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INTRODUCTION

Municipal solid waste (MSW) management 
remains a major environmental challenge for sus-
tainable urban planning, because currently col-
lection operations generate high operational costs 
and environmental impacts. In many municipali-
ties, MSW collection is one of the urban servic-
es most affected by the rapid urbanization and 

population growth, increasing pressure on mu-
nicipal services and reinforcing the need for more 
efficient routing strategies. The use of electric 
vehicles (EVs) in MSW offers new opportunities 
to reduce the environmental footprint of urban 
services. However, EVs are not simply a direct 
replacement of conventional vehicles, they intro-
duce additional operational restrictions related to 
limited battery capacity, energy consumption, and 
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ABSTRACT
The ecological management of municipal solid waste has become a strategic priority for sustainable urban de-
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sumption and associated environmental impacts. This study aims to evaluate an eco-efficient EVRP framework 
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optimization (PSO), and simulated annealing (SA) were implemented under the same routing formulation and 
evaluated through a sensitivity analysis of the payload-sensitivity coefficient γ. The results demonstrate that incor-
porating payload-dependent energy consumption significantly changes the environmental assessment of routing 
solutions. The sensitivity analysis revealed a consistent distance–energy–emission trade-off. For GA, increasing γ 
from 0.00 to 0.10 reduced the average travelled distance from 1178.63 km to 1166.39 km, while energy consump-
tion increased from 2180.47 to 2238.86 kWh and estimated emissions increased from 1565.58 to 1607.50 kg CO₂e. 
These findings indicate that shorter routes are not necessarily the most energy-efficient when payload effects are 
considered. GA exhibited the best overall performance across all scenarios, whereas PSO remained very com-
petitive under moderate payload sensitivity and SA produced feasible but less competitive solutions. The study is 
limited to benchmark instances and a simplified payload-sensitive energy formulation. Nevertheless, the proposed 
framework provides a practical basis for integrating environmental considerations into electric waste collection 
planning. The originality of this work lies in explicitly quantifying how payload sensitivity affects energy con-
sumption, CO₂ emissions, and algorithmic performance within a unified EVRP framework.
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the availability of charging infrastructure. These 
constraints can influence collection routes and 
therefore require specific optimization approach-
es that integrate energy and environmental crite-
ria in route planning.

The electric vehicle routing problem (EVRP) 
belongs to the class of NP-hard problems, it 
extends the classical vehicle routing problem 
(VRP) by introducing specific constraints related 
to EVs, such as battery capacity and the depen-
dence of travel costs on energy consumption. 
The optimization of the VRP has been investi-
gated through several objectives, depending on 
the operational, economic, and environmental 
constraints. The most widely considered crite-
ria include minimizing collection route length 
(Sarmah et al., 2019), reducing collection time 
(Carlos et al., 2019), managing waste content 
or collected waste quantities (Abdel-Shafy and 
Mansour, 2018), lowering operational costs 
(Rathore and Sarmah, 2019), and limiting en-
vironmental impacts (Ali et al., 2018). In order 
to improve operational realism, the optimization 
of EVRP is important because routing decisions 
are affected by real conditions of urban logistics, 
previous studies have also incorporated several 
practical constraints. Among these, vehicle ca-
pacity is one of the most common, since collec-
tion operations are directly limited by the pay-
load capacity of waste collection trucks (Dotoli 
and Epicoco, 2017). Other constraints generally 
include service time restrictions, this is essential 
because in MSW collection, every collection 
point is not only a location to visit, but it requires 
also a service operation respecting a specific col-
lection schedules (Bányai et al., 2019), charac-
teristics of collection points or waste components 
(Yadav and Karmakar, 2020), environmental re-
quirements (Pujara et al., 2019), regulatory con-
ditions (Roberts et al., 2018), and other opera-
tional limitations.

Recent studies show that the EVRP is no lon-
ger treated only as a matter of minimizing dis-
tance, but also as a planning challenge involving 
operating costs, fuel use, emissions, service con-
straints, and urban variability. Multi-objective and 
dynamic formulations have therefore gained at-
tention, particularly in works dealing with coordi-
nated solid waste routing by integrating financial, 
environmental, and social objectives (Mojtahedi 
et al., 2021), multi-compartment and dynamic 
waste collection (Mohammadi et al., 2023), IoT-
supported heuristic routing (Rahmanifar et al., 

2023), and smart multi-compartment collection 
systems (Bouleft and Elhilali Alaoui, 2023). At 
the same time, GIS-based approaches and green 
routing models have shown their relevance in 
improving route design and environmental per-
formance, as demonstrated by recent studies in 
geospatial route optimization (Das et al., 2024), 
green waste collection routing (Li et al., 2023), 
and capacitated waste collection using open-
source optimization tools (Silva et al., 2023). 
Nevertheless, many existing approaches still pri-
oritize distance, cost, or fuel consumption, while 
the effect of progressively accumulated payload 
on electricity use and CO2 emissions remains less 
explicitly represented.

In addition, recent EVRP works have exam-
ined electric and hybrid waste collection vehicles 
under different operational settings, because waste 
collection is not a standard collection service 
problem, it involves heavy vehicles, changing 
payloads, frequent stops, and urban congestion. 
Therefore, hybrid vehicles are important because 
they reduce fuel use and emissions while offer-
ing more operational flexibility. In this context, 
Masmoudi introduced a plug-in hybrid electric 
refuse vehicle routing model with realistic energy 
functions (Amine Masmoudi et al., 2022), while 
Erdem examined heterogeneous EVs for sustain-
able recycling waste collection (Erdem, 2022). 
More recent contributions addressed EVRP for 
medical waste (Lin et al., 2024), classified waste 
collection with multi-compartment and multi-trip 
EVs (Liu et al., 2024), and MSW collection using 
EVs and variable neighborhood search (Zamani-
an et al., 2024). Other studies incorporated smart-
bin information (Yang et al., 2022), charging sta-
tion location-routing (Wang et al., 2022), energy 
differences among charging stations (Fan et al., 
2023), collaborative multi-depot EVRP (Wang et 
al., 2023), and hybrid recharging with prioritized 
time windows (Zhang et al., 2024). These works 
confirm the relevance of EVRP for waste collec-
tion, but they also highlight a common limita-
tion because many models require detailed traffic 
data, or real-time operational information, which 
can limit their reproducibility and transferability.

Despite this progress, a key research gap re-
mains in the explicit modelling of payload-depen-
dent energy consumption within EVRP formula-
tions for MSW collection, where vehicle energy 
use should be treated as a function not only of 
travelled distance but also of the progressively ac-
cumulated payload along the route. In particular, 
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existing studies rarely quantify how the sensitiv-
ity of energy consumption to payload variation 
influences environmental indicators, route evalu-
ation, and the relative performance of different 
metaheuristic optimization strategies.

The main objective of this study is to develop 
and evaluate an eco-efficient EVRP framework 
for MSW collection that incorporates payload-
dependent energy consumption and investigates 
how variations in the payload-sensitivity coeffi-
cient γ affect travel distance, energy consumption, 
CO₂ emissions, and the comparative behavior of 
different metaheuristic algorithms. The study hy-
pothesizes that increasing payload sensitivity al-
ters the trade-off between distance minimization 
and energy efficiency, thereby changing the rela-
tive performance of three metaheuristics, namely 
genetic algorithm (GA), simulated annealing 
(SA), and particle swarm optimization (PSO), 
under identical routing conditions.

MATERIALS AND METHODS 

Problem definition and eco-efficient 
formulation

The EVRP extends the classical VRP by in-
corporating both vehicle capacity and battery en-
ergy constraints, where a group of homogeneous 
EVs must collect waste from several geographi-
cally dispersed sites. Each EV begins and returns 
to a central depot and must respect maximum 
capacity and the energy efficiency of the vehicle 
battery, in the proposed model we adopt the fol-
lowing assumptions:
	• All vehicles are identical in terms of payload 

capacity and battery capacity.
	• Every collection point must be visited only by 

one vehicle.
	• All routes start and end at the depot.
	• Travel distances are computed based on bench-

mark coordinates using Euclidean geometry.
	• Vehicles are homogeneous electric trucks.

We model the collection network as a graph 
G= (V, A), where the parameters are defined in 
Table 1.

Decision variable

The main routing decision variable is: xijk ∈ {0,1}, 
it is equal to 1 if vehicle k travels from node i to j, 
or 0 otherwise for all (i,j) ∈ V.

Objective functions

To distinguish between the conventional rout-
ing perspective and the proposed eco-efficient 
formulation, two objective structures are consid-
ered in this study.

The baseline formulation minimizes only the 
total travel distance:

	 𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (1)

Distances between nodes were calculated 
using standard Euclidean metrics as presented 
follows:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (2)

This objective is essential because distance is 
a fundamental indicator in the operational sector, 
it corresponds to the conventional routing per-
spective in which route quality is evaluated under 
geometric compactness only.

From an environmental perspective, total 
fleet energy consumption is also considered as 
a relevant objective because it complements the 
distance objective by reflecting the operational 
reality of EVs:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (3)

Table 1. Notation used in the EVRP formulation

V= {0, 1, ..., n} Set of nodes; where 0 is the depot and 1 
to n are the collection points

A Set of arcs (i,j)

K Group of EVs

k Number of available vehicles

dij Distance between node i and j

xi, yi Cartesian coordinates of node i

qi Waste quantity at node i

Q Vehicle capacity

B Battery capacity

e0
Baseline energy-consumption coefficient 
per unit distance

γ Payload-sensitive energy coefficient

lik
Cumulative payload of vehicle k after 
serving node i

Lik Payload carried on arc (i,j)

Eijk
Energy consumed by vehicle k travelling 
on arc (i,j)

EF Factor of energy conversion to carbon
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where:	Ek is the total fleet energy consumption 
defined from the payload-sensitive energy 
model introduced below. 

Payload-sensitive energy modelling

To reflect the fact that heavier collection ve-
hicles require more energy, the study adopts a 
payload-sensitive energy formulation. In MSW 
collection, the vehicle leaves the depot with an 
empty payload and progressively accumulates 
waste along the route. In this study, the cumula-
tive payload of vehicle k immediately after ser-
vicing node i is denoted by lik and the initial pay-
load at the depot is:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (4)

If the vehicle k travels from node i to node j, 
the payload after servicing node j is updated as 
follows:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (5)

For the depot return, no additional waste is 
collected, so:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (6)

The payload capacity condition is:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (7)

The normalized payload ratio after servicing 
node i on arc (i,j) is:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (8)

The energy consumed by vehicle k on arc (i,j) 
is defined as:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (9)

In the proposed energy model, we used e0 
=1.85 kWh/km as the reference electricity-con-
sumption rate, following the mean distance-spe-
cific energy demand reported for electric waste 
collection vehicles under real-life operational 
data (Schmid et al., 2021). 

The payload-sensitivity coefficient γ was 
introduced to represent the additional energy 
consumption associated with the progressively 
accumulation of waste payload during collec-
tion operation. Three values were tested: γ=0.00, 
γ=0.05, and γ=0.10. The selected values were 
chosen to represent three controlled payload-
sensitivity scenarios. The first case γ=0.00 is 

used as a no-payload reference scenario, in this 
case energy consumption depends only on trav-
elled distance. The values γ=0.05 and γ=0.10 
represent moderate and stronger payload-sensi-
tivity scenarios. This choice is justified because 
when the vehicle is fully loaded (Lijk = 1), the 
values γ=0.05, and γ=0.10 increase the reference 
electricity-consumption rate e0 = 1.85 kWh/km 
by 5% and 10%, respectively. These scenarios 
allow us to examine how increasing payload 
sensitivity affects route evaluation, energy con-
sumption, estimated CO₂e emissions, and algo-
rithmic behaviour.

For each vehicle k, the energy consumption is:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (10)

We define the total energy consumption of a 
complete routing solution as follows:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (11)

CO₂ emission indicator

Although EVs produce no direct tailpipe 
emissions during route operation, their elec-
tricity consumption may induce indirect CO₂ 
emissions depending on the carbon intensity of 
the electricity mix used for charging. To sup-
port environmental interpretation, we define 
carbon indicator based on energy consumption 
as follows:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 

	 (12)

where:	EF is used as a conversion factor to es-
timate CO₂ emissions from total energy 
consumption. In this study, EF = 0.718 
kg CO₂e/kWh based on ADEME data for 
Morocco (Majaty et al., 2024; Ourya et 
al., 2023). 

This quantity is not treated as a separate 
optimization objective. Instead, it is used as an 
environmental interpretation metric to evaluate 
routing performance. In this study, the linear for-
mulation of CO₂ emissions was used to estimate 
indirect emissions associated with electricity con-
sumption, it was adopted as an operational com-
parison indicator, not as a full life-cycle assess-
ment in order to compare all routing alternatives 
under the same emission-factor assumption.
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Fitness function and normalization

In the present study, a weighted fitness func-
tion was used to compare candidate routing so-
lutions generated by the metaheuristics. Trav-
elled distance and energy consumption were 
first normalized because they are measured in 
different units and cannot be directly aggregated 
in their raw form. The fitness function is defined 
as follows:

	

𝑚𝑚𝑚𝑚𝑚𝑚 𝑓𝑓1 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑑𝑑𝑖𝑖𝑖𝑖 = √(𝑥𝑥𝑖𝑖 − 𝑥𝑥𝑗𝑗)2 + (𝑦𝑦𝑖𝑖 − 𝑦𝑦𝑗𝑗)2 

 

 min 𝑓𝑓2 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

𝑙𝑙0𝑘𝑘 = 0, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑙𝑙𝑗𝑗𝑗𝑗 = 𝑙𝑙𝑖𝑖𝑖𝑖 + 𝑞𝑞𝑗𝑗, 𝑗𝑗 ≠ 0 

 

𝑞𝑞0 = 0 

 

0 ≤ 𝑙𝑙𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄, ∀𝑖𝑖 ∈ 𝑉𝑉, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑙𝑙𝑖𝑖𝑖𝑖 𝑄𝑄 ;  0 ≤⁄ 𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 1 

 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑑𝑑𝑖𝑖𝑖𝑖𝑒𝑒0(1 + 𝛾𝛾𝐿𝐿𝑖𝑖𝑖𝑖𝑖𝑖)𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 

 

𝐸𝐸𝑘𝑘 = ∑ ∑ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗𝑖𝑖𝑖𝑖𝑖𝑖

 

 

𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ 𝐸𝐸𝑘𝑘
𝑘𝑘𝑘𝑘𝑘𝑘

 

 

CO2 = 𝐸𝐸𝐸𝐸 ×  𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

 

𝐹𝐹 = 𝜔𝜔1
𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐷𝐷𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝜔𝜔2
𝐸𝐸𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟

+ 𝑃𝑃 	 (13)

where:

	 𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (14)

The reference values Dref and Eref were ob-
tained from an initial greedy nearest-neighbour 
solution. This solution was used only for nor-
malization purposes and was kept fixed for all 
algorithms and payload-sensitivity scenarios. 
Dref corresponds to the total distance of this ref-
erence solution, while Eref corresponds to its to-
tal energy consumption.

The parameters ω1 and ω2 are the distance 
and energy weights, respectively, with ω1 + ω2 = 
1. The penalty term P is added only when a can-
didate solution violates operational constraints, 
mainly vehicle capacity or battery capacity. As 
all reported solutions satisfied these constraints, 
no penalty was applied in the final results. In the 
main experiments, a balanced weighting scheme 
was adopted, with ω1 = 0.50 and ω2 = 0.50, giv-
ing equal importance to distance and energy con-
sumption. Two additional weighting schemes 
were then tested to examine the sensitivity of the 
results to the balanced weighting scheme. These 
configurations are defined as follows: 
	• Energy-oriented weighting scheme: ω1 = 0.30, 

ω2 = 0.70, which gives more weight to energy 
consumption.

	• Distance-oriented weighting scheme: ω1  = 
0.70, ω2 = 0.30, prioritizing travelled distance.

This composite formulation provides a uni-
fied eco-efficient fitness score that allows each 
routing solution to be assessed in terms of both 
operational efficiency and environmentally sensi-
tive electricity use. However, total distance and 
total energy are also reported separately in the fi-
nal analysis in order to preserve interpretability.

Routing problem constraints

The EVRP in SWM is subject to the follow-
ing standard routing constraints:

Single service constraint

Each collection point must be visited exactly 
once by one EV:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (15)

Flow conservation

For each visited node, the number of incom-
ing arcs must equal the number of outgoing arcs:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (16)

Depot departure and return

Each EV route starts and ends at the depot:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (17)

Payload capacity

The total collected waste assigned to vehicle 
k must not exceed its payload capacity:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (18)

Battery capacity

The total route energy consumed by vehicle k 
should not exceed the available battery capacity 
of EV:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (19)

Solution encoding, route decoding, 		
and feasibility checking

Before presenting the metaheuristic proce-
dures, the common solution representation and 
route decoding mechanism are first introduced. 
In this work, GA, PSO, and SA all use the same 
permutation-based encoding and follow the same 
feasibility-checking rules. This ensures that the 

0,



424

Ecological Engineering & Environmental Technology 2026, 27(7), 419–435

three algorithms are evaluated under identical 
route construction conditions. First, each candi-
date solution is represented by a permutation of 
the waste collection points, excluding the depot 
from the encoded sequence:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (20)

where:	n is the number of waste collection points. 

The depot is excluded from the permutation 
and is introduced only during the route-decoding 
stage. In this way, the permutation defines the vis-
iting order of the collection points, while the final 
number of routes is determined dynamically dur-
ing decoding, based on the vehicle capacity and 
battery-feasibility constraints. During decoding, 
the permutation is scanned from left to right and 
progressively split into feasible vehicle routes. 
Each route starts at the depot, and each collection 
point j is tested for insertion into the current route. 
Let i be the last visited node, l the onboard pay-
load before travelling from i to j, and qj the waste 
demand at collection point j. Once j is served, the 
onboard payload becomes:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (21)

Thus, the collection point j is accepted in the 
current route only if the following two feasibility 
conditions are satisfied:

First, the updated onboard payload satisfies 
the vehicle-capacity constraint:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 
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𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 

	 (22)

Second, the vehicle can visit j and still re-
turn to the depot without exceeding the battery 
capacity:

	

𝐷𝐷𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = ∑ ∑ ∑ 𝑑𝑑𝑖𝑖𝑖𝑖𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑘𝑘𝑘𝑘𝑘𝑘

 

 

∑ ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 = 1,𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠𝑗𝑗𝑘𝑘𝑘𝑘𝑘𝑘  ∀𝑗𝑗 ∈ 𝑉𝑉 − {0} 

 

∑ 𝑥𝑥𝑖𝑖ℎ𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠ℎ

− ∑ 𝑥𝑥ℎ𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠ℎ

= 

= 0, ∀ℎ ∈ 𝑉𝑉 − {0}, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑥𝑥0𝑗𝑗𝑗𝑗
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠0

≤ 1,  

∑ 𝑥𝑥𝑖𝑖0𝑘𝑘
𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

≤ 1, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

∑ 𝑞𝑞𝑖𝑖 × ∑ 𝑥𝑥𝑖𝑖𝑖𝑖𝑖𝑖 ≤ 𝑄𝑄
𝑗𝑗𝑗𝑗𝑗𝑗,𝑗𝑗≠𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑖𝑖≠0

, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝐸𝐸𝑘𝑘 ≤ 𝐵𝐵, ∀𝑘𝑘 ∈ 𝐾𝐾 

 

𝑆𝑆 = (𝑠𝑠1, 𝑠𝑠2, … . . , 𝑠𝑠𝑛𝑛) 

 

𝑙𝑙′ = 𝑙𝑙 + 𝑞𝑞𝑗𝑗 

 

𝑙𝑙′ ≤ 𝑄𝑄 

 

𝐸𝐸𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟 + 𝐸𝐸𝑖𝑖𝑖𝑖 + 𝐸𝐸𝑗𝑗0 ≤ 𝐵𝐵 	 (23)

where:	Eroute is the accumulated energy of the cur-
rent route before inserting collection point 
j, Eij denotes the energy required to travel 
from the last visited node i to j, Ej0 is the 
energy required to return from collection 
point j to the depot after collecting its de-
mand, B represents the battery capacity. 

The arc energy terms are computed using the 
payload-sensitive energy formulation defined in 
the previous section. When both constraints are 
satisfied, collection point j is inserted into the cur-
rent route. Otherwise, the current route is closed by 
returning to the depot, and a new route is started. 
After decoding, each solution is checked to ensure 
that all collection points are served exactly once, 
each route starts and ends at the depot, vehicle ca-
pacity is respected, and the energy consumed by 
each route does not exceed the battery capacity.

The same decoding and feasibility-checking 
procedure is applied to GA, PSO, and SA. There-
fore, the three algorithms differ only in their 
search mechanisms within the permutation space, 
while route construction, payload sensitivity en-
ergy evaluation, and feasibility checking remain 
identical across all methods. The corresponding 
route-decoding and feasibility-checking proce-
dure is summarized in Algorithm 1.

Algorithm 1. Route decoding and feasibility checking
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Metaheuristic algorithm resolution

In order to evaluate the proposed eco-effi-
cient EVRP formulation, GA, PSO, and SA are 
applied under the same payload-sensitive rout-
ing framework, allowing a transparent compari-
son of their search behavior. These metaheuris-
tics were selected because they represent com-
plementary search optimization mechanisms, 
including evolutionary population search, prob-
abilistic local improvement, and swarm learn-
ing intelligence. This choice is consistent with 
recent studies that have applied GA to green and 
EVs routing (Abid et al., 2024), PSO to sustain-
able MSW collection routing problems (Shen et 
al., 2023), and SA to waste collection and EVRP 
variants with local improvement mechanisms 
(Stamadianos et al., 2025). A brief description 
of each algorithm is provided below:

GA solution procedure

GA works by gradually improving several 
candidate routes; each candidate solution is rep-
resented as an ordered list of collection points. 
Initially, the population consisted of 28 individ-
uals generated from the constructive reference 
sequence and several perturbed variants. Next, 
each chromosome was decoded into vehicle 
routes and evaluated using the same fitness func-
tion adopted for all algorithms. Parent selection 
was performed using the tournament selection 
mechanism; this is a very useful technique be-
cause good solutions are more able to reproduce 
while maintaining diversity. Then, GA applies 
recombination to create new solutions using an 
order-preserving crossover operator with a prob-
ability of 0.90. After recombination, mutation 
was applied with a probability of 0.35, meaning 
that 35% of the new individuals were modified. 
This technique is based on several operations, 
including swap, insertion, inversion, double in-
sertion, and block relocation. To preserve high-
quality solutions during the search and avoid 
losing a very good solution due to crossover or 
mutation operations, the three best individuals 
were saved by elitist replacement. The algorithm 
was run for 90 generations.

PSO solution procedure

PSO is inspired by the collective behavior 
of a group of solutions that learn together; it 
has been adapted to the discrete structure of the 

EVRP model, which is essentially a sequence of 
collection points problem. The swarm included 
24 particles and was developed over 120 itera-
tions; each particle is characterized by a personal 
and collective memory. Thus, the movement of 
the particles was effectively guided by the best 
individual and global solutions, using coeffi-
cients c1 = 0.55 and c2 = 0.75, respectively; their 
role is to control the influence of the two memo-
ries on the particles. Since classical velocity up-
dates are not directly applicable to permutations, 
the update mechanism was adapted to sequence-
based transformations. A perturbation probabil-
ity of 0.25 was introduced to diversify the search 
and reduce premature stagnation. This perturba-
tion allows for better tracking of good solutions 
while maintaining some exploration to discover 
other possible routes. Then, after each update, 
the resulting sequence was decoded and evalu-
ated using the same fitness function adopted for 
the other algorithms.

In this study, PSO was implemented using a 
permutation-based representation adapted to the 
EVRP. In this representation, each particle cor-
responds to an ordered sequence of waste col-
lection points, rather than a continuous position 
vector. As a result, the classical velocity update 
was replaced by a discrete swap-based update 
mechanism. At each iteration, swap sequences 
are generated to guide the current permutation 
toward the particle’s personal best solution, pbest, 
and the global best solution, gbest. Swaps derived 
from pbest are applied with probability c1=0.55, 
whereas swaps derived from gbest are applied 
with probability c2=0.75. In addition, random 
permutation moves are introduced with prob-
ability 0.25 to maintain diversity in the swarm.

After each update, the permutation remains 
valid, since swap-based operations do not dupli-
cate or remove collection points. The updated 
particle is then decoded into vehicle routes us-
ing the common route-decoding and feasibility-
checking procedure also used for GA and SA. 
The personal best solution pbest and the global 
best solution gbest are updated whenever a better 
fitness value is found. In the experiments, PSO 
was run with 24 particles for 120 iterations.

In Algorithm 2, the symbol p represents the 
current particle permutation. The symbols pbest 
and gbest refer to the best permutation found by 
the particle itself and by the swarm, respec-
tively. The terms Δ1 and Δ2 represent swap se-
quences, they are generated to move the current 
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permutation toward pbest and gbest. The coeffi-
cients c1 and c2 control the probability of apply-
ing swaps associated with pbest and gbest, while 
perturbation probability controls additional 

random permutation moves used for diversifi-
cation. Once the update is completed, the new 
permutation is decoded into vehicle routes and 
evaluated using the common fitness function.

Algorithm 2. Discrete PSO update mechanism

SA solution procedure

SA follows the principle of physical anal-
ogy of metal annealing, where the search process 
gradually moves from exploration to exploita-
tion, becoming progressively more selective as 
the temperature decreases. In this study, SA was 
initialized first from a feasible construction se-
quence; this initialization gives SA a structured 
starting solution. After that, a local refinement 
procedure was applied to improve the initial solu-
tion before the main search phase. Candidate SA 
solutions were generated by neighborhood moves 
permutations including swap, insertion, inver-
sion, double insertion, and block relocation. The 
initial temperature was fixed to T0 = 850; this pa-
rameter is essential because it controls the level of 
exploration, meaning that when the temperature 
is high, SA is more able to accept a suboptimal 
solution, reducing the risk of premature conver-
gence to local optima. The cooling rate was set at 
0.9975, providing a gradual temperature decrease 
and maintaining exploration over several itera-
tions. This algorithm was run for a maximum of 
3000 iterations.

Case study and experimental design

Schneider benchmark dataset

The experimental study was conducted using 
the Schneider benchmark dataset (Schneider et al., 
2014). Due to the limited availability of detailed 
real-world MSW collection data, this benchmark 
was selected because it represents one of the most 
widely used references in the EVRP literature and 
provides a standardized experimental framework 
for analyzing the effect of payload on energy con-
sumption and CO2 emissions on routing perfor-
mance. The original customer nodes are treated as 
MSW collection points, while the depot remains 
the common distribution and return location. 
Customer demand values are considered to be the 
quantities of waste collected at each service point.

Baseline vs eco-efficient scenarios

In this work, two routing perspectives are 
examined. The first one is a baseline formula-
tion where payload-impact coefficient γ=0, this 
means that energy consumption is proportional to 
travelled distance. In this scenario route quality is 



427

Ecological Engineering & Environmental Technology 2026, 27(7), 419–435

evaluated only through total travel distance. The 
second scenario is an eco-efficient formulation 
where γ >0, in which route evaluation combines 
travel distance and payload-sensitive energy con-
sumption. This analysis allows us to show how 
the consideration of vehicle payload changes the 
assessment of routes in terms of energy consump-
tion and CO2 emissions.

Sensitivity analysis on γ

A sensitivity analysis was conducted on the 
payload impact coefficient γ, this analysis helps 
clarify how the transported payload affects en-
ergy consumption at the route level.

In this study, three main scenarios are 
considered:
	• γ = 0.00: the distance is proportional to energy 

use;
	• γ = 0.05: moderate payload-sensitive energy 

use;
	• γ = 0.10: stronger payload-sensitive energy use.

These scenarios above are used to evaluate 
whether the relative performance of routing solu-
tions and algorithms remains stable as the influ-
ence of vehicle payload on environmental indica-
tors becomes stronger.

Evaluation metrics

The three algorithms are compared using both 
operational and environmental indicators, such as:
	• total travel distance, expressed in km;
	• total energy consumption in kWh;
	• estimated CO₂ emissions in kg CO₂e;
	• fitness value;
	• computational runtime, expressed in seconds.

To account for stochastic variability, each al-
gorithm was executed over 30 independent runs, 
and the reported results in tables below include 
mean values and standard deviations for algorith-
mic comparison, while best-run values are used 
only to provide best routing solution illustration.

RESULTS

Before the analysis of the algorithmic per-
formance, all computational experiments were 
checked for structural feasibility. GA, PSO, and 
SA were executed over 30 independent runs, for 
each payload-sensitivity scenario (γ=0.00, 0.05, 
0.10), under the same energy model, fitness func-
tion, route decoding procedure, and feasibility 
checking rules. For each run, travelled distance, 
energy consumption, estimated indirect CO₂e 
emissions, fitness value, runtime, and feasibility 
indicators were recorded. All reported final solu-
tions were structurally feasible across the three 
algorithms and for all γ scenarios, confirming 
that all collection points were served, every route 
started and ended at the depot, and both vehicle 
capacity and battery constraints were respected.

The numerical analysis compares the perfor-
mance of GA, PSO, and SA under the proposed 
payload-sensitive EVRP model. Table 2 summa-
rizes the results obtained for the three payload-
sensitivity scenarios, namely γ = 0.00, γ = 0.05, 
and γ = 0.10. This comparative analysis shows 
that the three metaheuristics produced feasible 
solutions within a relatively close performance 
range, particularly in terms of travelled dis-
tance, energy consumption, and estimated CO₂e 

Table 2. Comparative performance of GA, PSO, and SA under different payload-sensitivity values over 30 
independent runs

γ Algorithm
Distance (km)

Mean ± std
Energy (kWh)

Mean ± std

CO2e emissions 
(kg CO2e )
Mean ± std

Fitness
Mean ± std

Runtime (s)
Mean ± std

0.00 GA 1178.63±24.56 2180.47±45.43 1565.58±32.62 0.9391±0.020 4.85±0.74

0.00 PSO 1183.37±22.23 2189.24±41.13 1571.87±29.53 0.9429±0.018 5.64±0.96

0.00 SA 1183.51±21.57 2189.49±39.91 1572.05±28.66 0.9430±0.017 7.87±0.79

0.05 GA 1172.60±23.62 2209.92±45.15 1586.72±32.42 0.9430±0.019 4.75±0.74

0.05 PSO 1174.93±21.05 2214.33±39.74 1589.89±28.53 0.9449±0.017 5.65±0.88

0.05 SA 1177.76±20.87 2220.99±39.83 1594.67±28.59 0.9474±0.017 7.99±0.72

0.10 GA 1166.39±26.16 2238.86±50.22 1607.50±36.06 0.9467±0.021 4.74±0.73

0.10 PSO 1173.09±23.03 2250.89±44.39 1616.14±31.87 0.9519±0.019 5.44±0.80

0.10 SA 1177.95±19.00 2263.51±37.37 1625.20±26.83 0.9566±0.016 7.82±0.74



428

Ecological Engineering & Environmental Technology 2026, 27(7), 419–435

emissions. However, GA achieved the lowest 
mean values across the three γ scenarios. 

The results show that increasing γ has a clear 
effect on energy consumption and estimated indi-
rect CO₂e emissions, because a higher γ strength-
ens the contribution of vehicle payload to energy 
consumption. Across all algorithms, the average 
energy consumption increases between γ=0.00 
and γ=0.10. As γ increases, all three algorithms 
show higher energy consumption. GA rises from 
2180.47 to 2238.86 kWh, PSO from 2189.24 to 
2250.89 kWh, and SA from 2189.49 to 2263.51 
kWh. Estimated indirect CO₂e emissions follow 
the same pattern, by increasing from 1565.58 
to 1607.50 kg CO₂e for GA, from 1571.87 to 
1616.14 kg CO₂e for PSO, and from 1572.05 to 
1625.20 kg CO₂e for SA. An important observa-
tion is that GA travels a shorter total distance as γ 
increases, decreasing from 1178.63 km at γ=0.00 
to 1166.39 km at γ=0.10, but its energy consump-
tion and emissions still rise. This result supports 
the idea that the evaluation route based on dis-
tance only is incomplete when vehicle payload 
affects energy use. Across the tested values of γ, 
GA provides the best performance, PSO remains 
close to GA, and SA delivers feasible but gener-
ally less competitive solutions.

Distribution of energy consumption 		
and statistical reliability

The variability of total energy consumption 
over the 30 independent runs was examined using 
the boxplots in Figure 1 for the moderate payload-
sensitivity scenario γ = 0.05. This analysis is im-
portant because the three algorithms GA, SA, and 

PSO are stochastic and they may produce different 
solutions across independent runs. These boxplots 
therefore help assess not only the average energy 
consumption, but also the stability and the vari-
ability of each method. The results show that GA, 
PSO, and SA produce solutions with relatively 
similar energy requirements under the moderate 
payload-sensitivity scenario γ= 0.05. GA has the 
lowest mean energy consumption, with 2209.92 
kWh, followed closely by PSO with 2214.33 
kWh. SA records the highest mean value, with 
2220.99 kWh. As presented in the figure below, 
the overlap between the distributions shows that 
the algorithms perform within a close range at γ = 
0.05. This justifies the use of non-parametric sta-
tistical tests to determine whether the observed de-
scriptive differences are statistically meaningful.

In order to evaluate whether the observed algo-
rithmic differences were statistically meaningful, the 
non-parametric Friedman test was applied to the 30 
independent runs for each payload-sensitivity sce-
nario. This test was useful because it helps to avoid 
relying only on descriptive mean values. Since the 
three metaheuristics are stochastic and their results 
vary across independent runs. It is especially rele-
vant here in this study, because the algorithms show 
close performance for γ=0.00 and γ=0.05, meaning 
that small numerical differences should not be in-
terpreted as strong algorithmic dominance without 
statistical support. For γ=0.00 and γ=0.05, no sta-
tistically significant differences were found among 
GA, PSO, and SA in terms of travelled distance, 
energy consumption, estimated indirect CO₂e emis-
sions, or fitness. This suggests that, under the base-
line and moderate payload-sensitivity settings, the 

Figure 1. Distribution of total energy consumption obtained across independent runs at γ = 0.05.
The orange line denotes the median and the green triangle indicates the mean value
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differences observed between the algorithms re-
main mainly descriptive. 

At γ=0.10, the Friedman test indicated statisti-
cally significant differences for the main solution-
quality indicators, showing a clearer separation 
among the algorithms when the payload effect 
becomes stronger. As shown in Table 3, runtime 
differences were significant for all γ scenarios, 
which indicates that computational time varied 
consistently across the three methods. Overall, 
these results show that differences in runtime are 
systematic, whereas differences in solution qual-
ity become statistically evident only under the 
strongest payload-sensitivity scenario, γ=0.10.

Effect of the payload-sensitivity coefficient γ 
on energy consumption

To examine the effect of transported payload 
on route performance in the proposed EVRP 
framework, the payload-sensitivity coefficient γ 
was tested at three levels: 0.00, 0.05, and 0.10. 
This analysis helps to show how increasing the 
influence of transported payload changes the en-
ergy required by the same routing framework. 
Figure 2 complements the numerical results re-
ported in Table 2, showing how mean energy 
consumption changes as γ increases. For the 
three algorithms GA, SA, and PSO, higher val-
ues of γ lead to higher electricity consumption, 
which confirms the importance of accounting 
for payload variation in electric MSW collec-
tion. The results show that GA demonstrates the 
smallest increase, its energy consumption rises 
from 2180.47 kWh at γ=0.00 to 2238.86 kWh at 
γ=0.10. Over the same interval, PSO increases 
from 2189.24 kWh to 2250.89 kWh, while SA 
reaches the highest value, with 2263.51 kWh at 
γ=0.10. These findings indicate that GA not only 
maintains the lowest mean energy values, but also 
shows the most limited increase when payload 
sensitivity becomes stronger. The results confirm 
that stronger payload sensitivity increases both 
energy consumption and estimated indirect CO₂e 

emissions, even when travelled distance remains 
stable or decreases slightly.

Distance–carbon trade-off analysis

The distance–carbon trade-off provides a 
clear interpretation of how payload-sensitive en-
ergy consumption γ affects route evaluation in 
the proposed EVRP model. Figure 3 shows that 
reducing the travel distance does not necessarily 
lead to lower CO₂ emissions when the payload 
effect is explicitly included in the energy model. 
This observation is particularly visible for the al-
gorithm GA. As γ increases from 0.00 to 0.10, the 
mean travelled distance decreases from 1178.63 
km to 1166.39 km. However, the estimated CO₂ 
emissions increase from 1565.58 kg CO₂e to 
1607.50 kg CO₂e as presented in figure below. 
This means that the environmental performance 
of EVs in MSW collection route cannot be ex-
plained by distance only.

This result can be interpreted by considering 
the role of the collected waste payload along the 
route. In other words, when γ is higher, the model 
gives greater importance to the additional energy 
required to move the vehicle under changing pay-
load conditions. Therefore, a route that is shorter 
in geometric terms may still become less favor-
able if it involves heavier payload movements 
or less efficient payload distribution. Similar be-
havior is observed for PSO and SA, whose esti-
mated emissions also increase as γ rises. At γ = 
0.10, GA still achieves the lowest mean emissions 
compared to the other algorithms, with 1607.50 
kg CO₂e, compared with 1616.14 kg CO₂e for 
PSO and 1625.20 kg CO₂e for SA, indicating that 
GA remains more effective in balancing distance 
reduction with payload-sensitive energy perfor-
mance. Thus, the trade-off analysis confirms the 
relevance of the proposed eco-efficient EVRP 
model. Route quality should not be assessed 
through route length only, especially in EVs for 
MSW collection where energy consumption de-
pends on both movement and payload.

Table 3. Friedman test summary for algorithm comparison under each payload-sensitivity scenario

γ Distance Energy CO2e emissions Fitness Runtime

0.00 Not significant Not significant Not significant Not significant Significant

0.05 Not significant Not significant Not significant Not significant Significant

0.10 Significant Significant Significant Significant Significant

Note: Significance was assessed at α = 0.05 using the Friedman non-parametric test over 30 independent runs.
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Spatial analysis and load evolution of 		
the best feasible solution at γ = 0.05

After the numerical comparison, the best fea-
sible GA solution at γ=0.05 scenario was further 
examined from a spatial perspective in order to 
illustrate how the proposed eco-efficient EVRP 
model is organized on the network map. This step 
was useful because it links the quantitative results 
with the spatial organization of the collection ser-
vice, showing how collection points are grouped 
and served from the depot. Figure 4 illustrates the 
corresponding routing plan produced by GA un-
der the moderate payload-sensitivity at γ=0.05.

In this solution, as presented in the figure 
below, the 12 vehicles cover all waste collection 
points. The total travelled distance is 1121.9 km, 
while energy consumption and CO₂ emissions 

reach 2113.3 kWh and 1517.37 kg CO₂e, respec-
tively. The associated fitness value is 0.902. Com-
pared with the average GA performance in Table 
2, this best run saves 50.7 km, 96.62 kWh, and 
69.35 kg CO₂e. On the map, the routes appear or-
ganized into relatively clear service zones around 
the depot, rather than being dispersed across the 
entire network: routes close to the depot mainly 
serve nearby points in compact groups, whereas 
distant points are covered by longer routes reach-
ing the periphery. This structure helps avoid un-
necessary detours and supports the low energy and 
emission values obtained by GA. Therefore, this 
spatial pattern strengthens the numerical analysis 
by showing that the proposed eco-efficient EVRP 
model can produce a feasible and operationally 
significant waste collection plans.

Figure 2. Sensitivity of energy consumption to the payload-sensitivity coefficient γ.
Mean total energy consumption obtained by GA, PSO, and SA for the three payload-sensitivity levels

γ = 0.00, 0.05, and 0.10.

Figure 3. Distance–CO2 emission trade-off across γ scenarios. Interaction between mean total distance
and mean estimated CO₂ emissions for GA, PSO, and SA across the tested γ values
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Figure 5 presents the evolution of vehicle 
load along the 12 routes obtained from the best 
feasible GA solution at γ= 0.05, presented in the 
previous figure. The dashed horizontal line repre-
sents the vehicle capacity. As expected in MSW 
collection, each route starts from the depot with 
an empty vehicle, and the load increases progres-
sively as collection points are served. 

The selected solution covers all 100 collection 
points through 12 feasible routes, with a total col-
lected load of 1810 units. As shown in Figure 5, 
no route exceeds the vehicle capacity limit. Routes 
R4, R5, and R6 reach the full capacity of 200 units, 
while R8 and R10 end close to capacity with 190 
units. Routes R3 and R9 reach 180 units, whereas 
R11 and R12 remain lighter, with 80 and 60 units, 
respectively. These lower loads are mainly associat-
ed with shorter or with service groups that are more 
spatially separated from the rest of the network.

The observed load profile shows that the de-
coder maintains route feasibility with respect to ve-
hicle capacity, while reflecting the gradual accumu-
lation of collected waste along each route. This also 
supports the logic of the payload-dependent energy 
model, where the energy required on a travelled arc 
is affected by both the arc distance and the payload 
carried by the vehicle during that movement.

Weight-sensitivity and robustness checks

In order to examine whether the main find-
ings were influenced by the selected scalariza-
tion weights, a weight-sensitivity analysis was 
performed. In the fitness function, ω1 denotes the 
weight assigned to the normalized travelled dis-
tance, whereas ω2 denotes the weight assigned 
to the normalized energy consumption. Three 
weighting configurations were considered: 
a)	balanced setting, with ω1 = 0.50 and ω2 = 0.50,
b)	distance-oriented setting, with ω1 = 0.70 and 

ω2 = 0.30,
c)	energy-oriented setting with, ω1 = 0.30 and ω2 

= 0.70. 

Across the three weighting configurations, the 
energy model, emission factor, payload-sensitivi-
ty levels, algorithmic settings, and feasibility rules 
were kept constant. The comparison indicates that 
changing the balance between distance and energy 
in the fitness function does not meaningfully affect 
the main interpretation of the results. As presented 
in Table 4, all solutions remained structurally fea-
sible, and only limited differences were observed 
in travelled distance, energy consumption, and 
estimated CO₂e emissions. These findings sug-
gest that the conclusions are not dependent on one 

Figure 4. Best GA routing solution at γ = 0.05. Spatial representation of the best eco-efficient routing solution 
obtained by GA, showing the depot, waste collection points, vehicle routes, and main performance indicators
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arbitrary weighting scheme. Instead, the results 
are more strongly influenced by the payload-sen-
sitivity coefficient γ than by the moderate varia-
tions applied to ω1 and ω2.

Computational problem-size diagnostic

In this study, a problem-size diagnostic was 
conducted to examine the behaviour of the pro-
posed EVRP framework on sub-instances of the 
same Schneider benchmark-adapted network. The 
purpose of this analysis was to examine whether 
the implemented route decoding and feasibility 
checking procedure remains consistent when the 
number of collection points changes. Two reduced 
sub-instances were considered, N25 with 25 col-
lection points and N50 with 50 collection points, 
and each case was evaluated for γ = 0.00, γ = 0.05, 
and γ = 0.10 over 30 independent runs. Table 5 
reports aggregated diagnostic mean values across 
GA, PSO, and SA after computing the 30-run 
mean for each algorithm. Therefore, the table is 
used to summarize the global effect of problem 
size and payload sensitivity, rather than to rank 

the algorithms. All tested configurations remained 
structurally feasible, confirming that the decoding 
and feasibility checking procedure operated con-
sistently across the reduced problem sizes.

The results confirm the effect of the payload  
sensitivity coefficient γ on environmental indi-
cators. For N25, energy consumption increases 
from 429.96 kWh at γ = 0.00 to 441.70 kWh at γ 
= 0.10, while estimated CO₂e emissions increase 
from 308.71 to 317.14 kg CO₂e. During the same 
interval, travelled distance slightly decreases 
from 232.41 to 229.58 km. A similar behaviour 
is observed for N50, where distance decreases 
from 457.27 to 454.13 km, whereas energy con-
sumption rises from 845.96 to 877.25 kWh and 
CO₂e emissions increase from 607.40 to 629.86 
kg CO₂e. These results reinforce the main finding 
of the study: travelled distance alone is not suffi-
cient to evaluate electric MSW collection routes. 
Even when distance remains stable or slightly de-
creases, a stronger payload-sensitivity effect in-
creases energy consumption and estimated CO₂e 
emissions. This confirms the importance of incor-
porating payload-dependent energy consumption 

Figure 5. Load evolution of the 12 selected GA routes at γ = 0.05. The dashed line indicates the vehicle capacity 
of 200 units. All routes remain feasible, and no route exceeds the payload-capacity limit

Table 4. Weight-sensitivity robustness check at γ = 0.10 over 30 independent runs
Weighting 
scenario

ω1 Distance ω2 Energy Best Algorithm Distance (km) Energy (kWh)
CO2e  emissions

(kg CO2e )
Runtime 

(s)
Distance-
oriented

0.70 0.30 GA 1164.48 2235.30 1604.95 6.38

Balanced 0.50 0.5 GA 1166.39 2238.86 1607.50 4.74

Energy-oriented 0.30 0.7 GA 1166.77 2239.57 1608.01 5.75

Note: The table reports the mean values best-performing algorithm under the strongest payload-sensitivity scenario, 
γ = 0.10. Fitness values are not directly compared across weighting schemes because the fitness definition changes 
when ω1 and ω2 are modified.
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into the EVRP evaluation. However, this analysis 
should be interpreted as a controlled problem-size 
diagnostic rather than as a general proof of large-
scale scalability.

CONCLUSIONS

This study demonstrates that the environmental 
assessment of EVRP solutions for MSW collection 
is sensitive to the representation of vehicle payload 
within the energy-consumption model. The re-
sults reveal a consistent distance–energy–emission 
trade-off, where reductions in travelled distance 
do not necessarily lead to lower energy consump-
tion or CO₂ emissions when payload effects are 
explicitly considered. This finding establishes the 
payload-sensitivity coefficient γ as a key factor in-
fluencing the environmental evaluation of routing 
solutions. Furthermore, the comparative analysis 
shows that algorithmic performance is not invari-
ant to payload-dependent energy modelling, as the 
relative performance patterns of GA, PSO, and SA 
become more clearly differentiated with increasing 
payload sensitivity. Therefore, the main contribu-
tion of this work is the demonstration that incor-
porating payload-dependent energy consumption 
provides additional discriminatory power for eval-
uating EVRP solutions and exposes environmental 
differences that remain hidden under conventional 
distance-based routing formulations.
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