consumption in their proposed model. Demir et al. (2012) 
used a metaheuristic algorithm, Adaptive Large Neighborhood Search (ALNS), to solve 
the PRP. Later, Demir et al. (2014a) proposed a bi-objective PRP minimizing both func-
tions, including fuel driving time and fuel consumption. In another study, Tajik et al. (2014) 
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appraised the PRP with pickups and deliveries, and performed a new robust approach to 
cope with this problem. Dabia et al. (2017) presented an identical approach based on a 
branch-and-price algorithm to solve the PRP problem. Furthermore, Raeesi and Zografos 
(2019) proposed Steiner PRP, as a new variant of this approach, on freight transportation 
urban networks by applying a precomputation procedure embedded in the path selection 
method, termed the path elimination procedure, to obtain an optimal path regarding the 
emissions minimization problem. Fernández Gil et al. (2023) developed a mathemati-
cal formulation addressing the cumulative vehicle routing problem with Time windows 
(CumVRP-TW), focusing on reducing fuel consumption and emissions. They employed 
a hybrid method combining GRASP with exact optimization, which showed promising 
results on standard benchmarks. Ferreira et al. (2024) proposed a variable-neighborhood-
search metaheuristic for the GVRP with two-dimensional loading and split deliveries, a 
variant that minimizes GHG emissions while respecting packing and unloading rules. Their 
algorithm found 21 of 60 optimal solutions and improved the best found solution for 50 of 
180 benchmark instances of the related capacitated variant, all within reasonable runtimes. 
Wang et al. (2025) defined the Dynamic time-dependent GVRP for decoration waste col-
lection (DTDGVRP-DWC) and solved it with a two-stage scheme that marries competitive 
simulated annealing for the look-ahead schedule with an event-triggered real-time re-plan-
ner. The Beijing case study shows that once demand-prediction accuracy passes a modest 
threshold, this proactive, carbon-aware approach consistently outperforms reactive routing 
in both cost and emissions.

3  Research Gap

This section provides a summary of the most relevant works as listed in Table 1. We present 
various attributes of such studies and compare them with the current study.

Table 1 indicates four gaps that the current study aims to address: (i) although there 
are several attempts to propose an efficient algorithm that tackles the urban network into 
energy-minimization VRP, there is no efficient algorithm designed for large-scale problems 
in this domain; (ii) limited research examines all pillars of sustainability with their math-
ematical models; (iii) only two studies propose multi-objective optimization incorporating 
their mathematical model; (iv) the general framework only integrates some attributes pre-
sented in this table; (v) no significant study incorporates time-dependency approach into 
GVRPs mathematical model regarding all aspects of sustainability; (vi) the maximum num-
ber of pickup node has been considered as a social factor in this study.

Despite these insights, the literature still lacks a solution that meets three objectives at 
the same time. First, no published study models a large city network with time-varying 
congestion while allowing several alternative paths between each pair of nodes. Second, 
existing formulations seldom treat cost, GHG emissions, and customer coverage as goals of 
equal importance, which limits their value for balanced policy making. Third, the few meth-
ods that do examine energy use or social service levels usually ignore traffic dynamics or 
remain limited to small benchmark instances. To fill these gaps, the present work introduces 
a MOSVRP that combines time-varying speeds, multi-path routing, and the three pillars of 
sustainability in a single framework. The model is solved with a dominance-driven path 
reduction procedure followed by an adaptive volleyball league metaheuristics that scales to 
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Table 1  A review of the most related studies with different attributes
Reference Obj  

T-D
Mp Solution methodol-

ogy 
Cs/Ti/Cct The three 

pillars of 
sustainability

Ex/Met HeV OID Eco Env Soc
Li et al. (2008) So  ×  ×  Met  ×   ×  Cs √  ×  √
Kuo (2010) So √ ×  Met ×   ×  Ti √ √ × 
Maden et al. (2010) So √  ×  Met √  ×  Ti √ √  × 
Bektaş and Laporte (2011) So  ×  ×  Ex  ×  ×  Ti √ √ × 
Ramos and Oliveira (2011) So ×  ×  Met ×  ×  Cs √ ×  √
Figliozzi (2011) Bo √ ×  Met ×   ×  Cs √ √  × 
Jabali et al. (2012) So  ×   ×  Met  ×   ×  Ti √ √  × 
Erdoğan and Miller-Hooks 
(2012)

So  ×   ×  Ex ×   ×  Ti √ √  × 

Demir et al. (2012) So  ×   ×  Met √  ×  Ti √ √  × 
Kok et al. (2012) So √  ×  Met ×   ×  Ti √  ×   × 
Kopfer and Kopfer (2013) So  ×   ×  Ex  ×   ×  Ti √ √  × 
Franceschetti et al. (2013) So √  ×  Ex ×  ×  Ti √ √ × 
Moutaoukil et al. (2014) So  ×   ×  Ex  ×   ×  Cs √ √ √
Demir et al. (2014a) Bo  ×   ×  Met √  ×  Ti √ √ × 
Lacomme et al. (2015) So  ×  ×  Met √  ×  Ti √  ×  √
Bruglieri et al. (2016) So ×  ×  Ex  ×   ×  Ti √ √  × 
Qian and Eglese (2016) So √ √ Met √ ×  Ti √ √  × 
Ehmke et al. (2016b) So √ √ Met √  ×  Ti √ √ × 
Raeesi and Zografos (2019) Mo √ √ Ex ×   ×  Cct √ √  × 
Mancini (2017) So ×  √ Met √  ×  Ti √ √ × 
Androutsopoulos and Zografos 
(2017)

Bo  ×  √ Met  ×  ×  Ti √ √ × 

Huang et al. (2017) Bo  ×  √ Ex  ×  ×  Cs √ √  × 
Li et al. (2019) Mo  ×  ×  Met  ×  ×  Ti √ √  × 
Salehian et al. (2019) So  ×   ×  Ex/Met  ×   ×  Ti √  ×  √
Qin et al. (2019) So ×   ×  Ex/Met  ×   ×  Cct  ×  √ √
Bruglieri et al. (2019) So  ×   ×  Ex  ×  ×  Ti √ √  × 
Sonu Rajak et al. (2020) So  ×  ×  Ex/Met  ×  ×  Ti √ ×  √
Li et al. (2021) So  ×   ×  Met  ×   ×  Ti  ×   ×  √
Ibarra-Rojas and Silva-Soto 
(2021)

So ×  ×  Ex/Met ×   ×  Cct √ ×  √

Elgharably et al. (2022) Mo  ×   ×  Met √ ×  Ti √ √ √
Wang et al. (2022) So ×   ×  Ex  ×  ×  Ti √  ×  √
Revanna and Al-Nakash (2023) So ×   ×  Met √  ×  Ti √ √ √
Xiao et al. (2024) So ×  ×  Ex/Met  ×   ×  Ti √ √  × 
Li (2024) Mo  ×  ×  Met  ×   ×  Ti √ √ √
This study Mo √ √ Met √ √ Cct √ √ √
Abbreviations: Obj: objective function, (T-D): Time-Dependency So: single objective, Bo: bi-objective, 
Mo: many-objective, Mp: multiple paths, Ex: exact approach, Met: metaheuristic approach, HeV: heuristic 
of VRPs, Cs: case study, Ti: test instance, Cct: a combination of the case study and test instance, Eco: 
economic, Env: environmental, Soc: social
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real megacity data. This integrated design directly responds to the shortcomings identified 
above and provides a more comprehensive decision support approach for researchers and 
practitioners.

4  Model setting

4.1  Problem description

Tehran, Iran, one of the most populous cities in the Middle East, experiences intense traf-
fic congestion and heightened environmental challenges. Coupled with a significant pro-
portion of Iran’s rapidly growing urban population now residing in Tehran, local logistics 
service providers face a pressing need to optimize last-mile freight deliveries. Given such 
constraints, reducing operational costs, mitigating the environmental impacts of carbon 
emissions, and maintaining high customer satisfaction are critical. These three economic, 
environmental, and social factors are often referred to as the pillars of sustainability and col-
lectively define the necessity for a more holistic perspective in vehicle routing. Traditional 
VRPs insufficiently address social factors like equitable or enhanced service for pickup cus-
tomers, especially in congested networks like Tehran. Hence, formulating a multi-objective 
model that simultaneously caters to cost minimization, emission reduction, and improved 
customer satisfaction holds tremendous potential in advancing sustainable urban freight 
operations across Iran.

MOSVRP presented in this paper accommodates time-window constraints, variable traf-
fic congestion, and the simultaneous pickup and delivery of goods. It integrates an innova-
tive Voronoi diagram-based network shrinking procedure to manage Tehran’s large-scale 
road network, thereby increasing solvability and computational efficiency. Furthermore, it 
adopts an enhanced metaheuristic, building on the multi-objective volleyball premier league 
algorithm, that leverages a reference point strategy, disruption operator, and adaptive weight 
adjustment. This comprehensive methodology not only optimizes routes for lowered costs 
and carbon emissions but also emphasizes serving the maximum number of pickup nodes. 
The proposed approach provides evidence of its viability by situating the study in Tehran. It 
offers decision-makers a powerful tool for orchestrating socially responsible, economically 
feasible, and ecologically sound urban freight distribution. It is worth mentioning that the 
developed model and solution approach will definitely be applicable and implementable 
for other similar cities around the globe. The following section provides an overview of the 
notations used in this study and a general description of the proposed model.

5  Notations and model formulation

In this sub-section, we provide Table 2 to present the list of notations used in this paper.
In this study, we use two different layers, including geographical and customer graphs, 

to construct the customer's location and urban network. An illustration appears in Fig. 2.
A typical customer graph, the first layer, is defined as Gc = (N c, Ac), in which set 

N c = 0 ∪ N + ∪ N − symbolizes the depot i ∈ N c = {0}, customer locations of pick-up 
N +, customer locations of delivery N −. Each customer i is defined with a hard time win-
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Table 2  The list of notations used in this study
Notation Description
Gc Customer graph
N c Set of customer nodes
Ac Set of arcs connecting pairs of customer nodes
N + Pickup nodes

N − Delivery nodes

GG Geographical graph

AG Set of intersections

N G Set of road segments

[ε, L] the planning horizon
Pij Set of paths connecting arc (i, j) ∈ N C

℘P
ij

A path in the set Pij

qi The demand for customer node i ∈ N C\ {0}
si Service time of customer node i ∈ N C\ {0}
K Set of homogenous vehicle K = {1, 2, .., k}
Q The capacity of a vehicle
R Number of periods with constant speed
ψe, ψs, ψw Coefficients in CMEM model to calculate fuel consumption
µ Vehicle curb-weight
F (v, t, f) Fuel consumption function of constant speed v, duration t, and vehicle load f
vpr

ij Speed in period r on path ℘P
ij

w Departure time from a node
τp

ij (w) Piecewise linear travel time function of departure time w from node i on path ℘P
ij

Mp
ij Intervals of the piecewise linear travel time function τp

ij (w) on path ℘P
ij[

bpm
ij , bp,m+1

ij

]
m th interval of travel time function τp

ij (w) on path ℘P
ij

tpr
ij Travel time at the speed vpr

ij  if the vehicles depart from node  at time bpm
ij on path ℘P

ij

τpr
ij (w) Piecewise linear travel time function of departure time w at speed vpr

ij on path ℘P
ij

θpmr
ij The slope of the piecewise linear function τpr

ij (w) within interval 
[
bpm

ij , bp,m+1
ij

]
 on 

path ℘P
ij

ηpmr
ij The intercept of the piecewise linear function τpr

ij (w) within interval 
[
bpm

ij , bp,m+1
ij

]
 

on path ℘P
ij

dp
ij Distance of path ℘P

ij

fp
ij Vehicle load carried on the path ℘P

ij

F p
ij (w) Fuel consumption of departure time w from node  on path ℘P

ij

S Number of discretized time points to calculate the time-dependent shortest path
xij Equal to 1 if arc (i, j) is on the optimal route
xp

ij Equal to 1 if the vehicle travels on the path ℘P
ij

Eal to 1 if the departure time at node  toward node j is in 
[
bpm

ij , bp,m+1
ij

]
xk

ij
Equal to 1 if the vehicle k travels on the arc (i, j)

fij The load carried on arc (i, j)
ϑpm

ij Earliest possible departure time at node  on path ℘P
ij

wpm
ij al departure time at node  (in 

[
bpm

ij , bp,m+1
ij

]
) on path ℘P

ij[
ei, ℓi

]
Hard time windows of customer node i ∈ N C\ {0}
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dow 
[
ei, ℓi

]
, service time si and demand qi. Finally, set Ac represents the arcs connecting 

all node pairs. The homogeneous fleet has K vehicles, each with a capacity Q. Vehicles 
should serve all customers within the delivery time horizon, which is defined as [ε, L].

The second layer of the proposed network shows the actual road network, known as the 
geographical graph Gg = (N g, Ag). N g  signifies the set of connections and Ag  symbol-
izes the set of road segments in the road network. Each connection between two customers 
(i, j) ∈ Ac can represent a set of paths in the geographical graph. Let Pij  denote a set of mul-

tipaths for an arc (i, j) ∈ Ac, which can be defined as Pij =
{

℘1
ij , ℘2

ij , . . . , ℘
|Pij |
ij

}
. Each 

member of Pij  connects nodes i and j in N g , and ℘p
ij =

{
ap

1, ap
2, . . . , ap

|℘p
ij|

}
 is defined as 

a finite sequence of road segments in Ag .

5.1  Preliminaries

The basic assumptions of the proposed model, including fuel consumption and the time-
dependent travel time functions, are presented here.

5.1.1  Fuel consumption

There is a rich literature using the CMEM (Bektaş & Laporte, 2011; Demir et al., 2012). 
This model, introduced by (Barth & Boriboonsomsin, 2009) to measure the amount of CO2 
emissions, is considered the first objective of this paper, connecting to environmental con-
cerns. Let d be the distance between two nodes and t travel time with constant speed v and 
the vehicle carries a load f ; therefore, the fuel consumption F (t, v, f) can be formulated as:

	 F (t, v, f) = ψet + ψsv3t + ψwd (µ + f) ,� (1)

O

D

Path

Nodes
Origin/Destination

Geographical graph
Customer graph

Fig. 2  A typical representation of the geographical and customer graph of Tehran city
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where ψe, ψs, and ψw denote the coefficients used in this formula for engine, speed, and 
weight modules, respectively, and µ denotes vehicle curb-weight. A detailed description of 
the CMEM model is presented in Appendix A.

5.1.2  Time-dependent travel time model

To obtain the travel time model, R periods are considered in the delivery time horizon [ε, L] 
and a vehicle has a constant speed v at each road segment within a periodr. A step func-
tion is defined to determine the travel speed at the road segment. Several approaches could 
estimate travel speed, and one of the most practical is a piecewise linear function presented 
by (Ichoua et al., 2003). In our study, the same procedure, using a piecewise linear function 
for the conversion, is implemented. In the typical path ℘P

ij , travel time function τp
ij (.) is 

used. Like other studies in the literature (e.g.,(Donati et al., 2008), we have applied the same 
procedure using the travel time function τp

ij (.).
Considering the piecewise linear travel time function τp

ij (.)  of path ℘P
ij , a set of break-

points, b =
[
bpm

ij , bp,m+1
ij

]
, where m = 1, .., MP

ij , is defined to compute the travel time of 

arc (i, j) . It is worth mentioning here that the first and last members (bp1
ij  and b

p,Mp
ij

+1
ij ) of a 

finite set are equal to the boundary of the delivery time horizon (bp1
ij = ε and b

p,Mp
ij

+1
ij = L).

Let w ∈
[
bpm

ij , bp,m+1
ij

]
 denotes departure time from node i to node j with travel time 

tpmr
ij  at speed vpr

ij  traversing the path ℘P
ij , travel time of the corresponding path is calculated 

as:

	

τpr
ij (w) =

tp,m+1,r
ij − tpmr

ij

bp,m+1
ij − bpm

ij

(
w − bpm

ij

)

+tpmr
ij .

� (2)

Hence, the linear travel time formula τp
ij (.) is a function of departure time w, the slope and 

interception can be calculated as:

	
θpm

ij =
tp,m+1,r
ij − tpmr

ij

bp,m+1
ij − bpm

ij

,� (3)

	
ηpmr

ij = tpmr
ij − bpm

ij

tp,m+1,r
ij − tpmr

ij

bp,m+1
ij − bpm

ij

,� (4)

where θpm
ij  and ηpmr

ij  denote slope and interception of travel time formula, respectively. 
Therefore, the following formula is obtained:

	 τpr
ij (w) = θpmr

ij w + ηpmr
ij .� (5)

Finally, the total travel time of the path ℘P
ij  can be computed as:
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τp
ij (w) =

R∑
r=1

τpr
ij (w)

=
R∑

r=1

θpmr
ij w +

R∑
r=1

ηpmr
ij .

� (6)

We can simply use travel time function τp
ij (w) instead of time t in fuel consumption for-

mula, and then hereafter, the fuel consumption of a vehicle travelling on a path ℘P
ij  can be 

rewritten as:

	

F p
ij (w) = ψe

[
R∑

r=1

θpmr
ij w +

R∑
r=1

ηpmr
ij

]

+ψs

[
R∑

r=1

(
vpr

ij

)3
θpmr

ij w +
R∑

r=1

(
vpr

ij

)3
ηpmr

ij

]

+ψwdp
ij

(
µ + fp

ij

)
,

� (7)

where dp
ij  and fp

ij  denote the distance and load carried on path ℘P
ij , respectively.

5.2  The time-dependent shortest path problem

We examine the linear travel time function for a link in which the shortest path from node 
i to node j is measured, based on the Dijkstra's algorithm. We note that the shortest path 
problem (SSP) has been proven to be an NP-hard problem (Dehne et al., 2012). In this study, 
we use the same procedure as used in Stølting Brodal and Jacob, (2004) to find an optimal 
path. For any link in this study, with predefined r discretised time points w. We calculate the 
shortest path for all points to create a set of unique time-dependent shortest paths. Therefore, 
generated paths comprise all possible routes between two connected nodes.

5.3  Mathematical model

In this section, we present a multi-objective mathematical model for a sustainable time-
dependent vehicle routing problem, in which two significant operational decisions, including 
path selection and vehicle routing, are made to minimize three objectives simultaneously. 
Before presenting the mathematical model, the main assumptions related to this model are 
introduced as follows:

	● All customers' demands must be satisfied within the specified (hard) time windows.
	● The capacity of vehicles is limited.
	● The time horizon for planning is limited.
	● Between each pair of customers, there may be more than two feasible paths.
	● A piecewise linear function has been regarded as a proposed time-dependent travel time 

model.
	● A maximum number of pick-ups has been considered a social responsibility in this 

model.
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We define the proposed mathematical model as follows:
MinimiseZ (z1, z2, −z3), where:

	

z1 =
∑

(i,j)∈Ac

∑
m∈M

∑
p∈P

ψe

[
R∑

r=1

θpmr
ij wpm

ij +
R∑

r=1

ηpmr
ij xpm

ij

]

+
∑

(i,j)∈Ac

∑
m∈M

∑
p∈P

ψs

[
R∑

r=1

(
vpr

ij

)3
θpmr

ij wpm
ij +

R∑
r=1

(
vpr

ij

)3
ηpmr

ij

]

+
∑

(i,j)∈Ac

∑
p∈P

ψwdp
ij

(
µ + fp

ij

)

� (8)

	
z2 =

∑
(i,j)∈Ac

∑
p∈P

dp
ijxp

ij � (9)

	
z3 =

∑
(i,j)∈N −

∑
k∈k

xk
ij � (10)

Subject to

	

∑
j∈N c

x0j ≤ |K|� (11)

	

∑
i∈N −

xij = 1 ∀j ∈ N −
� (12)

	

∑
j∈N −

xij = 1 ∀i ∈ N −
� (13)

	

∑
i∈N +

xij ≤ 1 ∀j ∈ N +
� (14)

	

∑
j∈N +

xij ≤ 1 ∀i ∈ N +
� (15)

	

∑
j∈N +

xk
ij +

∑
j∈N −

xk
ij ≤ 1 ∀i ∈ N c\ {0} , ∀k ∈ K� (16)

	

∑
i∈N c

fij −
∑

k∈N c

fjk = qj ∀j ∈ N c\ {0}� (17)

	 qjxij ≤ fij ≤ (Q − qi) xij ∀i, j ∈ N −� (18)
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	 qixij ≤ fij ≤ (Q − qj) xij ∀i, j ∈ N +� (19)

	

∑
p∈P

xp
ij = xij ∀ij ∈ Ac

� (20)

	

∑
m∈M

xpm
ij = xp

ij ∀ij ∈ Ac, ∀p ∈ P � (21)

	

∑
p∈P

fp
ij = fij ∀ij ∈ Ac

� (22)

	 qjxp
ij ≤ fp

ij ≤ (Q − qi) xp
ij ∀i, j ∈ N −, ∀p ∈ P � (23)

	 qix
p
ij ≤ fp

ij ≤ (Q − qj) xp
ij ∀i, j ∈ N +, ∀p ∈ P � (24)

	 ϑpm
0j = εxpm

0j ∀j ∈ N c\ {0} , ∀p ∈ P, ∀m ∈ M � (25)

	 ϑpm
j0 ≤ Lxpm

jo ∀j ∈ N c\ {0} , ∀p ∈ P, ∀m ∈ M � (26)

	 xpm
ij bpm

ij ≤ wpm
ij ≤ xpm

ij bp,m+1
ij ∀ij ∈ Ac, ∀p ∈ P, ∀m ∈ M � (27)

	

∑
i∈N c

∑
p∈P

∑
m∈M

(
R∑

r=1

θpmr
ij wpm

ij +
R∑

r=1

ηpmr
ij xpm

ij

)
+

∑
i∈N c

∑
p∈P

∑
m∈M

wpm
ij + Sj

=
∑

k∈N c

∑
p∈P

∑
m∈M

ϑpm
jk ∀j ∈ N c\ {0}

� (28)

	

∑
m∈M

∑
p∈P

(
R∑

r=1

θpmr
i0 wpm

i0 +
R∑

r=1

ηpmr
i0 xpm

i0

)

≤ L ∀i ∈ N c\ {0}

� (29)

	

xpm
ij ēi ≤

∑
i∈N −

∑
p∈P

∑
m∈M

(
R∑

r=1

θpmr
ij wpm

ij +
R∑

r=1

ηpmr
ij xpm

ij

)

≤ xpm
ij ℓ̄i ∀i ∈ N c

� (30)

	 xij ∈ {0, 1} ∀ij ∈ Ac� (31)

	 xp
ij ∈ {0, 1} ∀ij ∈ Ac, ∀p ∈ P � (32)

	 xpm
ij ∈ {0, 1} ∀ij ∈ Ac, ∀p ∈ P, ∀m ∈ M � (33)

	 xk
ij ∈ {0, 1} ∀ij ∈ Ac, ∀k ∈ K� (34)
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	 fij ≥ 0 ∀ij ∈ Ac� (35)

	 fp
ij ≥ 0 ∀ij ∈ Ac, ∀p ∈ P � (36)

	 wpm
ij , ϑpm

ij ≥ 0 ∀ij ∈ Ac, ∀p ∈ P, ∀m ∈ M.� (37)

The first objective function, objective function (8), is used to minimize CO2 emissions. The 
second and third objective functions, expressions (9) and (10), are related to the economic 
and social aspects of the proposed model. The presented mathematical model in this study 
considers both pick-up and delivery problems. Concerning the complexity of the proposed 
model, serving both pickup and delivery nodes is a straightforward task. Here, we intend to 
maximize the number of pick-up nodes that can be mentioned as the third objective function 
regarding the social aspect of the proposed model. Constraints (11) enforce the model to use 
lower than K vehicles; expressions (12–13) are the vehicle flow conservation constraints 
for all delivery nodes, and similarly, expressions (14–15) are the vehicle flow conservation 
constraints for some pickup nodes. Constraints (16) indicate that each vehicle serves only 
one type of nodes (delivery or pick-up). Constraints (17) are the commodity flow conserva-
tion constraints used in most VRP models, and constraints (18) and (19) ensure that the car-
ried load of each vehicle to delivery and pick-up nodes does not exceed its capacity.

Constraints (20) confirm that the vehicle is traveling on the arc (i, j) to select one path 
and constraints (21) indicate that the vehicles traverse the arc (i, j) of the path ℘P

ij  within 
exactly one time interval. Constraints (22) show that the total load carried on different paths 
of ℘P

ij  is equal to the carried loads that must be transmitted from the node i to j. Constraints 
(23–24) guarantee that the carried load on one path does not exceed the capacity of the 
vehicle.

Constraints (25) indicate that the time of the vehicle departing from the depot is no 
earlier than the beginning of the time horizon ε, and likewise, expression (26) shows that 
the time of the vehicle returning to the depot does not exceed the end of the time horizon 
L. Constraint (27) confines the lower and upper bounds of departure time within the time 
interval if ℘P

ij  is selected; otherwise, wpm
ij = 0. Constraints (28) compute the earliest pos-

sible departure time at the node j if the vehicle travels on the path ℘P
ij . Constraints (29) indi-

cate that all services must be completed within the delivery time horizon. Constraints (30) 
specify that all customer nodes must be served at their corresponding hard time windows. 
Ultimately, constraints (31–37) are used to define all variables. Note here that we retain 
constraints (18) for more clarification, and it would be redundant due to constraints (22–24).

To understand the complexity of the proposed mathematical model, a description of big 
(O) notation is presented. This kind of problem can be mentioned as a pickup and delivery 
problem (PDP). Because our proposed model uses the main assumptions of the PDP prob-
lem, it is a non-deterministic polynomial-time NP-hard problem. The complexity of the 
proposed mathematical model is as follows:

	
O

(
|N c|2 . |K|

)
, if |K| ≥ N −,

	
O

(
[|N cO|]2 .N −

)
, if |K| N −,
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As it has been proven to be an NP-hard problem, with an increase in the size of the problem, 
the complexity of solving this kind of problem increases exponentially. Therefore, in con-
junction with the mentioned pitfall, specific preprocessing procedures must be handled to 
shrink the size of the network, which will be discussed in the following section.

6  Solution Methodology

This section presents the methodology used to solve the MOSVRP.

6.1  The network shrinking procedure (NSP) based on the Voronoi diagram

This study proposes a novel two-stage solution framework that integrates a geometric pre-
processing heuristic with a primary optimization model. The motivation is to reduce com-
putational complexity when dealing with large-scale spatial network design problems. The 
two main stages of the methodology are as follows: pre-processing via NSP and main opti-
mization over a reduced network.

To reduce the solution space and accelerate the main optimization algorithm, we intro-
duce a novel geometric heuristic called the NSP. This procedure filters and partitions the 
full network by exploiting spatial proximity among nodes using a Voronoi Diagram (VD), 
which decomposes the network area into proximity-based regions.

The VD is constructed over the set of demand or facility nodes P = {p1, p2, . . . , pn} 
such that each node pi defines a Voronoi cell V (pi), composed of all points in the plane 
closer to pi​ than to any other node:

	 V (pi) = {q|dist (q, pi) ≤ dist (q, pj) , ∀pjP }� (38)

Here, dist (q, pi) represents the Euclidean distance between point q and node pi​. This geo-
metric decomposition allows us to identify relevant local neighborhoods and prune unre-
lated nodes.

To further refine the neighbourhood structure, we define two key concepts:

	● Definition 1 (Voronoi Distance,
	●  vd): The number of Voronoi cell boundaries (edges) crossed by a straight line connect-

ing two points.
	● Definition 2 (k-ring Voronoi Neighbors)
	● : The set of nodes that are exactly k Voronoi distances away from a given node pj ​, 

denoted as:

	

vn (pj , k)
= {y|vd (pj , x) = k, y ∈ P, k ∈ {1, 2, . . . , ∞}} , P = {p1, . . . , |P |} .

� (39)

	● Using these concepts, we limit the candidate solution space to only those nodes lying 
within a small k-ring neighborhood around each primary node. This enables the gen-
eration of a reduced network, which maintains spatial relevance while significantly 
lowering computational burden.
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Figure 3 illustrates a Voronoi diagram and the corresponding k-ring regions for a selected 
node.

Once the reduced network is obtained through NSP, the main optimization model is 
solved using proposed metaheuristic approach This two-stage strategy ensures that: (i) The 
original problem size is shrunk before exact or heuristic search begins; (ii) Solution quality 
is preserved by keeping the most relevant candidate nodes based on geometric proximity; 
and (iii) Computational time is significantly reduced, enabling application to large-scale 
real-world networks.

This structured methodology effectively balances model complexity, solution accuracy, 
and computational tractability.

To construct localized neighborhoods around each customer node based on spatial prox-
imity, we introduce Algorithm 1, which builds k-ring Voronoi sets for all nodes in the net-
work. The goal is to identify all customers that lie within k Voronoi boundaries from a 
given customer node, thereby forming a geometrically meaningful reduced neighborhood 
structure.

To reduce computational complexity and localize the optimization process in large-scale 
spatial problems, we propose a k-ring Voronoi neighborhood construction algorithm. This 
algorithm identifies spatially close neighbours of each customer node based on Voronoi 
partitions and iteratively builds ring-based proximity sets. These localized neighbourhoods 
form the foundation of the NSP and enable a tractable solution approach.

a) Voronoi diagram b) 1-ring Voronoi diagram (blue color region)

c) 2-ring Voronoi diagram (green color region) d) 3-ring Voronoi diagram (yellow color region)

Fig. 3  K-ring Voronoi diagram
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Given a set of customer nodes C = {C (1) , C (2) , . . . , C (|C|)} distributed across a 
two-dimensional plane, we first construct a Voronoi diagram, which divides the plane into 
non-overlapping convex cells. Each cell corresponds to a single customer node and includes 
all points in the plane that are closer to that node than to any other.

Let Edge (C (i)) denote the set of polygonal edges that define the Voronoi region (cell) 
surrounding the customer C (i). These edges form the basis for identifying adjacency rela-
tionships among Voronoi cells.

The k-ring Voronoi neighbourhood for the customer C (i), denoted Rik​, is defined as 
the set of customer nodes that lie at an exact Voronoi distance k from C (i). The Voronoi 
distance is defined as the number of Voronoi cell edges that must be crossed to move from 
C (i) to another customer node.

The goal of Algorithm 1 is to construct the full sequence of k-ring neighbourhoods 
Ri1Ri2, . . . for each customer node C (i), until all customers have been included or a pre-
defined neighbourhood depth kmax ​ is reached.

This algorithm is central to the NSP because it identifies localized customer clusters that 
are spatially relevant to each node. By limiting the search space for routing, allocation, or 
service to only nearby neighbors within a defined k-ring, we achieve several goals. First, 
instead of solving optimization over the full set of customer nodes, we focus on a smaller, 
geometrically relevant subset. Second, the reduced neighbourhood structures require fewer 
variables and constraints, enhancing the speed of any subsequent exact or heuristic opti-
mization model. And third, Voronoi-based grouping ensures that proximity and travel effi-
ciency are respected in the reduced model.

Given that fuel consumption is directly related to travel distances and path selection, 
this k-ring construction also supports the evaluation of cost-effective neighborhoods. The 
reduced regions generated by the algorithm will later serve as input to fuel-efficient path 
selection, where longer-distance and low-priority customers can be excluded from certain 
decision stages. To reduce the size of the network while preserving spatial and topological 
relevance for optimization, we now present the NSP. This method integrates the Voronoi-
based k-ring structure (from Algorithm 1) with shortest path computations to retain only the 
most relevant connections for each customer over a set of time slots.

The NSP iteratively explores a growing neighbourhood around each customer and pre-
serves only those paths that are necessary for efficient routing. Redundant and unreachable 
paths are eliminated. The result is a significant reduction in the number of considered arcs 
and nodes, making the subsequent optimization problem tractable on larger networks.

NSP is designed to efficiently reduce the scale of the optimization problem by identify-
ing a subset of spatially and temporally relevant shortest paths for each customer node. It 
operates over a predefined time horizon T  and a set of customer nodes C, using the k-ring 
Voronoi neighborhoods Rik generated from Algorithm 1. For each time slot t ∈ T  and each 
customer i ∈ C, the algorithm initializes a path matrix P t

i ​, filled with infinity values to rep-
resent initially unknown distances. The procedure starts with the 1-ring Voronoi neighbor-
hood Ri1 ​, defining it as the initial set of boundary nodes BN  whose paths from node iii will 
be computed first. For k = 1, the algorithm computes and stores the shortest path ℘ (i, j) 
from node iii to each node j ∈ BN  in the matrix P t

i ​. For k > 1, the algorithm proceeds 
iteratively, initializing a binary vector BR to track blocked nodes and a set H  to store neigh-
bors that are part of redundant paths. For each node ​ j ∈ Rik, it calculates the shortest path 
℘ (i, j), updates the corresponding value in P t

i ​, and checks whether any already-discovered 
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node s ∈ BN  lies along the path. If so, the 1-ring neighborhood of BN (s) is computed and 
added to H , while marking the corresponding node in BR. After all nodes in Rik​ are pro-
cessed, the set BN  is updated to include Rik ∪ H , and the algorithm checks the termination 
condition: if all nodes in the current ring are marked as blocked in BR, the procedure ends 
for node iii and time slot t. Otherwise, k is incremented, and the process repeats with the 
next ring Ri(k+1). The final output is a reduced path matrix P t

i  for each node and time slot, 
containing only the shortest paths to relevant neighbors. This structure provides a localized, 
time-sensitive, and computationally efficient representation of the network that supports 
scalable optimization without compromising on spatial precision or path diversity.

6.2  Extended multi-objective volleyball premier league algorithm

We use the Volleyball Premier League (VPL) algorithm, which was implemented based on 
the concepts of a volleyball tournament (Moghdani & Salimifard, 2018). Later, the multi-
objective version of this algorithm, named multi-objective VPL (MOVPL) (Moghdani et al., 
2020), was introduced based on the leader selection strategy. We propose the reference point 
approach, the disruption operator, and several VRP operators in the following.

6.2.1  Reference point approach

This part is devoted to elucidating the main structure based on the reference point (MOVPL-
RP). To date, various methods have been developed and introduced to cope with multi-
objective functions in MOEAs. We use the reference point concept used in NSGA-III. The 
execution of MOVPL follows the main structure of the basic VPL algorithm, which performs 
the reference point concept. We propose the MOVPL algorithm, as shown in Algorithm 3.

In what follows, we will describe the main concepts and modules which are used in the 
reference point approach.

Determination of reference points on a hyper-plane: The most significant drawback of 
standard MOEAs that used the classical approach in Pareto domination is the lower diver-
sity obtained solution. To cope with this issue, an advanced approach is suggested to apply 
a predefined set of reference points that are highly distributed in the search space. This 
approach, named reference point, was first used by (Deb & Jain, 2014) in NSGA-III. Note 
that a set of reference points can be determined using a specific procedure or preferentially 
by experts. We use Das & Dennis's method (Das & Dennis, 1998) to determine the reference 
points in the hyperplane. Therefore, for any problem with M -objective and p division, the 
following formula is given to compute the total number of reference points:

	
H =

(
M + p − 1

p

)
orH =

(
M + p − 1

M − 1
)

� (40)

Adaptive normalization of population members: The main criterion for selecting individuals 
in all MOEAs is domination, which is obtained based on the Pareto front. Therefore, for any 
iteration, after implementing operators, all parents and offspring are combined, and finally, 
the best individuals within the population size are selected for the next generation. In this 
approach, once the solutions have the same rank in the Pareto frontier, we perform the refer-
ence point approach to choose better solutions, which guarantees higher diversity solutions.
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In this approach, we first determine the optimal points with the following formula:

	 z =
(
zmin

1 , zmin
2 , . . . , zmin

M

)
� (41)

where zmin
M  is the best value of obtained M  th objective function. After obtaining the ideal 

point z, we measure fi with the following formula:

	 fi′ = fi (x) − zmin
i � (42)

Subsequently, we determine the extreme point of all objectives to form an achievement 
scalarizing function (ASF). In this approach, ASF is computed as follows:

	

ASF (x, w) = maxm
i=1

(
fi′ (x)

wi

)
or

maxm
i=1

(
fi (x) − zmin

i

wi

)
forx ∈ St

� (43)

where wi illustrates the weight vectors for corresponding objective functions and the St is 
related to the new population at iteration t, and x∗ is obtained with the following formula:

	 x∗ = argminASF (x, w)� (44)

Then, the zmax
i , denoting the maximum value of i th objective, is computed as follows:

	 zmax
i = fi (x∗) − zmin

i � (45)

In the reference point approach, we use extreme points for all objective functions (zmin
i  and 

zmax
i ) to normalize individuals. Therefore, we use the following formula, as the most com-

mon approach for scalarizing, to normalize the individuals:

	
fnormal

i (x) = fi (x) − zmin
i

zmax
i − zmin

i

fori = 1, 2, . . . , m� (46)

The general framework of the normalizing procedure, as the initial step of the reference 
point approach, is illustrated in Algorithm 4.

Association operation: The second stage of the reference point approach is related to 
association operation, in which all individuals in the Pareto front are assigned to a reference 
point. To reach this goal, we connect each reference point with the origin to make a set of 
reference lines. Next, we measure the perpendicular distance of individuals in the popula-
tion from each reference line to determine which reference line has the nearest distance to 
any individual. Thus, all the individuals are associated with one of the reference lines. The 
procedure of the association operation is depicted in Algorithm 5.

Niche-preservation operation: In this part, we describe the niche-preservation operation 
to decide which individuals will be retained for the next iteration. To create a criterion for 
selecting individuals, we define niche count as ρj  for the j th reference point. At the first 
step of this operator, the reference point with the minimum value of ρj  is selected. If there is 
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more than one reference point that has the minimum value of ρj , we select one of them ran-
domly. In the case of ρj = 0, there have been two possible cases that must be considered. In 
the first case, once there is more than one member, the one that has the lower perpendicular 
distance from the reference line is selected for the next iteration, and eventually, the value 
of ρj  is added by one. In the second case, no member is associated with a reference line, so 
the corresponding reference line is discarded from further consideration. In the case ρj ≥ 1, 
an individual is randomly chosen to add a member, if one exists, from the front Fl that is 
associated with the reference point j is added to the next generation, Pt+1. The count ρj  
is then incremented by one (ρj = ρj + 1). After niche counts are updated, the procedure is 
repeated for a total of K times to fill all vacant population slots of Pt+1 (or until the popula-
tion size reaches Npop).

Disruption operator: to improve and enhance the search space in continuous optimiza-
tion, we intend to add a specific operator, termed the Disruption Operator (DO), which 
demonstrates its superior performance in many scientific areas of literature (see, e.g., (Neg-
gaz et al., 2020)). Significantly, DO is not directly related to the reference point approach, 
and we add this operator to receive higher diversity in the continuous optimization search 
space. This operator mimics phenomena of astrophysics that augment the capability of 
metaheuristics for higher exploration in continuous search space. To apply this operator, the 
following mathematical relation is given.

	
DO =

{
Dij × λ (−2, 2) ifDi,best ≥ 1,

1 + Di,best × λ
(

−10−4

2 , 10−4

2

)
otherwise. � (47)

where Dij  denotes the Euclidean distance between the i th member of the population and 
its closest neighborhood j th member of the population. Note that λ (x, y) is a function that 
randomly generates a number between x and y. Line 16 of Algorithm 3 displays the disrup-
tion operator strategy used in the proposed approach, and more details of this operator are 
presented in Algorithm 7.

6.2.2  Embedding VRP heuristics to improve the solution

In this part, we present a comprehensive approach to improving the solutions based on a 
set of heuristics related to VRP problems. Overall, our proposed approach in this section 
is based on destroy and repair operators, initially used in Large Neighborhood Search, and 
further extended to Adaptive Large Neighborhood Search (ALNS). Therefore, this approach 
comprises a set of removal and insertion heuristics.

We use an adaptive weight adjustment (AWA) procedure to form a framework that itera-
tively improves the solutions. For selecting operators, we use the probabilities of opera-
tors based on their successful implementation to enhance solutions. At the initial stage, 
all operators have the same probability that they are 1

|R|  and 1
|I|  for removal and insertion, 

respectively. Note that R and I  are the set of removal and insertion in this regard. For the 
remaining approach, the probability of operators is updated based on the roulette-wheel 
mechanism. Once an operator is selected, three conditions will occur, and the probability 
values of all operators are updated based on the obtained new score. Note that the probabil-
ity value of each operator is defined as a fraction number x

y  where x < y. Let Xnew,Xcur 
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and X∗ be a new solution obtained from the corresponding operator, current solution, and 
best solution, respectively. The following formula is given to update the probability:

	

pi
t =





x + 2
y

if Xnew < X∗,

x + 1
y

if Xnew < Xcur,

x

y + 1
if Xnew ≥ Xcur.

� (48)

where pi
t is the probability of the current operator in which i ∈ I , and a similar formulation 

can be adopted for removal operators. Subsequently, by obtaining the probability value of 
each operator, the corresponding value of probability for other operators is updated based 
on the most straightforward option of normalization as follows:

	
pi

t = pi
t∑

i∈I pi
t
� (49)

The above formula can be reconstructed for removal operators. In this approach, we perform 
the twelve removal operators, which are comprehensively used in the literature, includ-
ing Random removal (RR), Worst-distance removal (WDR), Worst-time removal (WTR), 
Route removal (RoR), Shaw removal (SR), Proximity-based removal (PR), Time-based 
removal (TR), Demand-based removal (DR), Historical knowledge node removal (HR), 
Neighborhood removal (NR), Zone removal (ZR), and Node neighborhood removal (NNR). 
We also implement five insertion operators in this study, which include Greedy insertion 
(GI), Regret insertion (RI), Greedy insertion with noise function (GIN), Regret insertion 
with noise function (RIN), and Zone Insertion (ZI). For both kinds of operators, interested 
readers may refer to (Demir et al., 2012) for more details. The current approach is based on 
simulated annealing as a local search framework. Algorithm 8 shows the general framework 
of the proposed AWA approach using a combination of simulated annealing and heuristic 
operators to enhance solutions.

By adding Algorithm 8 to the proposed approach, as shown in Algorithm 3, our proposed 
approach, named MOVPL-RP-OD-AWA, is given for further consideration, and more 
experiments and analyses will be adopted to show the capability of this approach. In sum-
mary, the general framework used, as explained above, is shown in Fig. 4.

7  Numerical Experiments

The experimental settings, results, and sensitivity analysis are provided in this section.

7.1  Experimental design

We follow the same procedure as implemented in (Ehmke et al., 2016b; Huang et al., 2017; 
Qian & Eglese, 2016; Raeesi & Zografos, 2019), and used for London, Chicago, and Bei-
jing. Also, we extend the procedure used in (Solomon, 1987) to generate customer graphs in 
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Tehran. In the following subsection, the construction of the geographical graph used in this 
study is discussed in detail.

7.1.1  Network construction

The urban area of Tehran has been used as the geographical graph of this study. We consider 
roads in three groups, which is the typical approach in the literature (e.g., (Huang et al., 
2017): residential roads, including local area, minor rural roads, minor intercity roads, and 
significant intercity roads; arterials, including minor arterials, major arterials, and express-
ways; arterial residential roads, arterials.

Multi-objective Volleyball premier league algorithm (MOVPL)

Improvement for pareto front Improvement for diversity

Reference point approach Disruption operator

MOVPL-RP-DO

C
ontinuous im

provem
ent phase

D
iscreate im

provem
ent phase

Adaptive weight adjustment procedure (AWA)

Removal operators pool Insertion operators pool
Random removal, Worst-
distance removal, Worst-time 
removal, Route removal, Shaw 
removal, Proximity-based 
removal, Time-based removal,
Demand-based removal,
Historical knowledge node 
removal, Neighborhood 
removal, Zone removal, Node 
neighborhood removal     

Greedy insertion, Regret 
insertion, Greedy insertion with 
noise function, Regret insertion 
with noise function, Zone 
Insertion

Fig. 4  The general framework for developing the methodology approach
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According to Fig. 5, most roads have vertical or horizontal directions, and we use Man-
hattan distance to measure traveling distances between nodes in an urban network. The 
urban area of Tehran contains 4986 arcs and 4323 nodes, representing the average speed of 
various types of roads in this study. Among all kinds of roads, the average speed and traffic 
conditions of the residential road are virtually steady throughout the day.

The customer graph of the current study is a set of 723 groceries and general merchandise 
retailers (red circles in Fig. 5) and a depot, highlighted in a black square.

Compared to cities such as Sydney or Amsterdam (as seen in www.tomtom.com), Tehran 
exhibits longer peak periods and lower average travel speeds, particularly in central cor-
ridors. However, the model's use of time-dependent speed profiles allows for easy adapta-
tion. For example, Amsterdam’s high share of bike traffic and regulated car access could 
be reflected by assigning consistently low congestion weights on key car routes and using 
modal share adjustments.

7.1.2  Test instances

We considered three kinds of instances, including R, C, and RC. For each category, we 
generated 30 instances. Let TeCo be the general form of test instances, Te is equivalent 
to R, C, and RC, and Co is a set of index numbers equal to 01, 02, …, 30 for each kind of 
test instance. In the R instances, considered as the baseline instances, we randomly select 
N  nodes among all customers. We also use the specific procedure to generate 30 instances 
for the C and RC categories presented in Appendix B For each test instance, the size of the 
problem is increased with the following formula:

	 |N c| = ACo + B,� (50)

where |N c| denotes the number of customers in each test problem, A and B are constants 
equal to 3 and 6, respectively. We set the demand of each customer to 400 kg. In this study, 

Fig. 5  The urban area of the city of Tehran
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the homogeneous fleet is used to serve customers. Hence, following consultation from 
expert retailers, each fleet can serve ten customers in the best case; thus, we addressed the 
following relation to determine the number of homogeneous fleets for each test instance.

	
|K| = |N c|

10
� (51)

The capacity of each fleet is set to 4460 kg, and we set the delivery time horizon from 6:00 
to 18:00.

7.1.3  Experimental settings and computational environment

Hence, a new procedure is presented to reduce the urban network; we analyze the effect 
of the NSP algorithm on computational effort. We analyze the various kinds of MOEAs 
algorithms, including MOEA/D, MOPSO, MOVPL, MOVPL-RP, MOVPL-RP-DO, and 
MOVPL-RP-DO-AWA, to show the capability of the proposed approach. Table 3 above 
presents the parameter settings of the algorithms, which are obtained from (Moghdani et 
al., 2020).

We solved the instances using MATLAB software. All experiments were conducted on 
a server with Intel E5 4640, 2.4 GHz CPUs, and 64 × 8 GB memory. We also implemented 
a number of Pareto solution (NPS) and CPU time (CT) metrics as conducted in (Audet et 
al., 2018).

7.2  Computational results and analysis

The following subsections provide computational results and analysis of proposed 
approaches. The algorithms were implemented in MATLAB, version R2017a, and were 
run on a computer with 2.9 GHz AMD Ryzen 7 4800H processors and 32 GB of RAM. It is 
also noted that the presented mathematical model has been solved via IBM ILOG CPLEX, 
version 12.10.

7.2.1  The validation of the proposed mathematical model

In this subsection, we will provide an exact solution to the proposed mathematical problem 
in terms of all objective functions. Table 4 compares the extreme points obtained via the 

Algorithms Parameters
MOVPL nP op = 100, 

T = 100,λf = 1.4,λs = 1.4,ψf = 1.4
,ψs = 1.4, β = 4,δpr=0.5,δst = 0.5,δtr=0.5, 
MaxIt = 400,nArchive = 50

MOPSO ϕ1 = ϕ2 = 2.05, ϕ = ϕ1 + ϕ2, 

w = 2
ϕ−2+

√
ϕ2−4ϕ

c1= ω × ϕ1

, c2 = w × ϕ2, α = 0.1, β = 4, nGrid = 10
MOEA/D N = 100, T = 10, nr = 1, γ = 0.9, 

mr = 0.5,η = 30

Table 3  Parameter settings for 
the proposed algorithms
 

1 3



Annals of Operations Research

proposed approach, MOVPL-RP-DO-AWA, for five small test instances, from R01 to R05, 
and the results of a commercial solver.

All objectives have been reported in Table 4 to adopt the difference between the obtained 
extreme points and the exact feasible solutions. The relative error (RE) in all proposed 
objective functions is the burden between the heuristic approaches and the exact solutions 
of the MOSVRP, which have been used in this regard. The values of RE, as shown in the 
third column, demonstrate the percentage error in all objective functions obtained via the 
heuristics solution and the exact solution, which is computed as follows:

	
RE = za

i − z∗
i

z∗
i

× 100, i ∈ {1, 2, 3}� (52)

Where za
i  and z∗

i  denote the obtained extreme points via the proposed approach and an exact 
solution for the i th objective function, respectively. What stands out is that the proposed 
approach shows its exquisite performance in the third objective function. According to these 
figures in Table 4, the highest difference can be observed in the third test instance, R03, 
around 8 and 5.6% for the first and second objective functions, respectively. Concerning 
other elements pointed out in this table, it can be concluded that the measured REs have 
ranged from 2 to 5%.

7.2.2  Performance of the NSP

To show the performance of the proposed NSP, five test instances of each test cluster are 
selected and solved to optimality for the CO2 emission minimization objective using the 
NSP-based MILP. We compare the solution used with the results obtained from non-NSP-
based MILP, which computes the shortest path for the full set of required customer nodes. 
Table 5 shows the results obtained from this comparison. We provide several arcs (NA), 
minimization of CO2 emissions, and CPU time to show how the NSP approach works effec-
tively. A group of columns is devoted to showing the percentage difference between the two 
approaches.

In this table, we can observe that the proposed approach reduced the network size 
by 18.48% on average, and the improvement from using the proposed average has been 
obtained consistently by increasing the number of customers. Regarding environmental 
consideration, Obj1 revealed that approximately 16.11% of test instances show that using 
NSP leads to promising results. The difference in implementing the NSP approach on CPU 
time is quite significant, and the running time is reduced by at least 22.98% using the above-
mentioned approach.

Table 4  A comparison between the proposed approach and the exact solution
Test Instances MOVPL-RP-DO-AWA An exact solution RE (%)

z1 z2 z3 z1 z2 z3 z1 z2 z3

R01 19.95 156.25 3 18.85 149.84 3 5.84% 4.28% 0.00%
R02 22.94 171.17 3 21.26 163.88 3 7.90% 4.45% 0.00%
R03 21.85 188.08 4 20.23 178.12 4 8.01% 5.59% 0.00%
R04 30.55 234.58 4 29.79 229.61 4 2.55% 2.16% 0.00%
R05 29.59 246.58 6 28.26 233.51 6 4.71% 5.60% 0.00%
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7.2.3  Performance of the proposed approaches

To show the efficacy of the proposed approach, Table  6, presented in Appendix C, provides 
different statistical descriptions of the statistical results of the NPS metric for class R. In the 
following, we consider the analysis comparison of the NPS metric for class R. The same 
procedure will be conducted for the other metrics (SP, MS, and CT) and classes of problem 
(C and RC).

We use the Wilcoxon Signed-Rank Test (Yu & Li, 2015) to show how the algorithm 
performs statistically. Therefore, the following relation is given for the null hypothesis (H0) 
and alternative hypothesis (H1):

	

{
H0 : µ1 = µ2
H1 : µ1 ̸= µ2

}
� (53)

Table 5  The performance evaluation of using NSP
Test instances with NSP without NSP Difference (%)

NA Obj1(Lit) CT(min) NA Obj1(Lit) CT(min) NA Obj1(Lit) CT(min)
R01 4240 19.95 11.66 4986 22.72 15.47 14.96 12.19 24.63
R02 3690 23.09 13.38 4986 24.31 16.79 25.99 5.02 20.31
R03 4270 24.06 15.62 4986 25.33 20.49 14.36 5.01 23.77
R04 3778 31.73 16.38 4986 40.16 21.18 24.23 20.99 22.66
R05 4089 19.99 10.28 4986 24.58 13.14 17.99 18.67 21.77
C01 3789 28.14 11.18 4986 39.60 14.41 24.01 28.94 22.41
C02 4111 24.05 13.67 4986 25.58 18.01 17.55 5.98 24.10
C03 4425 20.15 16.46 4986 25.42 19.87 11.25 20.73 17.16
C04 4512 29.28 17.65 4986 38.52 23.21 9.51 23.99 23.96
C05 3740 30.63 11.83 4986 37.35 16.87 24.99 17.99 29.88
RC01 4388 18.62 14.91 4986 21.91 18.27 11.99 15.02 18.39
RC02 4325 21.01 15.57 4986 26.59 19.12 13.26 20.99 18.57
RC03 3690 23.85 13.86 4986 27.41 19.65 25.99 12.99 29.47
RC04 3811 30.56 18.74 4986 34.34 21.33 23.57 11.01 12.14
RC05 4111 31.01 18.11 4986 39.88 28.12 17.55 22.24 35.60

Table 6  Aggregated Wilcoxon Signed-Rank test of the NPS metric for all sets
Class Result MOVPL-RP-DO-AWA vs # %

MOEA/D MOPSO MOVPL MOVPL-RP MOVPL-RP-DO
R w 28 28 27 26 23 88.00

1 2 3 4 5 10.00
1 0 0 0 2 2.00

C w 25 24 23 24 23 79.33
2 3 4 2 2 8.67
3 3 3 4 5 12.00

RC w 27 28 25 26 24 86.67
3 2 3 2 4 9.33
0 0 2 2 2 4.00

Total 80/6/4 80/7/3 75/10/5 76/8/6 70/11/9 381/42/27
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Table  7, which is placed in Appendix C shows the Wilcoxon Signed-Rank Test of the 
NPS metric for class R. This table provides four columns for comparison, where the first 
column, R + , indicates the sum of the ranks once the proposed algorithm outperforms its 
opponents. The second column, R-, denotes the sum of the ranks once the proposed algo-
rithm is defeated by its rivals. The third column, p, represents the p-value for the statistical 
test. Finally, the fourth column, h, signifies the statistical results. According to this column, 
the appearance of " + 1" means that the proposed algorithm outperforms its opponent sta-
tistically, and conversely, "-1" represents the opposite, where the performance of the other 
algorithm is better than our proposed approach. If there is no significant difference between 
the two algorithms, "0" is observed. Finally, the last row, indicated with w/t/l, is used to 
show the number of wins, ties, and losses, respectively, in the considered class of problems. 
As shown in Table 7, MOVPL-RP-DO-AWA has significantly outperformed at least 23 of 
30 test instances (76%). Thus, there are three different kinds of problems, and Table  8 illus-
trates comprehensive results that indicate the overall performance of the proposed approach 
in this class of problems. According to this table, the proposed approach regarding NPS 
dominates at least 80% of problems in different classes. For the general view, MOVPL-RP-
DO-AWA has outperformed 381 of 450 problems (79.37%), indicating the best performance 
of the current approach compared with others regarding the NPS metric.

Here, we provide Fig. 6 to illustrate the overall performance of the proposed approach 
in all metrics. As clearly shown, MOVPL-RP-DO-AWA. Figure 6 reveals the percentage of 
success by the proposed algorithm for all metrics, as we can see that the proposed approach 
defeats its rival by at least 72%. This figure shows an exception for CT metrics in that 
MOVPL-RP-DO-AWA cannot exceed the others above 50%. Bearing this in mind, the fact 
has arisen from implementing the various types of VRP heuristics, including removal and 
insertion operations. Implementing these operations in our approach leads to a running time 
being somewhat high; nevertheless, advantages in other metrics justify the implementation 
of AWA.

7.2.4  The Pareto front of the proposed model

We devote this subsection to analyzing the optimal Pareto front obtained from all approaches. 
As mentioned in Sect. 4, we propose an integrated approach based on the reference point 

Instance Pa-
ram-
eter 
varied

Values 
tested

∆z1 ∆z2 ∆z3

R01 ψe 0.5 × , 1 × , 
1.5 × 

 + 6.8%, 
0%, − 6.1%

 + 0.3%, 
0%, − 0.2%

0%, 0%, 
0%

R07 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 10.5%, 
0%, − 8.2%

 + 6.3%, 
0%, − 4.9%

 − 4.0%, 
0%, + 3.3%

R13 Q  − 20%, 
0%, + 20%

 − 2.5%, 
0%, + 1.8%

 − 1.0%, 
0%, + 0.6%

 − 9.1%, 
0%, + 9.9%

R20 ψe 0.5 × , 1 × , 
1.5 × 

 + 7.1%, 
0%, − 5.6%

 + 0.2%, 
0%, − 0.3%

0%, 0%, 
0%

R26 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 9.8%, 
0%, − 6.7%

 + 5.5%, 
0%, − 3.9%

 − 3.7%, 
0%, + 3.4%

Table 7  Sensitivity analysis for 
R instances
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concept, disruption strategy, and AWA to generate optimal Pareto fronts. Table 9, as seen in 
Appendix C shows the extreme point of each objective function of the test instance R, and 
detailed results of other types of instances are provided in an additional file. In these tables, 
three columns, named z1, z2, and z3, are given for the global optimum of the first objective 
(fuel consumption in liters), second objective (distance in km), and third objective (number 
of served to pick-up nodes), respectively.

Table  9 shows extreme points on the Pareto fronts for all the proposed approaches in a 
class R test instance. It is clearly observed from this table that MOVPL-RP-DO-AWA shows 
a better performance in obtaining all considered objective functions. In the case of the fuel 
consumption found by the proposed approach, this is much less than is found by the others; 
the amount of fuel consumption has improved to 18.71% on average. In other cases, on 
average, the traveling distance and number served to pick-up nodes found by MOVPL-RP-
DO-AWA are 11.92–18.25%, respectively, of those found by other proposed approaches.

Table 10 shows extreme points on the Pareto fronts for all proposed approaches in the 
class RC test instance. Comparable with the obtained results from Table  9, the proposed 
approach improves 96.44% of all objective functions on average. For example, the number 
of served pick-up nodes has increased by at least 17.76%, indicating the proposed approach's 
superior performance compared to its rivals.

Fig. 6  The overall performance of the proposed approach to beat its rivals in terms of several metrics

 

Instance Pa-
ram-
eter 
varied

Values 
tested

∆z1 ∆z2 ∆z3

C03 ψe 0.5 × , 1 × , 
1.5 × 

 + 4.9%, 
0%, − 4.4%

 + 0.1%, 
0%, − 0.1%

0%, 0%, 
0%

C08 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 7.6%, 
0%, − 6.5%

 + 3.9%, 
0%, − 3.1%

 − 2.7%, 
0%, + 2.1%

C14 Q  − 20%, 
0%, + 20%

 − 1.8%, 
0%, + 1.6%

 − 0.7%, 
0%, + 0.5%

 − 6.8%, 
0%, + 7.6%

C22 ψe 0.5 × , 1 × , 
1.5 × 

 + 5.3%, 
0%, − 4.2%

 + 0.1%, 
0%, − 0.1%

0%, 0%, 
0%

C30 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 8.2%, 
0%, − 6.8%

 + 4.4%, 
0%, − 3.5%

 − 3.2%, 
0%, + 2.5%

Table 8  Sensitivity analysis for 
C instances
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Table 11 indicates extreme points on the Pareto fronts for all proposed approaches in a 
class C test instance. As anticipated, this table reveals that extreme points of the proposed 
approach, the individuals with minimum fuel consumption, distance, and maximum served 
to pick-up nodes, could be found through the proposed approach. Regarding this table, 
MOVPL-RP-DO-AWA has improved the obtained solution by at least 17.93% on average 
for all extreme points of Pareto fronts.

We now present the general comparison between the proposed algorithm and its rivals 
in obtaining extremely dominant solutions for all objective functions. Note that the gen-
eral form of the x-axis is zαβ, where α denotes the index of objective functions, equals to 
{1, 2, 3}, β signifies the index of rivals of the proposed approach, and β = {1, 2, .., 5}, which 
are equal to MOEA/D, MOPSO, MOVPL, MOVPL-RP, and MOVPL-RP-DO, respectively.

Results obtained from Fig.  7 demonstrate that in seven objectives out of 15 (three 
objectives for five algorithms), the proposed approach can resolve all test problems in all 
classes, which proves the capability of MOVPL-RP-DO-AWA to reach extreme points of 
Pareto solutions. We can also see the superiority of the proposed approach in seven objec-
tive functions, in which extreme points of 25 out of 30 (83%) test instances belong to 
MOVPL-RP-DO-AWA.

7.2.5  Sensitivity analysis

To examine the robustness of the proposed mathematical model, we conducted a sensitivity 
analysis on key input parameters that have the potential to significantly influence solution 
quality and objective trade-offs, including ψe, traffic speed profiles, and the capacity of a 
vehicle (Q). The baseline instance is defined using average traffic speed data extracted from 
Tehran’s road network, along with nominal values for environmental weights based on stan-
dard carbon emission conversion factors. We varied one parameter at a time while keeping 
others constant and recorded the percentage change in each of the three objectives, which 
are shown in the following tables.

As shown in Table  12, the R instances demonstrate the highest variation in emissions 
and travel distances when traffic speed changes, indicating their sensitivity to congestion 
due to scattered spatial distribution. Changes in the environmental weight (ψe) affect only 

Instance Pa-
ram-
eter 
varied

Values 
tested

∆z1 ∆z2 ∆z3

RC05 ψe 0.5 × , 1 × , 
1.5 × 

 + 6.2%, 
0%, − 5.5%

 + 0.3%, 
0%, − 0.2%

0%, 0%, 
0%

RC09 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 9.3%, 
0%, − 7.6%

 + 5.1%, 
0%, − 4.2%

 − 3.9%, 
0%, + 3.6%

RC16 Q  − 20%, 
0%, + 20%

 − 2.4%, 
0%, + 2.1%

 − 0.9%, 
0%, + 0.7%

 − 7.7%, 
0%, + 8.3%

RC23 ψe 0.5 × , 1 × , 
1.5 × 

 + 6.5%, 
0%, − 5.2%

 + 0.2%, 
0%, − 0.2%

0%, 0%, 
0%

RC28 Traf-
fic 
speed

 − 20%, 
0%, + 20%

 + 9.1%, 
0%, − 7.2%

 + 4.8%, 
0%, − 4.0%

 − 3.6%, 
0%, + 3.3%

Table 9  Sensitivity analysis for 
RC instances
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emissions, as expected. Varying the capacity limit has a strong impact on z3 confirming the 
model's ability to balance operational feasibility and social objectives.

As seen in Table 13, C instances show more stable behavior under speed variations due 
to shorter travel distances and denser routing. Emission weights (ψe) again impact only z1, 
confirming the model’s separability. Capacity constraints influence the social objective (z3) 
significantly, though with slightly less magnitude than in R instances due to denser spatial 
structure allowing easier feasibility.

In Table 14, the RC instances show hybrid sensitivity characteristics. Their moderate 
responses to traffic speed and environmental weights place them between the R and C 
instances. This supports the model’s capacity to adapt across diverse spatial layouts, main-
taining predictable and interpretable behavior (Table 15)

8  Conclusion

This study has introduced a novel and comprehensive framework for addressing the Multi-
Objective Sustainable Vehicle Routing Problem (MOSVRP) in congested urban environ-
ments. The model reflects the complex trade-offs inherent in real-world urban logistics 
by integrating economic, environmental, and social sustainability objectives, namely cost 
minimization, GHG emissions reduction, and customer satisfaction.

To manage the computational challenges of large-scale networks, we introduced a 
Voronoi diagram-based NSP, which significantly reduced problem size while preserving 
solution quality. Additionally, we enhanced the MOVPL algorithm with reference point 
guidance, disruption operators, and adaptive weight adjustment. This hybrid metaheuris-
tic demonstrated superior performance in generating diverse, high-quality Pareto-optimal 
solutions. The proposed approach outperformed benchmark algorithms and exact methods 
across all key metrics when applied to Tehran's urban freight network. It achieved notable 

0
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25

30

35

z11 z21 z31 z12 z22 z32 z13 z23 z33 z14 z24 z34 z15 z25 z35

R RC C

Fig. 7  The number of problems that the proposed algorithm outweighs its rival
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reductions in fuel consumption and travel distance, while also increasing service coverage 
to pickup nodes.

The results of the sensitivity analysis across R, C, and RC instance categories demonstrate 
the robustness and adaptability of the proposed MOSVRP model. Changes in the environmen-
tal weight coefficient had a significant effect on GHG emissions while leaving travel distance 
and social benefit virtually unchanged, indicating that environmental priorities can be adjusted 
without disrupting operational performance. Variations in traffic speed affected all objectives, 
particularly in R and RC instances, where more dispersed customer locations made routing more 
sensitive to congestion, while C instances showed greater stability due to compact clustering. 
Adjusting the maximum capacity directly influenced the social objective, with minimal impact 
on emissions or travel distance, suggesting that social responsibility can be improved at a low 
operational cost. Overall, the model shows consistent and interpretable responses to key param-
eters, reinforcing its applicability across diverse spatial configurations and urban policy settings.

The results highlight the practical value of combining spatial heuristics with advanced meta-
heuristics for sustainable urban logistics. The framework is scalable, adaptable, and transferable 
to other metropolitan areas facing similar challenges. It offers a robust decision-support tool for 
logistics planners and policymakers aiming to balance operational efficiency with environmental 
and social responsibility. Therefore, our modeling framework is not limited to Tehran; it can be 
adapted to any urban setting through localized traffic speed data, making it applicable for a wide 
range of cities with different traffic regimes and planning needs.

Future research could investigate hybrid matheuristic approaches to further enhance solu-
tion reliability, incorporate real-time traffic data, and adapt the model to dynamic and stochastic 
environments. Integrating real-world datasets and stakeholder preferences would also improve 
the system’s practical relevance for smart city logistics planning.

Appendix

Appendix A: Details of the CMEM model

We now present more details of the CMEM model. According to Eq. (1), the CMEM model 
has three coefficients that can be calculated as follows

	 ψe = λkNeV � (54)

	 ψs = λγβ� (55)

	 ψw = λγα� (56)

	 ψe = λkNeV

	 ψs = λγβ

	 ψw = λγα
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where λ = ε
(κψ) , γ = 1

(1000ϖ) ,α = g sin (ϕ) + gCr cos (ϕ) and β = 0.5CdAf ρ. Finally, 
we describe the parameters and the corresponding values based on a typical light-duty 
vehicle.

Appendix B: Generating test instances

We generate three kinds of test instances, termed R (random), C (clustered), and RC (ran-
dom clustered). The number of customers, a significant part of generating test instances, is 
computed by Eq. (50). For R instance, we randomly select |N c| nodes among all customer 
nodes. For C instance, we provide Algorithm B.1, with a maximum distance D that is 0.1 of 
the maximum possible distance between two nodes in the plane. So, we have:

	 D = 0.1
√

(max (y) − min (y))2 + (max (x) − min (x))2� (57)

A lower bound and upper bound of the number of clusters are also determined with 
C = 2 and C = 4.

To construct RC instances, after determining the number of customers, half of the nodes 
are selected based on Algorithm B.1, and the others are selected randomly. Figures B.1 to 
B.3 show the generated C, R, and RC instances, respectively. Note that 25% of selected 
nodes are considered pick-up nodes, and the remaining are delivery nodes. The distribution 
of all types of instances is provided in an additional file.

Appendix C: Detailed results of R instance

Description Notation values
Fuel-to-air mass ratio 1 ε 1
Engine friction factor (kilojoule/rev/liter) k 0.2
Engine speed (rev/second) Ne 33
Engine displacement (liters) V 5
Gravitational constant (meter/second2) g 9.81
Coefficient of aerodynamic drag Cd 0.7
Air density (kilogram/meter3) ρ 1.2041
Frontal surface area (meter2) Af 3.912
Road angle ϕ 0
Coefficient of rolling resistance Cr 0.01
Vehicle drive train efficiency ε 0.4
Efficiency parameter for diesel engines ϖ 0.9
The heating value of typical diesel fuel 
(kilojoule/gram)

κ 44

Conversion factor (gram/second to liter/second) ψ 737

Table 10  Description of CMEM 
model
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