International Journal of Computer Information Systems and Industrial Management Applications @
ISSN 2150-7988 Volume 17 (2025) pp. 261-276
© Cerebration Science Publishing Cerebration Science Publishing

Article

Green Capacitated Vehicle Routing
Problem under Traffic Congestion

Asma Oumachtaq *, Latifa Ouzizi and Mohammed Douimi

Mathematical Modeling and Computer Science Laboratory, Ecole Nationale Supérieure des Arts et Metiers,
B.P. 15290 El Mansour, 5000 Morocco; l.ouzizi@umi.ac.ma (L.O); m.douimi@umi.ac.ma (M.D.)
* Correspondence author: asma.oumachtag@edu.umi.ac.ma

Received date: 2 November 2024; Accepted date: 9 March 2025; Published online: 27 March 2025

Abstract: The transportation system has grown significantly and quickly in the past few years. This growth is natural
to the development of societies, producing positive externalities that support the economic growth of the regions
‘activities, but it also brings about negative externalities, particularly Traffic congestion. Congestion substantially
increases fuel consumption and carbon emissions, exacerbating environmental challenges. This paper introduces a
novel approach to model and resolve the Green Capacitated Routing Problem (GCVRP), incorporating traffic
congestion and COz emissions. Objectives are to minimize the total travelled distance and the associated carbon
emissions. This bi-objective problem is NP hard. We propose to convert it to a mono-objective one. The proposed
model transforms real distance metrics into a virtual distance adjusted to account for CO2 emissions and congestion
levels. Exact solution methods is applied for finding optimal solutions using CPLEX solver with AMPL
programming language. Using numerical experiments, the comparison between the real model and the suggested
virtual model shows that the new methodology improves computing efficiency and solution quality. These results
demonstrate how the model can help make more sustainable and efficient decisions about transportation logistics.

Keywords: capacitated vehicle routing problem (CVRP); CO: emissions; traffic congestion; virtual model; mono-
objective optimization

1. Introduction

The transport sector is an essential link in development. A source of wealth, equality, and well-being,
transport is of crucial importance for any nation. Transport is evolving to enable more people to go further,
and faster. In recent decades, the quantity, diversity, and length of passenger flows have increased.
Transportation has taken up more and more space in our quotidian. Economic growth, trade, population
growth, and the concentration of populations in large cities intensify the demand for transport services.
Of course, this growth is inherent in the development of societies, generating positive externalities
contributing to the economic development of the territories through their activities. Still, this mobility
also induces negative externalities such as noise pollution, insecurity, congestion, and increased CO;
emissions.

In this article, we will focus on the Green Capacitated Vehicle Routing Problem considering
congestion and CO, emissions. Road congestion can be defined as the condition wherein a rise in vehicle
traffic results in an overall slowdown in traffic [1,2]. Traffic congestion causes delays and bottlenecks
because the infrastructure cannot control traffic flow.

The transportation system has a considerable impact on the ecological environment. Since road
transportation contributes significantly to CO: emissions, extensive studies have been done in the last ten
years on how to create vehicle routing that is both economical and environmentally friendly. In this
context, Erdogan et al. [3] developed the green vehicle routing problem (Green-VRP), a relatively new
research area, as an extension of the traditional routing problem. Green-VRPs seek to reduce fuel use to
reduce energy consumption in fleet operations, and it is a way to apply effective routes to address
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financial indices and environmental issues while balancing the economic and environmental costs. The
Green Capacitated Vehicle Routing Problem (GCVRP) is one of the GVRP's versions and one of the
most significant transportation challenges.

The GCVRP problem is NP-hard and can only be precisely and optimally solved for small-size
situations utilizing exact approaches. Therefore, workable and good, but not always guaranteed, optimal
solutions are developed while requiring appropriate amounts of processing time using heuristic and meta-
heuristic methods. Modeling the GCVRP problem considering congestion is challenging. A range of
features have been suggested for a measure of congestion [4—6].

Several authors have studied the impact of congestion on CO; emissions [7—10], but to our knowledge,
there is no work that has proposed methodologies to integrate congestion into the GCVRP problem.

To integrate traffic congestion into the GCVRP problem, our goal is to present a new modeling
approach to the GCVRP problem, minimizing the complexity of multi-objective problems. This approach
is based on the conversion of the problem of minimizing traveled distance and CO; emissions into a
model that minimizes the total virtual traveled distance. Virtual travelled distances include the real
distances and the distances equivalents to the quantity of emissions and traffic congestion.

The structure of this document is as follows: A concise multi-objective GCVRP under traffic
congestion literature review is presented in the second section, along with suggested techniques for
estimating CO, emissions and traffic congestion. A formulation of the suggested approach is presented
in Section 3. Additionally, the fifth section will present the tests and results. Finally, a general conclusion
is presented in Section 5.

2. GCVRP under Traffic Congestion: State of The Art
2.1. The Green Capacitated Vehicle Routing Problem (GCVRP)

The GCVRP can be efficiently solved for small-scale cases, but as the problem size increases, finding
the best solution becomes more challenging. To address this, alternative approaches are used to generate
high-quality solutions within a reasonable computation time, even if they do not always guarantee
optimality. Several methods have been proposed to solve the GCVRP. Table 1 provides a thorough
summary of recent research on the Green Capacitated Vehicle Routing Problem (GCVRP), contrasting
their main goals and the different approaches taken to solve them. These studies look at a variety of
strategies meant to maximize vehicle routing considering environmental factors like lowering CO,
emissions and controlling traffic congestion. The table illustrates the variety of approaches used, ranging
from precise algorithms to heuristic and metaheuristic approaches.

Table 1. Green capacitated vehicle routing problem: brief review.

. . Resolution

Author Title Description Method
Conducted a bibliometric analysis of GCVRP
research, emphasizing important patterns such
Bibliometric review of as the growing emphasis on environmental

the Green Vehicle sustainability. Their research highlights how Review of Exact,

Li et al. [11] Routing Problem: energy .consumption and CQz emigsions must heuristic o and
Research trends, be considered when developing vehicle routing  metaheuristic
challenges, and future solutions, and they point out that metaheuristic ~methods
directions algorithms like ant colony optimization and

genetic algorithms are frequently used in this
field.

This study wuses deep learning models,

A deep learning-based including LSTM and BiLSTM, to predict CO,

approgch o predlct C.02 emissions from traffic vehicles. The model .
Alam et al. emissions in vehicle . . deep learning-
. . analyzes vehicle attributes and traffic data to
[12] routing and its . . based approach
apolication in the Green support sustainable transportation
Cpap acitated VRP management and reduce environmental
p impact.

This paper addresses the Vehicle Routing
Problem with Simultaneous Delivery and Pick-
Up (VRPSDP), where each customer requires
both delivery and pick-up services. The authors
propose a hybrid metaheuristic algorithm

A hybrid metaheuristic
algorithm  for  the

Zachariadis  vehicle routing problem Tabu Search and

et al. [13] with simultaneous . Local Search
. . combining local search and tabu search
delivery and pick-up . . . .
service techniques to optimize vehicle routes, aiming

to reduce transportation costs and improve
service efficiency
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A mathematical model
of routing problem for

This study addresses a Green Heterogeneous

hazardous  biomedical and Stochastic Capacitated Vehicle Routing using a particle
Heydari et waste: A multi- Problem, incorporating risks and swarm
al. [14] objec t.ive particle environmental hazards, and proposes a multi- optimization
swarm optimization objective partic}e swarm  optimization (PSO) algorithm
solution approach approach to solve it
Proposes a mathematical model to address the
Capacitated Green Vehicle Routing Problem
éapaci t;\t/g()ldel Gref:; (GCVRP). This model integrat§s time-yarying
Vehicle Routing vehlgle .speeds and spft time windows, NSGA-II (Ngn-
Xuetal [15] Problem with Time- con51.d.er1ng the dynamlc' nature: of traffic domlgated Somng
Varying Vehicle Speed condl_tlons gn(_i customer time flexibility. The Genetic Algorithm
and Soft Time goal is to minimize the tf)tgl _fuel consumption II
Windows and emissions, while optimizing vehicle routes
and satisfying customer demand within the
given time windows
Ig/ll;;(:éltivinteger M(l}lg;i The Green Capacitated VRP (GCVRP) while Mixed Integer
Shuib et Programming  Model rejducing total fuel consumption, . tqtal Goal Programming
al. [16] For Green Capacitated dlst.an.ce traveled, and tot.al .carbon dlox@e (MIGP) .based ona
Vehicle Routing emissions, The MATLAB intlinprog solver is  preemptive GP
Problem used to resolve the suggested model strategy
Dynamic
Soysal et A heuristic apprqach the GCVRP pr(.)bllem that inporporates Fhe Programming-
al. [17] for green  vehicle concepts of restriction, simulation, and online  based strategy/ the
’ routing control of parameters k-nearest neighbor

(kKNN) algorithm

El Bouzekri
et al. [18]

A genetic algorithm for
optimizing the amount

of emissions of
greenhouse gaz for
capacitated green
vehicle routing
problem in  green
transportation

El Bouzekri
et al. [19]

A hybrid ant colony
system for green for
capacitated green
vehicle routing problem
in sustainable transport

El Bouzekri

A hybrid Metaheuristic
to minimize the carbon
dioxide emissions and

Elbouzekri et al. (2013,2014,2016)

Integrated CO: emissions into the CVRP
model, with the main goal being to reduce
greenhouse gas emissions, particularly carbon
dioxide (CO2), utilizing a recognized set of
benchmarks to show the model's efficacy

genetic algorithm
simulated Hybrid

hybrid ant colony
system

Metaheuristic
based on an ant

et al. [20] the total distance for colony svstem
the vehicle routing ¥ sy
problem
. showed the difficulty of estimating CO2
Solving  the green o .
- . . emissions which depend on several factors
Ubeda et capacitated vehicle " tabu search
. . such as speed, weather conditions, load, and .
al. [21] routing problem using algorithm

a tabu search algorithm

distance, then adopted a methodology to
calculate them based on approximations

Urban surroundings and the quality of life are negatively impacted by the rapid growth of urban
transportation demand. Over the last few decades, greenhouse gas emissions, such as carbon dioxide,
have considerably increased. Transportation is a major source of emissions throughout all spheres of

society.

While the Green Capacitated Vehicle Routing Problem (GCVRP) has received significant attention
in recent years, focusing on optimizing emissions and distance, it remains primarily concerned with static
road conditions. However, in real-world scenarios, traffic congestion plays a crucial role in shaping
vehicle routing decisions. The effects of congestion—such as increased travel times, fuel consumption,
and CO; emissions are often overlooked in traditional GCVRP models. As urban transportation systems
continue to expand and face greater congestion, it becomes essential to incorporate these dynamic factors
into vehicle routing models. The next section discusses the integration of traffic congestion into vehicle
routing problems, exploring recent advancements in this area and highlighting the need for combining
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congestion with environmental objectives.

2.2. Integrating Traffic Congestion and Vehicle Routing Problems

Traffic congestion is a major transportation problem and one of the primary drivers of the decline in
urban air quality. poor traffic flow control and the massive growth of private transportation options.
Increased car ownership and related infrastructure, the growth of ridesharing and delivery services, and
a dense population all make driving more challenging and add to the ongoing global issue of traffic
congestion [22], which raises vehicle emissions during peak hours of the day.

Researchers have addressed congestion in several ways. Most often, the word "congestion" refers to
traffic flow when demand for travel exceeds existing road capacity. According to the delay-travel time
perspective, congestion occurs when a significant number of cars obstructs the normal flow of traffic,
resulting in longer travel times [23], as stated by Aftabuzzaman et al. [5]. Most urban places exhibit
congestion for a variety of reasons. Congestion can be categorized as recurrent or nonrepeating based on
these numerous factors. The overabundance of traffic during peak hours is the primary cause of frequent
congestion [24]. Conversely, non-regular congestion is caused by irregular events, such as construction
zones, weather, accidents, and special events [25,26].Time-varying traffic congestion is the main
emphasis of Pereira et al.'s review of the heterogeneous green vehicle routing and scheduling challenge.
They give a cutting-edge summary of the approaches employed in the field and draw attention to the
difficulties in incorporating environmental and traffic elements into the vehicle routing problem.
Additionally, their analysis highlights important research gaps and makes recommendations for future
directions in the integration of these two intricate components in green vehicle routing [27].

Traffic congestion has recently had a negative impact on the environment, the economy, and society
[7,28]. The urban transportation system is impacted by congestion, which results in significant delays
and costs, particularly in densely populated area, authors in [4,29] summarizes the most innovative traffic
congestion-reduction techniques now on the market, assesses their feasibility and differences with regard
to traffic condition monitoring, and balances the benefits and drawbacks of each technique. For a range
of vehicle trajectories, the average vehicle speed has a significant effect on CO, emissions, according to
studies by Barth and colleagues [9,10]. In general, CO, emissions can be significantly impacted by even
little variations in traffic speed. It is generally known that CO, emissions and gasoline consumption rise
in tandem with the severity of traffic congestion. Driving style has a big influence on CO; emissions and
fuel usage. Traveling at a steady-state pace will result in significantly reduced emissions and fuel
consumption than a stop-and-go driving pattern, as highlighted by several "eco-driving" systems. Lower
CO; emissions can be achieved by reducing stop-and-go driving, which is common in crowded areas. As
part of their investigation into how traffic congestion affects CO, emissions, the fleet mix's projected
CO, emissions are depicted as a function of average operating speed. Every time traffic congestion
reduces the average vehicle speed to less than 45 mph (for a motorway scenario), there is generally a
negative net effect on CO, emissions. The amount of time spent driving increases CO, emissions.
Therefore, in this instance, lessening traffic will also result in fewer CO, emissions.

The time-dependent vehicle routing issue with time windows (TDVRPTW) is examined by Liu et al.
[30]. A number of factors are considered, including capacity, journey time, time-dependent vehicle
speeds, and others. The objective is to lower the overall fixed costs of the vehicles as well as the expenses
related to the drivers, fuel consumption, and carbon emissions. A congestion avoidance method is
proposed to prevent traffic congestion during peak hours and during specific times of the day. The issue
is then resolved using an enhanced ant colony algorithm with a congestion avoidance method
(IACACAA).

In order to address the issue of ineffective vehicle routing brought on by traffic congestion, Ng et al.
[31] proposed multiple colonies of an artificial bee colony algorithm based on a developed re-routing
strategy to solve the online vehicle routing problem, which is a development of the capacitated vehicle
routing problem.

Xiao et al. [32] proposed a combined partial MIP optimization algorithm and an iterative
neighborhood search algorithm (P-MIP-INS) based on the concepts of variable neighborhood search in
order to solve a complex Mixed Integer Linear Programming (MILP) model and construct GVRP for a
heterogeneous group of vehicles operating in time-varying traffic conditions with multiple intervals and
time windows determined by customer requirements or vehicle availability. This article attempts to
integrate the TDVRP and GVRP into a time-dependent green vehicle routing problem (TDGVRP) in
order to design a time-varying vehicle planning alternative with the aim of lowering carbon emissions
from vehicles that have a positive linear relationship with vehicle fuel consumption. Using green traffic
situations like congestion, Luo et al. [33] investigate dynamic green vehicle routing for perishable
products. By taking traffic dynamics into account during the routing process, their study presents an
optimization framework that lowers carbon emissions and operating costs. This strategy tackles the
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problems caused by transportation congestion while enhancing the sustainability of urban logistics.

2.3. Estimating CO: Emissions and Congestion: State of the Art

2.3.1. Estimating the CO2 Emissions Factor

The literature has put forth several techniques for calculating CO, emissions in vehicle routing, each
with unique benefits based on the model's complexity and data availability.

Fuel-Based Techniques: According to Palmer in [34] and Sheu et al. [35], fuel-based approaches
compute emissions by multiplying fuel consumption by the CO, emission factor unique to each kind of
fuel. When comprehensive information on car characteristics and fuel usage is available, these techniques
are quite accurate. They do, however, need a lot of input data, including driving circumstances, fuel type,
and vehicle-specific fuel efficiency. This approach is not feasible in our situation, as such detailed data
is not available.

Models of Analytical Emissions: Analytical emissions models (EM) were introduced by authors such
as Paulo Roberto et al. [36] and Hickman et al. [37,38]. These models connect emissions to many
elements such road slopes, vehicle speed, and travel distance. Because they take dynamic elements like
speed fluctuations into account, these models—which are frequently nonlinear—offer excellent precision.
They are computationally demanding, though, and necessitate accurate input data—Tlike real-time speed
and gradient information, which is outside the purview of this investigation.

Distance-Based Approaches: Distance-based approaches, such as those put out by Palmer in [34] and
Ubeda et al. [38], calculate emissions in relation to vehicle load and travel distance. These techniques are
appropriate for situations with restricted data availability because they strike a balance between accuracy
and simplicity. Specifically, Ubeda method offers a useful framework for predicting CO, emissions
without the need for fuel-specific data by using emission factors (€) adjusted to load and distance.
According to Soysal et al. [17] vehicle speed was the main factor in determining fuel consumption and
CO, emissions. A nonlinear function of speed determines the overall production of transportation
emissions (E) (g/km).

According to Palmer [34] and Ubeda et al. [38] the emissions matrix can be used to demonstrate the
linearization of flow and emissions for the arc ij as fellow:

Min Y7o, Yoy YRes ez (@ # J) (D

The authors considered that each vehicle's overall CO, emissions are influenced by its trip distance
and an emission factor (€) calculated in Table 2. Because of this, it is important to account for route
planning while calculating the environmental matrix, which must also consider the load transported
between each pair of nodes (qv;;) and the distance matrix

ei]- = dl] X E(qvij) Vl,] [S [1, ...... Tl] (2)

They stated that utilizing this method to estimate the environmental matrix prior to route design is
not viable since the information about the iterator and the nodes to be visited is only available after the
optimization. The environmental matrix in this scenario can be estimated by figuring out the emission
factor (€) between each pair of nodes using the initial demand for each node (qi) and the distance between
each pair of nodes (dij) as shown in equation (3).

eij = dij X E(q]) Vl,] € [1, ...... Tl] (3)

Table 2. Estimation of CO; emissions Factor.

State of the Vehicle Weightladen (%) Consumlz)ltrg)n (/100 FFz?ciLS?Egvggf/?) Errlgzsg)gzl;“licrfor
Empty 0 29.6 0.773
Lowloaded 25 32.0 0.831
Halfloaded 50 34.4 X2.61 0.9
High loaded 75 36.7 0.958
Full load 100 39.0 1.018

Fuel-based methods are particularly valuable for achieving high precision when the fuel type is well
defined, making them ideal for specific applications. However, they require detailed fuel consumption
data, which may not always be readily available or accurate. Analytical models, on the other hand, offer
the advantage of incorporating dynamic factors such as vehicle speed, providing a more realistic
representation of the routing scenario. Despite their benefits, these models are computationally intensive
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and rely heavily on large datasets, which may limit their applicability in data-scarce situations. Distance-
based methods are widely used due to their scalability and practicality, especially when data is limited.
While they offer a more straightforward approach, they tend to have moderate accuracy and often depend
on simplifying assumptions, such as constant travel speeds, which may not hold true in all real-world
contexts.

Among these approaches, Palmer's distance-based method provides a useful and generally recognized
framework for situations in which vehicle performance data (such as engine characteristics or fuel
efficiency) is not available.This method provides a solid theoretical basis for incorporating emissions
into distance-based routing algorithms. Adapting to Situations with Limited Data.

2.3.2. Estimation of Congestion Index

Several methods have been proposed in the literature to model and estimate traffic congestion. Below
are some proposed works:

Time-Dependent Congestion Models: Luo et al. [39] created a time-dependent green vehicle routing
problem (TDGVRP)that considers congestion as a dynamic factor that changes over a number of time
intervals. Real-time traffic data was used to model congestion, which was then included in an
optimization framework. in the same context Liu et al.[40] tackle the Time-Dependent Green Vehicle
Routing Problem with Time Windows (TD-GVRP-TW), aiming to optimize vehicle routes in urban
logistics while considering traffic congestion and service time windows. They propose a Branch-Cut-
and-Price (BCP) algorithm to solve this complex problem, integrating environmental concerns like CO2
emissions. The algorithm demonstrates efficiency and high-quality solutions for large-scale problems,
offering significant improvements for sustainable transportation planning.

Congestion Models Based on Speed: Soysal et al. [41] used a nonlinear relationship between speed
and emissions to link congestion to vehicle speed. Higher pollutants and traffic were linked to slower
speeds.

Simulation-Based Approaches: To dynamically avoid congested roadways, Luo et al. [42] suggested
a simulation-based rerouting technique. Their approach uses predictive algorithms and real-time data to
modify routes.

Empirical Research: in an empirical investigation of urban congestion patterns, Aftabuzzaman used
historical data to pinpoint recurrent hotspots for congestion [43].

While significant progress has been made in optimizing vehicle routing with environmental
considerations, most existing methods focus on either reducing CO, emissions or minimizing travel
distance, often neglecting the influence of traffic congestion. Despite its critical role in urban logistics,
congestion is rarely incorporated into routing models in a way that fully captures its impact on
sustainability and operational efficiency.

To address this gap, our approach introduces a more comprehensive method that simultaneously
accounts for emissions and traffic congestion within the routing process.Given the complexity of real-
world traffic dynamics and the limited availability of relevant datasets, our work initially focuses on
developing a solid theoretical foundation. The proposed framework is validated through small-scale
experiments to assess its feasibility and effectiveness before scaling to scenarios that are more complex.

To the best of our knowledge, not much study has been done on how to include congestion in the
vehicle routing (VRP) and GVRP difficulties. Although GVRP and traffic congestion have been the
subject of several studies, few of them combine the two. We have not found any studies that optimize
the total distance traveled and CO, emissions while accounting for congestion, specifically for the green-
capacitated VRP wvariation. The following sections outline the methodology for integrating CO;
emissions and congestion into the distance metric, forming the basis of our proposed solution.

3. Proposed Approach to Model the GCVRP under Traffic Congestion

3.1. Description

Our approach to solve the problem GCVRP is carried out in two steps. The first step is to define an
initial model, M1, which minimizes only the total distance traveled, without considering CO, emissions
or traffic congestion. This model is optimized to determine the optimal route based solely on real distance.

Once this route is obtained, we use known data on CO» emissions and congestion between customers
to calculate their impact retrospectively on this itinerary.

In the second step, we develop another model M2, which takes a novel approach by minimizing not
the real distance, but a "virtual distance" that implicitly integrates the effects of congestion and CO,
emissions.

Finally, a comparison between M1 and M2 is conducted to evaluate the performance of this approach
and demonstrate the benefits of incorporating environmental and traffic factors into route optimization.
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3.2. Adopted Technique to Estimate CO: Emissions in Distance

As already mentioned, since vehicle-specific data is not available, our study estimates CO, emissions
using a random matrix. This approach is commonly used in literature as a first step to validate
optimization models when accurate or large datasets are not available, we assign values within a
predetermined range [0,1] to represent various levels of emissions indices projected based on a variety
of possible circumstances, as shown below:

0 512D12 513D13 517’1D17’l

821051 0 823D53 -+ 83 Dan

EmlSSlOl’l MatI’IX = 631D31 632D32 0 o 63nD3n
Snanl (SnZDnZ 6n3Dn3 0

8;j: emission index associated to road ij with §;; € [0,1]

Using a random matrix to overcome data restrictions is a short-term, practical method that enables
model validation and proof of concept. This method lays the foundation for incorporating more precise
data as it becomes available and shows the adaptability required to address real-world issues. Although
our method is simpler, it nevertheless improves on popular distance-based techniques such as Palmer's
and Ubeda et al. The workable solution of employing a random emissions matrix for preliminary
validation is justified under data constraints. Our method enables easy proof-of-concept testing, unlike
analytical or fuel-based models that need substantial volumes of inaccessible input data.

3.3. Congestion Estimation in Distance

Several congestion measures have been developed to quantify the congestion level considering
different criteria.

Allie et al. [44] proposed six measures to calculate the congestion index which are presented in Table
3.

Table 3. Proposed measures for congestion index.

Measure Description
delay/km minutes of a road segment's delay divided by the distance
traveled on the segment
congestion/km the number of minutes of traffic on a road segment
divided by the distance traveled on the segment
time/km the number of minutes spent on a segment divided by the distance traveled on that segment
Congestion percent of the time beneath cruising speed
index
congestion percentage of segment length beneath cruising speed
index in km

If we take the example of the first measure proposed by [44] which is delay/km assuming, according
to the author, at every second on a road section, we know the congestion level (FF) and the actual speed
or speed. When the concrete speed is lower than the congestion rate, we can estimate the delay in seconds
using [1 — s/FF]. For example, if the cruising speed is 40 km/h and the current speed is 20 km/h then the
delay associated with this observation second is half a second.

The length of each road segment is different. The metric is therefore adjusted to reflect the total
distance traveled by all users in partition (D). The measurement must be changed to reflect the percentage
of length traveled on the ramp because entering or exiting the segment is always possible.

We presume that a road segment is observed for n seconds. The total number of minutes of delay per
kilometer is calculated using the formula:

Delay/KM = (ZIL,(1 - =) 720 @)
ki is the percentage of a road segment's distance traveled relative to observation i, and 8i an indicator
of whether the speed is below the FF congestion level, or 0 otherwise.

Our aim objective is to calculate the virtual distances considering the traffic congestion, for this we
convert the retard /km generating by congestion to a travelled distance. To do this, the total delay
generated over the distance D is multiplied by the speed limit FF. An explanatory diagram is shown in
Figure 1.

This method uses the following formula to determine the virtual distances:
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Dv:Dr+Dd:D+d1+d2+d3 (5)

D,: virtual distance
D,: real distance
Dy: distance associated to congestion delay

D

-
-

-
»

“ —TlN —TZN—-’
FFl FFl

3
FF l

dl dz dg
< [ | [ ] >

D+d +dy+d,

Figure 1. Distance proportional to Traffic congestion delay.

By transforming traffic-induced delays into equal trip distances, this method offers a more accurate
way to calculate congestion indices. Even though this method necessitates comprehensive traffic data,
which is not yet available, its theoretical foundation guarantees that the model can smoothly incorporate
real-world data when it becomes available.

Due to the lack of easily accessible real-time traffic and vehicle-specific data as a preliminary test of
the proposed approach, we estimated the congestion index between n cities. As shown in the matrix
below, we accomplished this by assigning a congestion value to every road according to the state of
traffic congestion; in our instance, we used the congestion index as a function of the distance between
cities.

0 12015, ay3D13 . @ipDig

31D 0 @z3Dy3 0 azpDoy

Congestion Matrix = | a31D3; a3;D3; 0 o azpDay
ananl ananZ an3Dn3 0

«;; is a congestion coef ficient associated to road ij with «;;€ [0,1]

o;;= 0 if there is no congestion
«;;= 1 if the road is extremely congested.
D;j: The real distance between the customer i and j.

The proposed method aims to assess congestion in the absence of detailed traffic data. By adding a
congestion coefficient aij to the distance calculation, it accounts for the overall impact of congestion on
routing. It provides a practical means of initially validating the optimization framework, despite its lack
of accuracy in comparison to speed-based or time-dependent models. When more comprehensive data
becomes available, the strategy can be extended to incorporate dynamic congestion patterns, real-time
traffic statistics, and more sophisticated prediction techniques.

3.4. Total Virtual Distance Calculation

As was already noted, the impacts of CO, emissions and traffic congestion are taken into
consideration when calculating the virtual distance as a function of the real distance.
Virtual distances are calculated using this formula:
Diiv = Dl] + 6’-1DU +0Cl] D’-] 6
While
Dyj,,: Virtual distance
D;;: Real distance
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«;;,6;j: Congestion and CO, emissions indexes
Using this formula, we can generate the virtual distances matrix as presented below:

0 B12D12 B13Dis . BinDin

B21D21 0 B23D23 -+ BanDan

Virtual distances Matrix = | f5:D31; [32D35 0 o PanDsn
ﬁnanl ﬁnZDnZ ﬁn3Dn3 0

With:

This is the first attempt, as far as we know, to model GCVRP by redefining inter-city distances as
"virtual distances" that incorporate traffic congestion and CO, emissions. This strategy is a major
advancement in environmentally friendly and effective vehicle routing.

3.5. Mathematical Model

An introductory example of the route adjustment employed in our case using both actual and virtual
models is shown in Figure 2. Assume that when the six customers (A, B, C, D, E, and F) depart and
return to the same depot, two cars must serve them. Just the separations of the arcs (AB, AC, DE, EF,
BO, CO, and FO, DO) are shown on the graph, the matrix of distances between all other customers
follows the same logic. Real distances (di) between customers are shown by solid lines, while virtual
distances (d,;), which are proportionate to the number of CO, emissions along the arc ij, are shown by
dashed lines while virtual distances (d.;) proportionate to traffic congestion along the arc ij, are shown
by dashDot ones. As a result, the original routes will now change as we plan new routes based on the
updated distance information. In this scenario, the overall distance of our model, for instance, between
clients A and B, will be as follows:

dyp=di+ dey +dgy

@ Customer
O Depot

—» Recal route
——J Virtual route segment proportional to CO; emissions

== Virtual route segment proportional to traffic congestion

Figure 2. graphical example of Real and virtual models (M1& M2).

Our model can be presented as follows:

A complete weighted digraph G = (V, E), where V = {0, 1... n} while node 0 representing the depot
and other nodes from 1 to n representing the number of clients, the fleet of vehicles is denoted by K =
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{1,2... m}.

To present the entire linear programming model for VRP, the following variables are introduced:

Q: capacity of vehicle

dij: distance between nodes i and j.

qi: the demand of node i, where node i represents a single customer

The decision variables are:

Zikj Is a binary variable equal to 1 if the vehicle k visit customer j after customer i

Zik]-: 1: the vehicle k has crossed the road ij

zl-kj = 0: otherwise

Objective function:

Our problem considers two different objectives, the first one is to minimize the total traveled distance
and the second is minimizing the level of vehicle emissions.

The total traveled distance by all vehicles can be expressed by:

2, ™

keK (i,))EE
While
d;j = dij, + d;je + d;jc
d;j,: Real distance between customer i and j
d;j.: Distance proportional to CO; emissions between customer i and
dj.: Distance proportional to traffic congestion between customers i and j

> A =1vjev\) ®)

Constraints:

kEK i€V i#j
JEV\(0}
z{;—zz}g:ov]‘ EV,VkeK (10)
i€V i#j iev

q;zf; <Q Vk €K (11)
i€V jev\{0},i#j

zf; <|S| =15V \{0} (12)
keK (i,j)€S,i#j

zk €{0,1} Vk € K,V(i,)) €E (13)

The Objective function (7) minimizes the total virtual traveled distance of all vehicles,

Constraint (8) means “only one visit per vehicle and per customer location” and constraint (9) means
“departure from stock”, for constraint (10) the number of vehicles entering and leaving a customer's
location are the same, (11) notices the capacity of each vehicle must not exceed the maximum capacity,
binding (12) prohibits creating side tours. Finally, integrity constraints related to the decision variables
are included (13)

Computational experiments are used to compare M1 with M2 in order to assess the impact and
feasibility of the suggested strategy. The efficiency of M2 in striking a balance between reducing travel
distance and attending to traffic and environmental issues is evaluated against M1.

4. Computational Results

4.1. Presentation of Data and Results

To assess the viability of our approach and demonstrate the impact of implicitly accounting for traffic
congestion and CO, emissions in the travel distance on a set of randomly created instances with 10 to 30
requests, we evaluated the performance of the M1 and M2 models. The fleet of vehicles is infinite and
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homogeneous, with a capacity of 25000 kg per vehicle, and it consists of the depot point (0, 0) and a set
of client spots, whose coordinates are chosen at random from the region [0 Km, 100 Km].

The service time for consumers is set at 15 minutes, and their demand falls within the range [500 Kg,
2500 Kg].

Python is used to code models M1 and M2, and CPLEX 20.1.0 is used to solve the problems, with a
15-second execution time constraint. Using a computer with a 2.40GHz core i5 processor and 4Go of
RAM.

The analysis's data set includes matrices that were produced automatically by a Python application.
The values in the emission index matrix, which are chosen at random from 0 to 1, represent the different
amounts of CO, emissions connected to each route. In a similar manner, varying degrees of traffic
congestion are represented by the congestion index matrix, which is likewise constructed using random
values between 0 and 1.

As a result, the program generates three outputs: execution time, suitable route, and the optimal
distance. To compare the two models using the program's ideal plan, we compute the other three outputs,
which are the quantity of emissions, the congestion, and the total working time corresponding to each
event.

With N being the number of clients and columns D, E, C, and T representing the total distance traveled,
CO; emission, traffic congestion, and total trip time for models M1 and M2, respectively, Tables 4 and
5 display the best results for nine different scenarios with 10 to 30 requests.

Table 4. Results obtained for M1 Model.

M1
N

D1 E1 T1 C1
10 365.562 494.312 29134312 50.635
13 375.630 539.129 31775.804 67.348
15 394.212 657.106 38729.238 83.289
18 430.853 692.946 39947.743 98.356
20 466.677 709.049 41790.760 130.25
23 484.554 716.439 42226.267 158.68
25 492.853 769.111 45330.733 167.29
28 525.854 834.807 49202.786 186.28
30 685.114 1033.028 60885.773 204.36

Table 5. Results obtained for M2 Model.

M2
N

D2 E2 T2 C2
10 380.153 420.115 26798.781  41.356
13 398.756 510.325 28679.764  59.364
15 425.116 598.859 33168.118  80.364
18 445.759 611.243 34980.268  85.346
20 486.571 681.112 41857.166 110.34
23 498.235 702.024 42004.258 122.37
25 522.689 754.736 43786.063 156.32
28 570.448 798.235 46987.284 170.02
30 700.025 930.238 61001.097 193.62

The ideal solutions for the two models, M1 and M2, for instance N=15, are shown in Figures 3 and

For M1

vehiclel: 0282112102152 1329212 0

Vehicle2: 0212293262 1424>5>2720

For M2

Vehiclel: 02128211210 1521329>0

Vehicle2: 09223262 14252427>1290

Figures 5-8 provide a graphical representation of the obtained results, illustrating the performance of
the proposed models across various metrics. These visualizations enable a clear comparison of key
indicators such as distance, CO, emissions, traffic congestion, and total travel time, highlighting the
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differences between the models and the impact of the proposed approach he graphical format aids in
understanding the trends and T relationships within the data, offering valuable insights into the
effectiveness of the methodology.

q2=355

M1
N=15 q3=2328

q6=1263

g14=1093

g4-1716

q15=2153

a7=2328 q3-1533

51059
132153

Figure 3. An illustration of the M1 model's solutions for the situation of N = 15.

M2
N=15

92365

q14-1083

qI0=2247

g15=2153

q7=2328

g5-1059
q13-2153

Figure 4. An illustration of the M2 model's solutions for the situation of N = 15.
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Figure 5. Results obtained for distance (M1 and M2).
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Emissions(M1 vs M2)
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Figure 6. Results obtained for Emissions (M1 and M2).
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Figure 7. Results obtained for Time (M1 and M2).
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Figure 8. Results obtained for Congestion (M1 and M2).

4.2. Discussion and Future Work

The models M1 and M2 are compared on nine examples in Figures 7 through 10. The results show
that the distances calculated using the M2 model are systematically higher than those calculated using
the M1 model. This is expected as the model M2 incorporates additional parameters and constraints.

However, the improved performance of the M2 model in other areas deserves special attention.
Specifically, there are notable decreases in CO, emissions and traffic congestion when switching from
model M1 to model M2. These improvements demonstrate the effectiveness of the suggested approach,
which directly incorporates emissions and traffic into the distance measurement. This integration shows
that the methodology is feasible and has the potential to produce environmentally friendly, optimized
solutions.

In terms of travel time, there is a decrease in seven cases and an increase in two others. This
phenomenon makes sense because travel time depends on both the distance traveled and delays caused
by traffic.

Even if the present outcomes are encouraging, more work is required to confirm and broaden the
application of the suggested strategy. To demonstrate scalability and resilience, future work will
concentrate on assessing the models using larger and more intricate instances. To improve the model's
realism, other characteristics will be incorporated, such as vehicle type, fuel efficiency, and time windows.
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Lastly, to guarantee the methodology's practical application and to offer insights that are more pertinent
to real-world situations, the utilization of real-world data will be given priority. These developments will
increase the approach's potential applications and reinforce its validation.

5. Conclusion

This paper has introduced a novel method for modeling GCVRP. The suggested model is mono-
objective and minimizes the total virtual traveled distance, considering the quantity of CO, emissions
and the traffic congestion index. The methodology used to calculate CO, emissions and traffic conditions
in terms of distance is presented in the article. The proposed approach presents also a transition from a
GCVRP multi-objective that minimizes three objectives, distance, CO, emissions and congestion to a
GCVRP mono-objective that minimizes only one objective, the virtual traveled distance integrating
implicitly emissions and congestion. The M2 model's successful outcomes support the viability and
applicability of the methods suggested in this work. To have better visibility, the introduced model needs
to be improved, along with validation on huge instances, which will be covered in subsequent efforts.

Author Contributions

Conceptualization, Asma Oumachtaq and Latifa Ouzizi; methodology, Asma Oumachtaq; software, Asma
Oumachtaq; validation, Asma Oumachtaq, Latifa Ouzizi and Mohammed Douimi; formal analysis, Asma
Oumachtaq; investigation, Asma Oumachtaq; resources, Asma Oumachtaq; data curation, Asma Oumachtaq;
writing-original draft preparation, Asma Oumachtaq; writing-review and editing, Asma Oumachtaq, Latifa Ouzizi
and Mohammed Douimi; visualization, Asma Oumachtaq; supervision, Latifa Ouzizi and Mohammed Douimi;
project administration, Latifa Ouzizi. All authors have read and agreed to the published version of the manuscript.

Funding
This research received no external funding.

Conflict of Interest Statement
The authors declare no conflicts of interest.

Data Availability Statement
No new data were created or analyzed in this study. Data sharing is not applicable to this article

References

1.  S. Gulia, S.S. Nagendra, M. Khare, I. Khanna. Urban air quality management: a review. Atmos Pollut. Res.
pp- 286-304, 2015. DOI : 10.5094/APR.2015.033

2. M. Grote, 1. Williams, J. Preston, S. Kemp. Including congestion efects in urban road trafc CO2 emissions
modelling: Do government authorities have the right options? Transp. Res. Part D Transp. Environ., pp. 95—
106,2016. DOI : 10.1016/j.trd.2015.12.010

3. E. Sevgi, M.H. Elis. A Green Vehicle Routing Problem. Transportation Research Part E: Logistics and
Transportation Review, pp. 100-114, 2012. DOI : 10.1016/j.tre.2011.08.001

4. T. Afrin and N. Yodo. A Survey of Road Traffic Congestion Measures towards a Sustainable and Resilient
Transportation System. Sustainability, 2020. DOI : 10.3390/su12114660

5. M. Aftabuzzaman. Measuring traffic congestion—A critical review. In Proceedings of the 30th Australasian
Transport Research Forum(ATRF), Melbourne, Australia, pp. 25-27, 2007.

6.  AM. Rao, K.R. Rao. Measuring urban traffic congestion—A review. Int. J. Traffic Trans. Eng., 2, 4, 2012.

7. J. Wang, L. Chi, X. Hu, H. Zhou. Urban traffic congestion pricing model with the consideration of carbon
emissions cost. Sustainability, pp. 676—691, 2014. DOI : 10.7708/ijtte.2012.2(4).01

8. A. Choudhary, S. Gokhale. Evaluation of emission reduction benefits of traffic flow management and
technology upgrade in a congested urban traffic corridor. Clean Technologie. Environ. Policy, pp. 257-273,
2019. DOI : 10.1007/s10098-018-1634-z

9. M. Barth, K. Boriboonsomsin. Real-World CO: Impacts of Traffic Congestion. UC Berkeley Earlier Faculty
Research, 2008. DOI : 10.3141/2058-20

10. M. Barth, K. Boriboonsomsin. Traffic Congestion and Greenhouse Gases. UC Berkeley Earlier Faculty
Research, 2009.

11. B.Li, G. Wu, Y. He, M. Fan,W. Pedrycz. Evolution of Green Vehicle Routing Problem: A Bibliometric and
Visualized Review. Sustainability, 2023,16149.DOI: 10.3390/su152316149

12. G.M. L. Alam, S. A. Tanim, S. K. Sarker, Y. Watanobe, R. Islam, M.F. Mridha, K. Nur. Predicting CO-
Emissions from Traffic Vehicles for Sustainable and Smart Environment Using a Deep LearningModel.
Sustainability,2023,7615.DOI: 10.3390/su15097615

13.  E.E. Zachariadis, C.D. Tarantilis, C.T. Kiranoudis. A hybrid metaheuristic algorithm for the vehicle routing
problem with simultaneous delivery and pick-up service. Expert Systems with Applications,,pp.1070—
1081,2009. DOI: 10.1016/j.eswa.2007.11.005

274



14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

M. Heydari, H. Torabi, M. Jahromi. A mathematical model of routing problem for hazardous biomedical waste:
A multi-objective particle swarm optimization solution approach. Journal of Multidisciplinary Academic and
Practice Studies, pp. 339—351,2023.DOI : https://doi.org/10.35912/jomaps.v1i4.1794

Z. Xu, A. Elomri, S. Pokharel, F. Mutlu. A model for capacitated green vehicle routing problem with time-
varying vehicle speed and soft time windows. Computers & Industrial Engineering, 137, 106011,2019.DOI:
10.1016/j.cie.2019.106011

A. Shuib, N.A. Muhamad. Mixed Integer Multi-Objective Goal Programming Model For Green Capacitated
Vehicle Routing Problem.Advances in Transportation and Logistics Research, pp. 356-368, 2018. DOI:
https://doi.org/10.25292/atlr.v1il.44

M. Soysal, C. Mustafa, C. imen.” A heuridtic approach for green vehicle routing”. RAIRO Operations Research,
pp. 2543-2560, 2021. DOI:10.1051/r0/2020109

E.L. Bouzekri, A. El Hilali,Y. Benadada. A Genetic Algorithm for Optimizing the Amount of Emissions of
Greenhouse GAZ for Capacitated Vehicle Routing Problem in Green Transportation. International Journal of
Soft Computing, pp. 406-415, 2013. DOI:10.3923/ijscomp.2013.406-415

El Bouzekri, E. Messaoud, A. ElHilali. A Hybrid Metaheuristic to Minimize the Carbon Dioxide Emissions
and the Total Distance for the Vehicle Routing Problem”. International Journal of Soft Computing, 11(6), pp.
409-417, 2016. DOI:10.3923/ijscomp.2016.409.417

El Bouzekri, E. Messaoud, A. El Hilali. A hybrid ant colony system for green capacitated vehicle routing
problem in sustainable transport. Journal of Theoretical and Applied Information Technology, 54(2), pp. 198—
208, 2014.

S. Ubeda, F.J. Arcelus, J. Faulin. Solving the green capacitated vehicle routing problem using a tabu search
algorithm. In Proceedings of the 6th International Conference on Applied Operational Research, pp. 141-149,
2014.

T. Reed, Kidd. J. Global Traffic Scorecard. INRIX Research: Altrincham, UK, 2020. URL:
https://inrix.com/scorecard/.

Systematics. Traffic Congestion and Reliability: Trends and Advanced Strategies for Congestion Mitigation.
Cambridge Systematics Inc.: Cambridge, MA, USA, 2005. https://ops.thwa.dot.gov/congestion_report/.
FHWA. Operations—Reducing Recurring Congestion.URL: https://ops.thwa.dot.gov/program_areas/reduce-
recur-cong.htm.

J.C. Falcocchio, H.S. Levinson. Managing nonrecurring congestion. In Road Traffic Congestion: A Concise
Guide,Springer: Berlin/Heidelberg, Germany, pp. 197-211, 2015.DOI:10.1007/978-3-319-15165-6_15

D.J. Fonseca, G.P. Moynihan, H. Fernandes. The role of nonrecurring congestion in massive hurricane
evacuation events. In Recent Hurricane Research—Climate, Dynamics, and Societal Impacts. InTech: London,
UK, pp. 441-458,2011. DOI: 10.5772/14150

Y. Xiao, A. Konak. The heterogeneous green vehicle routing and scheduling problem with time-varying traffic
congestion. Transportation Research Part E: Logistics and Transportation Review, pp.146-166,2016. DOI:
10.1016/j.tre.2016.01.011.

C. Tonne, S. Beevers, B. Armstrong, F. Kelly, P. Wilkinson. Air pollution and mortality benefits of the London
Congestion Charge: Spatial and socioeconomic inequalities. Occup. Environ. Med, pp.620-627,2008.
DOI: 10.1136/0em.2007.036533

A.Bull, I. Thomson. Urban traffic congestion: Its economic and social causes and consequences, Cepal Rev.,
pp-1-12, 2002.DOL: https://hdl.handle.net/11362/10867

Liu, G. Ko, X. Zho. Time-dependent vehicle routing problem with time windows of city logistics with a
congestion avoidance approach. Knowledge-Based Systems, pp- 1-13, 2020.
DOI:10.1016/j.knosys.2019.06.021

K.K.H. Ng, C.K.M. Lee, S.Z. Zhang. A multiple colonies artificial bee colony algorithm for a capacitated
vehicle routing problem and re-routing strategies under time-dependent traffic congestion”. Computers &
Industrial Engineering, pp. 151-168, 2017. DOI:10.1016/j.cie.2017.05.004

Y. Xiao, A. Konak. The heterogeneous green vehicle routing and scheduling problem with time-varying traffic
congestion. Transportation Research Part E, pp. 146-166, 2016. DOI: 10.1016/j.tre.2016.01.011

T.R. Zakaryaei, N. Javadian, M.M. Movahedi. Optimization and incorporating of green traffic for dynamic
vehicle routing problem with perishable products. Environmental Science and Pollution Research, pp. 36415—
36433,2021.DOLI: https://doi.org/10.1007/s11356-021-13059-6

A. Palmer. The Development of an Integrated Routing and Carbon Dioxide Emissions Model for Goods
Vehicles. School of Management, pp. 1-161, 2007. DOI: http://hdl.handle.net/1826/2547

J.B. Sheu, H.C. Yi, C.C. Hu.An Integrated Logistics Operational Model for Green-Supply Chain Management.
Transportation Research Part E Logistics and Transportation Review 41(4), pp.287-313, 2015.
DOI:10.1016/j.tre.2004.07.001

R. Paulo, S. Mauceri, P. Carroll, F. Pallonetto. A Genetic Algorithm for a Green Vehicle Routing Problem”.
Electronic Notes in Discrete Mathematics, pp. 65-74, 2018.D0OI1:10.1016/j.endm.2018.01.008

J. Hickman, D. Hassel, S.S. MEET. Methodology for calculating transport emissions and energy
consumption”.Technical Report VII/99, Commission of the European Communities. Directorate-General
Transport, Office for Official Publications of the European Communities, 1999.URL:
https://trimis.ec.europa.eu/system/files/project/documents/meet.pdf.

S. Ubeda, F.J. Arcelus, J. Faulin. Green Logistics at Eroski: A Case Study”. International Journal of
Production Economics, 131(1), pp. 44-51,2011. DOI:10.1016/j.ijpe.2010.04.041

275



39.

40.

41.

42.

43.

44

H. Luo, M. Dridi, O. Grunder. A branch-price-and-cut algorithm for a time-dependent green vehicle routing
problem with the consideration of traffic congestion. Computers & Industrial Engineering, pp. 1-14, 2023.
DOI:10.1016/j.cie.2023.109093

Y. Liu, Y.Yu, Y. Zhang, R. Baldacci, J. Tang, X. Luo, W.Sun. Branch-Cut-and-Price for the Time-Dependent
Green Vehicle Routing Problem with Time Windows. INFORMS Journal on Computing, pp.1014-1032, 2022.
DOI: https://doi.org/10.1287/ijoc.2022.1195

M. Soysal, J. M. Bloemhof-Ruwaard, & J.G.A.J. van der Vorst (2014). Modelling food logistics networks with
emission considerations: The case of an international beef supply chain. International Journal of Production
Economics, 152, 57-70. DOI: 10.1016/j.ijpe.2013.12.012

H. Luo, M. Dridi, O. Grunder. An Exact Method for a Green Vehicle Routing Problem with Traffic Congestion.
Advances in Production Management Systems. Artificial Intelligence for Sustainable and Resilient Production
Systems, pp. 59-67,2021.DOI: https://doi.org/10.1007/978-3-030-85914-5_7

M.Aftabuzzaman, G. Currie, M. Sarvi. Modeling the spatial impacts of public transport on traffic congestion
relief in Melbourne, Australia. Transportation Research Record: Journal of the Transportation Research
Board, pp. 1-10, 2010. DOI: https://doi.org/10.3141/2144-01

E. Allie. Road Congestion Measures Using Instantaneous Information From the Canadian Vehicle Use Study
(CVUS). Proceedings of Statistics Canada Symposium, pp. 1-6, 2016.

276



