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Abstract

Recent years have shown how prioritizing and respecting environmental exper-
tise can make an important contribution to moving a company?s and country?s
sectors along the path to sustainable development. In the current study, we con-
sidered a class of competitive green facility location-routing problems in which
two competitive logistically linked firms: manufacturer (producer) and customer
(distributor) determine their choice one after another. First, the plant as the lead
firm determines the number and location of service depot. Thereafter, the dis-
tribution company as being the follower is/orders the desired number of depots
to distribute the products to the customers. To achieve maximum benefits with
for leaders under follower ship in a multi-objective sense, a multi-objective bi-
level mixed-integer linear programming model is developed. Type of the leaders
and the Objective of the leader (and their objective) of the leader are the follow-
ing: first aim is to minimize the fixed costs of depot operation, transportation
costs as well as the costs of emissions from transportation and locating of the
depots. One of the objectives of the follower is to maximize the market cap-
ture profit with respect to transportation costs while at the same time the
same follower aims to minimize the emissions cost of vehicles operating with
his logistics zone.Furthermore, an efficient meta-heuristic, specifically a Bi-level
Multi-objective Chemical Reaction Optimization, was applied to the proposed
method. The fundamental principle in bi-level multi objective chemical reac-
tion optimization is to identify effective solutions within a realistic time frame
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inside the bi-level framework. Experimental results on well-established bench-
marks demonstrate that our methodology substantially surpasses the current
bi-level variant of the Non-dominated Sorting Genetic Algorithm and Tabu search
techniques formulated for this context.

Keywords: Bi-level Programming; Multi-objective Programming; Green Location
Routing Problem; Chemical Reaction Optimization; Non-dominated Sorting Genetic
Algorithm; Tabu Search Algorithm

1 Introduction

As global environmental concerns grow, industries are now focusing on sustainability
and are aiming at minimizing the CO2 emission and directly operating costs. Climate
Change due to the accumulation of green house gases in the atmosphere, we are
witnessing one of the most pressing challenges of our time. It has been tremendously
influenced by human activities, in particular by the industrial and transport-related
activities. Specifically, the transport sector is one of the leading producers of CO2

that contributes to some of the most pressing environmental issues, including global
warming, air pollution, and public health emergencies. As transportation is the core
element of any contemporary supply chain and logistics system, its environmental
effect is crucial. Carbon dioxide released to the environment not only hastens depletion
of the ozone layer, and increased exposure to ultraviolet radiation, respiratory diseases
and other public health risks. Thus, there is clearly an imperative for industries and
companies to carry out green logistics that aims at both reducing CO2 emissions and
associated costs. In response to this a greater amount of focus has been put towards
logistics and transport systems as candidates for sustainability enhancements. At the
heart of these systems is the Vehicle Routing Problem (VRP), a classic optimization
problem that is concerned with finding the optimal routes for a fleet of vehicles that
have to serve a set of customers. The VRP was first defined by Dantzig and Ramser
(1959) [1]and numerous applications of the VRP have been found in industry. The
main goal of VRP is to control the operation cost, including the fuel consuming, travel
time, and efficient customer services.

A generalization of the VRP, Location Routing Problem (LRP) aims at finding
the optimized values for both depot location and vehicle routing. While the VRP is
dedicated to routing only, the LRP is a more general problem in that it combines
the decision making for facility location with the routing. This integrated approach
increases logistics efficiency by jointly optimizing these two important supply chain
components in terms of facility location and transportation network based location
[2]. As a result, LRP allows firms to lower their transportation costs as well as facility
expenses. In recent years, LRP has received a lot of attention for it’s potential use to
solve sustainability issues, as corporations want to both decrease their environmental
impact by optimally positioning the depots and vehicle routes.

As more and more attentions are paid to the issue of sustainability, the Green Loca-
tion Routing Problem (GLRP) is a generalization of the LRP in which environmental
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concerns are taken into account more explicitly. In the same line, the GLRP extends
LRP with green logistics considerations, as for instance fuel consumption, greenhouse
gas emissions, or the penetration of eco-friendly vehicles and fuels. Incorporating envi-
ronmental goals into traditional logistics paradigm, the GLRP is a sustainable way
for supply chain planning [3]. The GLRP represents the need of the industry to adapt
to its priorities moving forward, with a need to balance the business of the busi-
ness (keeping the lights o) whilst being accountable environmentally. Some researches
attempted to pursue the optimal solution of the GLRP problem by adopting a variety
of mathematical models and optimization methods.

For example, [4] tackled the Green Vehicle Routing Problem (GVRP), a particular
case of the GLRP, which considers time windows in a scenario of electric vehicle (EV)
logistics. Their work addressed the routing problem of on-line EVs, offering limited
driving ranges and needing the recharging facilities. In their work, they optimized
vehicle routes and services considering EV aspects, such as charging duration’s and
battery capacity [5]. And also, [6] presented a GVRP model rooted in a structure of
density - clustering and aimed at reducing the fuel consumption as well as the emissions
through the geographic - optimized routing. Their model included some significant
green factors such as energy consumption, as well as emission reduction indicating the
increasing trend on sustainability in the logistics planning [7].

Outside the realm of vehicles routing, [8] investigated the efficacy of environmen-
tally friendly fuels in addressing the fuel consumption and emissions in the GLRP
context. In [9], the authors introduced a model in which minimizing both cost and foot-
print is achieved using alternative fuel types, namely biofuels and hydrogen. However,
[10] extended the LRP by incorporating social responsibility in the logistics planning
since sustainability involves more than the environmental aspect. Such a model is eco-
nomical and social although their theoretical model was within social and economic
factors, which falls within the scope of the triple-bottom-line sustainability framework
while the latter include economic, social and environmental considerations [11].

In spite of these contributions, current GLRP models do not take into account the
full range of hierarchical level decision-making structures that characterize realistic
logistics systems. In reality, the logistics planning problem is a multi-level decision pro-
cess, where facility location and vehicle routing are usually made in separate times and
based on different objectives. For example, the decision to locate depots strategically
tends to be a long-term one, whereas routing decisions are generally more operational
and dynamic in nature. Nevertheless, the majority of the encountered models are not
able to adequately capture this hierarchical complexity, but treat facility location and
routing in the sense of a single-level optimization problem.

Motivated by this gap in the literature, in this paper, we present a bi-level and
bi-objective optimization model for the GLRP. At the upper level, the model aims to
minimize CO2 emissions and facility installation costs, and at the lower level, it prefers
emissions reduction and maximize profit in distribution stage. In this paper, we develop
a new bi-objective decision making framework for the GLRP that caters to both eco-
nomic and environmental objectives during planning and scheduling. In order to solve
such a NP-hard problem, in this paper a new meta heuristic Bi level Multi objective
with Chemical Reaction Optimization(BMCRO) is proposed. We show evidence that
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BMCRO outperforms Non-dominated Sorting Genetic Algorithm (NSGA − II) and
Tabu Search (TS) in terms of quality and computational time. This study adds to
the emerging green logistics literature by presenting for the first time a bi-level opti-
mization model in this particular setting. Table (1) outlines the existing optimization
models that demonstrates novelty of the proposed approach.

Table 1: Summary of Optimization Models in Related Works with Problem Level

Reference Objective

(Single/

Multi)

Problem Level

(Single/ Bi)

LP/ NLP Green Logis-

tics (GL)

Stochastic/

Fuzzy

Solution Method

Dantzig & Ramser (1959) [1] Single Single-Level LP No Deterministic Exact(Simplex Method)

Golden & Wasil (2007) [12] Multi Single-Level LP No Deterministic Heuristic (Clarke-Wright Savings)

Lee & Dong (2017) [3] Multi Single-Level NLP Yes (GL) Stochastic Metaheuristic (Genetic Algorithm)

Deb et al. (2002) [13] Multi Single-Level LP No Deterministic Metaheuristic (NSGA-II)

Camacho-Vallejo et al. (2022) [14] Multi Bi-Level LP Yes (GL) Stochastic Metaheuristic (Tabu Search)

Abbassi et al. (2022) [15] Multi Bi-Level NLP Yes (GL) Stochastic Metaheuristic (CRO)

Prins & Prodhon (2014) [16] Multi Single-Level LP Yes (GL) Fuzzy Heuristic (Greedy Algorithm)

Glover & Laguna (1997) [17] Single Single-Level LP No Deterministic Metaheuristic (Tabu Search)

Pisinger & Ropke (2007) [18] Multi Single-Level LP Yes (GL) Deterministic Metaheuristic (Adaptive Large Neighborhood Search)

Toth & Vigo (2002) [19] Multi Single-Level LP No Deterministic Exact (Branch-and-Cut)

Hoff et al. (2010) [20] Multi Single-Level NLP Yes (GL) Fuzzy Metaheuristic (Ant Colony Optimization)

Eskandarpour et al. (2015) [21] Multi Single-Level NLP Yes (GL) Stochastic Metaheuristic (Simulated Annealing)

Tavakkoli-Moghaddam (2015) [22] Multi Bi-Level NLP Yes (GL) Stochastic Metaheuristic (CRO)

Laporte et al. (2014) [23] Multi Single-Level LP Yes (GL) Fuzzy Particle Swarm Optimization

Braysy & Gendreau (2002) [24] Single Single-Level LP No Deterministic Tabu Search

Ganesh & Narendran (2008) [25] Single Single-Level LP No Deterministic Heuristic (Agglomerative + Simulated Annealing)

Vidal et al. (2015) [26] Single Single-Level LP No Deterministic Hybrid Metaheuristic (Iterated Local Search + Genetic Search with Dynamic Programming)

Braysy & Gendreau (2005) [27] Multi Single-Level LP No Deterministic Metaheuristic (Tabu Search)

Vidal et al. (2012) [28] Multi Single-Level NLP Yes (GL) Stochastic Metaheuristic (Hybrid Genetic Algorithm)

Schneider et al. (2014) [29] Multi Single-Level NLP Yes (GL) Fuzzy Metaheuristic (Ant Colony Optimization)

Andelmin & Bartolini (2017) [30] Single Single-Level LP Yes Deterministic Exact (Branch-and-Cut)

Romero-Barrera et al. (2024) [31] Single Single-Level NLP No Stochastic Metaheuristic (EnvAdapt-CRO-SL)

Aghaei et al. (2024) [32] Multi Bi-level NLP Yes Robust, Fuzzy Fuzzy-goal interactive method

Prakash & Akhtar (2025) [33] Multi Single-Level NLP Yes Deterministic HEMO (Hybrid Environmental Multi-objective Optimization)

Our Work Multi Bi-level MILP Yes Deterministic Metaheuristic CRO

2 Problem Description

In this section, the mathematical model related to the problem is given. In Table (2),
the sets, indices, parameters, and decision variables are listed. Let J, L, I and FA

represent the set of customers, types of vehicles, facilities, and factories, respectively.
Also, let V (L) be the set of available vehicles of each type l and let k(l) denote the
k-th type of vehicle l, where k(l) ∈ V (L).
In this system, the depot receives the finished goods from the factory. The final trans-
port from the depot to the direct customers is then. The demand from the customers
can be met if it can be done economically. In this duopoly market, a supplier (the
leader company) and the distributor (the follower company) make decisions. There is
perfect information sharing between the leader and follower, as the leader?s decisions
rely on precise forecasts and information provided by the follower. This assumption
simplifies the hierarchical interaction and enables the optimistic solution approach,
where the follower chooses solutions that favor the leader.
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The current bi-level model assumes that the leader has access to accurate infor-
mation provided by the follower, which is a common optimistic assumption in bi-level
programming to ensure tractability and solution feasibility. However, we acknowledge
that in real-world settings, the follower may possess private information regarding
operational costs, vehicle capabilities, or local market conditions that the leader does
not fully observe.

The decision-making procedure can be split into two stages. In the first stage, the
leading company determines the locations of the depots. In the downstream stage,
the follower company observes the decision of the leader company and then makes
its own decision to decide how to deliver the products to the customers. And the
rules lead the two parties to shape their actions in ways that lower the possibility
of pollution of the environment. The proposed bi-level model explicitly captures the
hierarchical nature of decision-making by distinguishing between the strategic and
tactical levels. The upper-level decisions correspond to long-term strategic choices
such as depot location selection, which inherently involve multi-year commitments
and significant capital investments. These decisions are modeled as binary variables
indicating whether a depot is opened or not, reflecting their relatively static nature
over the planning horizon. Conversely, the lower-level decisions represent tactical
routing choices that are more dynamic and can adapt frequently to operational
conditions, such as daily or weekly customer demands and vehicle routing schedules.
This temporal distinction is embedded in the model structure by separating the
decision variables and constraints for each level, where the leader?s decisions set the
feasible framework within which the follower optimizes routing and distribution. In
the supply chain, as with everything in impact, we measure the environmental effects
of all things in terms of damaging GHG emissions, such as CO2, CFCs, and NOx.
The opened depots and the product transportation in the network lead to pollu-
tion. Vehicles are of different types, pollute to different degrees, and have different
capacities, and they are not homogeneous. The emissions produced by each truck are
proportional to the distance driven and the volume of goods carried. So we think
of the cost, the amount of goods moved the distance. The leader firm?s problem
of decision making is to take actions such that two conditions are satisfied. The
former involves minimizing depot and transportation costs, and the latter involves
minimizing pollution. It is worth remembering that the follower company is aimed at
maximizing its profits from customer service. Further, the following company would
like to reduce transportation-related emissions and transportation-related costs. It is
assumed that, in a follower role, the follower company states as a result of the leader
company’s decision. The latter could involve an exhaustive projection of each of the
leader?s decisions, seeking the optimal counteractions.

To present the proposed model, the symbols representing the sets, parameters, and
variables used are first introduced in Table 2.
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Table 2: List of Sets,Parameters and Variables
Notation Description

Sets

FA The set of factories with the indexes
I The set of potential facilities(depots) i

L The set types of vehicles with indexes l

V (L) The collection related to type L vehicles with the indexes k(l)
J The set of Customers with the indexes s, j

Parameters

fi The fixed operating cost for opening the depot i

cri The cost of conveying each unit of product from the factory r to depot i

eri The environmental impact related to transporting a unit of products from the factory r to depot i

e
′

i The environmental impact related to opening a depot at the node i

CapFr(CapF
′

i ) The capacity of a factory r (depot i ) for handling products

a(b) The parameter related to the influence coefficient of the transportation(opening depot) environmental impact rate
in the objective function

B Maximum funds available to carry out the transport activity
Emax The maximum allowed emission caused by transporting and opening depots
dj The amount of demand related to the j −th customer

hj The Profit associated with each customer j

crl Rental cost of vehicle type l

ccl The per-unit cost of conveying products via vehicle type l

dij The distance of node i to node j

αl(βl) Environmental impact related to conveying products by distributor firm via vehicle type l

M Sufficient large positive constant
tsj The travel time of a vehicle from node s to node j

V max Maximum duration of the route
Umax
l

Maximum available capacity associated with the type of vehicle type l

[lsus] The customer unloading service time s

τs The customer unloading service time s

Variables

xi 1 if the location i is open by the leader as a depot; otherwise, 0
yri Products quantities shipped from the plant r to the depot i by the leader

w
k(l)
sj

Binary inclusion of the arc s − j in the route of the vehicle k of type l

z
k(l)
j

Binary selection for vehicle k of type l by depot i

δ
k(l)
j

Binary variable regarding passing the vehicle k of type l through node j

tj The non negative variable service starts the time at the node j .

according to the explanation given, the problem model is expressed as below (see P1).
Upper-level

P1 : Z1 = min
∑

i∈I

fixi +
∑

r∈FA

∑

i∈I

criyri (1)

min a
∑

r∈FA

∑

i∈I

eriyri + b
∑

i∈I

e‘ixi (2)

subject to:

∑

i∈I

yri ≤ CapacityFr
, ∀r (3)

∑

r∈FA

yri ≤ Capacity
F

′

i
, ∀i (4)
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yri ≤ xi, ∀i, r (5)
∑

i∈I

fixi +
∑

r∈FA

∑

i∈I

criyri + a
∑

r∈FA

∑

i∈I

eriyri + b
∑

i∈I

e‘ixi ≤ B ∀s (6)

∑

r∈FA

∑

i∈I

eriyri ≤ Emax (7)

yri ≥ 0, xi ∈ {0, 1} ∀ i, r (8)

Lower-Level

max







∑

k(l)∈V (l)

∑

j∈J

djhjw
k(l)
sj −

∑

l∈L

∑

k(l)∈V (l)





∑

j∈J

crlz
k(l)
j +

∑

s∈J

∑

j∈J

ccldijw
k(l)
sj +

∑

i∈I

ccld0iw
k(l)
0i











(9)

min







∑

l∈L

∑

k(l)∈V (l)





∑

s∈J

∑

j∈J

αldijw
k(l)
sj +

∑

i∈I

βld0iw
k(l)
0i











(10)

Subject to:

∑

i∈I

w
′k(l)
0i =

∑

j∈J

w
k(l)
ij ∀ K(l) ∈ V (l), l ∈ L (11)

∑

j∈J

w
k(l)
j0 =

∑

i∈I

w
′k(l)
0i ∀ K(l) ∈ V (l), l ∈ L (12)

∑

l∈L

∑

k(l)∈V (l)

∑

j∈J

z
k(l)
j = 1 (13)

∑

j∈J

z
k(l)
j ≤ Mδ

k(l)
j ∀ K(l) ∈ V (l), j ∈ J (14)

∑

i∈I

w
k(l)
ij +

∑

s∈j

w
k(l)
sj ≤ 1 +M(1− δ

k(l)
j ) ∀ K(l) ∈ V (l), j ∈ J (15)

−
∑

i∈I

w
k(l)
ij −

∑

s∈j

w
k(l)
sj ≤ 1 +M(1− δ

k(l)
j ) ∀ K(l) ∈ V (l), j ∈ J (16)

∑

j∈J

w
k(l)
sj =

∑

j∈J

w
k(l)
js ∀ K(l) ∈ V (l), l ∈ L (17)

∑

s∈J∗

∑

j∈J
j ̸=s

tsjw
k(l)
sj ≤ V max ∀ K(l) ∈ V (l), l ∈ L (18)
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∑

s∈J∗

∑

j∈J
j ̸=s

djw
k(l)
sj ≤ Umax

l ∀ K(l) ∈ V (l), l ∈ L (19)

∑

j∈J

∑

k(l)∈V (l)

z
k(l)
j ≤ |V (l)| ∀ l ∈ L (20)

∑

s∈W

∑

j∈W

w
k(l)
sj ≤

∑

j∈W

zkj (l)γ
l ∀ K(l) ∈ V (l), l ∈ L (21)

W
′k(l)
0i ≤ xi ∀ K(l) ∈ V (l), l ∈ L, i ∈ I (22)
∑

r∈FA

yri =
∑

l∈L

∑

k(l)∈V (l)

∑

j∈J

djw
k(l)
ij ∀ i ∈ I (23)

ts + Ss + tsj − (us + τs)(1− w
k(l)
sj ≤ tj ∀ s, j ∈ J (24)

ls(1− xs) ≤ ts ≤ us(1− xs) + Tmaxxs ∀ s ∈ J (25)
∑

s∈J−{j}

gjs ≤
∑

s∈J−{j}

gsj − dj(1− xj) +
∑

s∈N

dsxj ∀ j ∈ J (26)

gsj ≤ Umax
l

∑

j∈J

z
k(l)
j ∀ s, j ∈ J (27)

w
k(l)
ij , w

′k(l)
0i , w

k(l)
sj , δ

k(l)
j , z

k(l)
j ∈ {0, 1} ∀ K(l) ∈ V (l), l ∈ L, s, j ∈ J

(28)

tj , gsj ≥ 0 ∀ s, j ∈ J (29)

The model described by equations (2.1)-(2.29) is a bi-objective bi-level linear pro-
gramming problem. Equation (2.1) represents the leader’s objective function, which
includes fixed usage costs of the depots and transportation costs. The second leader’s
objective function measures the CO2 emissions caused by the route of each type of
vehicle and the CO2 generated by constructing and shipping processes from the facil-
ities. Inequalities (2.3) and (2.4) represent the maximum capacity of the factories and
depots used, respectively. Constraint (2.5) specifies that all transports from the facto-
ries must be made to a node where the depot is open. Constraint (2.6) sets a maximum
available budget for the Leader Company, and inequality (2.7) indicates the maximum
level of pollution permitted by the company. Equation (2.8) indicates that the leader’s
variables are non-negative and binary, respectively. In Equation (2.9), the first objec-
tive function of the follower pertains to maximizing profit. The first term represents
the total income for each commodity demanded by customers, while the remaining
terms include the total rental cost of the vehicles, the overall transportation costs of
all vehicles, and the transportation costs of the commodities from the depots. The
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second objective function (2.10) for the followers measures the CO2 emissions caused
by the routes of each type of vehicle and the CO2 generated by shipping processes.
Constraints (2.11) and (2.12) ensure that each vehicle departs from and arrives at the
depot exactly once. Constraint (2.13) stipulates that selected customers are visited
only once. Constraints (2.14) to (2.16) define the relationships between the depot,
vehicle type, and customers. Equation (2.17) enforces flow conservation. Constraint
(2.18) sets the maximum route duration for each vehicle, while inequality (2.19) spec-
ifies the maximum available capacity for each vehicle type. Equation (2.20) limits the
maximum availability of vehicles for each type. Constraint (2.21) ensures that only
in-use vehicles have designated routes. Constraint (2.22) requires that a vehicle starts
moving from an active depot, while also defining the relationship between the first
and second levels. Constraint (2.23) links the two levels by determining the volume of
serviced customer’s demand. Constraint (2.24) sets the arrival time of the vehicle at a
customer node, while inequality (2.25) defines the maximum and minimum permissi-
ble times for meeting customer demands. Constraint (2.26) specifies the vehicle load
at each vertex, with expression (2.27) setting the maximum allowable vehicle load.
Note that if the customer is at the same vertex as the depot, the customer’s demand
is not considered in the vehicle load. Constraints (2.28) and (2.29) define the sign of
the variables.
In the proposed bi-objective bi-level problem (BBO), each player optimizes its own
objective under consideration of the other one’s decisions. More specifically, the leader
and follower each try to minimize or maximize their cost while taking into account the
CO2 emissions at each stage. There is correlated behavior between the leader?s and
follower?s targets, since the costs and environmental effects are linked through com-
mon constraints. In line with many bi-level models, we take an optimistic viewpoint
where, if there is more than one optimal solution for a given leader?s decision from
the member’s point of view, the follower will select the most favorable one for the
leader. This results in a level of cooperation where both players try to achieve more
reductions in emissions while not destroying the leader?s profitability. The reason of
this assumption is that, although incoherent from a theory point of view, the coinci-
dence of cost-based optimization and environmental sustainability is reasonable since
we consider they have common interest of the decision makers. Such a choice reduces
the complexity of the bi-level formulation and corresponds to the optimistic decisions
commonly applied in the literature. Considering the cost and emission simultaneously,
this model is more consistent with realistic decision making, in which economic bene-
fits and negative externalizations should be CO2 considered at the same time.
The Proposed Model is described with the following properties:

1. The second problem is expressed without any variable of the first one in its
constraints.

2. For any upper-level feasible solution, there is at least one lower-level feasible
solution.

A well-known special case of this problem is the discrete competitive facility loca-
tion problem. See also [34]. As a result, the underlying structural constitutive model
of interest is postulated as:
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P1 : min
x,x

′
,y,y

′

F1(x, x
′, y, y′)

min
x,x

′
,y,y

′

F2(x, x
′, y, y′)

s.t.

G1(x
′, x) ≤ 0,

max
x,x

′
,y,y

′

f1(x, x
′, y, y′)

min
x,x

′
,y,y

′

f2(x, x
′, y, y′)

G2(x, x
′, y, y′) ≤ 0,

where x′, y′ and x, y represent vectors of continuous and binary variables at dif-
ferent hierarchical levels, respectively. The functions F , G, f , and g are assumed to
be linear. Bard and Falk highlighted the following difficulties in the computation of
algorithms for solving BLPP. In their 1990 paper [35], they made the following three
general observations with respect to bilevel mixed integer programming problems:

Remark 1: The solution of the relaxed Bi-objective Bi-Level Programming Prob-
lem (BLPP ), in which the upper- and lower-level problems as linear programming
problems, is not a valid upper bound for the solution of the mixed-integer BLPP.

Remark 2: Admissible solutions in the induced region of the relaxed BLPP cannot
in general be disregarded.

Remark 3: Feasible integer solutions of the relaxed BLPP considering the restrict-
edness of some lower-level variables cannot be simply neglected.
In this context, BLPP refers to a form of the problem where lower-level variables are
relaxed to be continuous.

3 The Solution Approach

This section present the fundamental principles of the Chemical reaction optimiza-
tion (CRO) algorithm, elucidates the BBO model that addresses cost and CO2

emissions, and examines the coding and decoding mechanisms of the CRO algo-
rithm, highlighting solution representation and transformation during the optimisation
process.

3.1 Preliminary Considerations Regarding CRO

This subsection describes the basic ideas and mechanisms of the CRO algorithm.
Motivated by the motion principles of chemical reactions, CRO provides a new search-
ing protocol that efficiently balance the exploration and the exploitation in the search
space. A step-by-step process for how to implement the algorithm is structured below:

10



3.1.1 Chemical Reaction Optimization for Single-Objective

Optimization

CRO is a nature-inspired meta-heuristic algorithm which was initially proposed for
single-objective optimization based on the dynamics of chemical reactions [36, 37]. In
this work the CRO methodology is generalized for bi-objective optimization tasks. A
candidate solution is viewed as a molecule in the space whose structure is determined
by a set of decision variables (x1, x2, ..., xn) and is characterized by an energy, E(M) =
[f1(x), f2(x)], whose components denote usual objectives, cost and CO2 emissions,
for example. The CRO scheme is an efficient methodology for searching and utilizing
the potential solution space through the molecular interaction and transformation
simulations. The algorithm is based on the principle of the minimization of the single
objective function (f(x)) combined with reaction operators that describe chemical
processes and allow the population of solutions evolve from one generation to the next
towards optimality. Candidate solutions are modeled as molecules in the framework
of CRO. A molecule M is represented by a vector:

M = (x1, x2, . . . , xn)

where ( xi ) is the decision variables. Each molecule’s performance is then assessed on
the optimal function. The expected value is denoted by f(x1, ..., xn). Where E(M) )
is the energy (fitness) of the molecule M .

Reaction Operators

The CRO employs several types of reaction operators to convert molecules and to
navigate solution space:

• Synthesis: This operation merges the input molecules M1 and M2 to yield a new
molecule M3 by: M3 = αM1 + (1−α)M2 where α is a blending parameter in [0, 1].

• Decomposition: A molecule M can be decomposed to simpler elements and a
selective refinement of the decision variables.

• Interchange: The operator that exchanges decision variables of two molecules to
promote diversity in the solution space. For example:

M1 = (x1, y1) and M2 = (x2, y2) ⇒ M1 = (x2, y1) and M2 = (x1, y2)

• Ionization: This operation will slightly perturb the decision-making variables of a
molecule to find local changes:

M ′ = (x1 +∆x1, x2 +∆x2, . . . , xn +∆xn)

and ∆xi minor disturbances in the variables.

Evaluation and Optimization Process

The objective function value ( E(M) ) is calculated for each molecule after reaction
operators are applied. The CRO procedure successively chooses molecules, applies
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reaction operators, and updates the population until a stopping criterion (e.g., a
maximum number of iterations) is satisfied.

• end while t ¡ max iterations end do
• Randomly choose a molecule (Mi ) from the population.
• Act by reaction operators to convert (Mi).
• Check if the new molecule is accepted ( E(Mi) ).
• Merge the current and new populations according to Pareto dominance or other

rules.

This process is iterated until the current solution finds a local optima and the
algorithm converges to the best solution which is denoting by best molecule.
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The Pseudocode for CRO Algorithm

Algorithm 1 CRO Algorithm

Require: Problem definition, population size N , max iterations T , reaction parame-
ters

Ensure: Best solution found, Best Solution
1: Initialization:

2: Define problem parameters: N , T , reaction probabilities, energy thresholds.
3: Generate an initial population of N molecules Mi with random solutions.
4: Evaluate the fitness f(Mi) of each molecule.
5: Assign potential and kinetic energy levels to all molecules.
6: Store all molecules in population List.
7: Set Best Solution to the molecule with the best fitness in population List.
8: for t = 1 to T do ▷ Main Loop
9: for each molecule M in population List do ▷ Reaction Phase

10: Choose a reaction type (uni molecular or inter molecular) based on
probabilities.

11: if Unimolecular Reaction then

12: Perform decomposition or isomerization:
13: (a) For decomposition, split M into M1 and M2, and evaluate

f(M1), f(M2).
14: (b) For isomerization, perturb M to generate M ′, and evaluate

f(M ′).
15: Update population List with M1, M2, or M

′ if they dominate M .
16: else if Intermolecular Reaction then

17: Select another molecule M2 from populationList.
18: Perform collision or synthesis:
19: (a) For collision, combine M and M2 to create M ′.
20: (b) For synthesis, merge M and M2 into M ′.
21: Evaluate f(M ′), and replace M and/or M2 with M ′ if it dominates.
22: end if

23: end for

24: Update Best Solution with the molecule having the best fitness in population
List.

25: end for

26: return Best Solution.

3.2 Applying CRO of the Proposed Model

The CRO algorithm efficiently searches the solution space by seeking out good trade
offs with well balance in fermentation and exploration in the process of different new
materials. Energy-based operators it employs prevent it from prematurely getting
trapped and from neglecting parts of the solution space. In addition, CRO preserves
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diversity among the solutions and since capturing a number of solutions is very impor-
tant in finding different alternatives and prevents stagnation. These features render
CRO a strong and powerful optimization method, particularly in relation to methods
that are slow to converge or lack exploration.

3.2.1 CRO Algorithm for Bi-Objective Bi-Level Optimization

CRO optimization technique composed of several stages that imitates how chemical
reactions are took place in life, molecules evolved in order to get optimized, such as
synthesis, decomposition, exchange, ionization etc. The operators provide the ability
to search the solution space and aid in the search for optimal solutions. The CRO

algorithm can be extended to tackle BBO problems, wherein there are two decision
making levels, namely the leader and the follower, optimizing their objectives con-
currently. The leader in these types of problems has the ability to make decisions at
the upper level, and a follower can make decisions at the lower level according to the
leader’s decisions. The CRO takes into account the hierarchical nature of the problem
(decomposition into sub-problems with molecules as candidate solutions). The oper-
ators of CRO are adapted to search and optimize the objectives of the leader and
follower simultaneously. And examples include synthesis, which assembles solutions to
search the common solution space, decomposition, which targets only one decision-
maker?s objectives, and ionization, which introduces local perturbations. This process
is repeated multiple times until for which we find Pareto-optimal solutions, benefi-
cial for both decision-makers without compromising the rank ordering. The CRO’s
features of balancing exploration with exploitation, and hierarchical search make it
very suitable for multi-objective optimization. Nevertheless, the computational bur-
den that emerges from bi-level problems, in particular when multiple objectives are
considered, needs appropriate parametrization of population size and reaction rates
for their efficient operation. Despite these challenges, CRO has evolved to be a forma-
tive methodology for solving complex optimization problems in subject areas spanning
from engineering design to financial planning.

Molecule Representation and Variables

In a BBO, molecules are employed to represent possible answers and each molecule is
formed with two units that are similar to the leader’s and follower’s decision variables.
Every molecule ( M ) in CRO is a solution vector, splitted into two, having decision
variables for the leader (upper-level decision maker) and for the follower (lower-level
decision maker). The molecular weight ( M ) of a molecule is given by:

M = (x, y)

Where:

• ( x ) is the decision variables of the leader.
• ( y ) is the decision variables for the follower.

As a pair ( x ) and ( y ), these are the candidate solution of the bi-level optimization
problem.
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Interaction of Molecules with Objectives

In a BBO each player optimize their objectives according to both ( x ) and ( y ). For
example:

• The leader seeks to minimize two objectives ( F1(x, y)) and (F2(x, y) ), where (x )
is used to determine the leader?s objectives and the decisions of the follower (y ).

• The single follower will minimize their own objective ( G(x, y) ), the response to
the leader?s decision ( x ) via (y ).

CRO Reaction Operators and Variables

Using reaction operators ? synthesis, decomposition, interchange, and ionization ?
CRO transforms molecules (solutions) and explores the search space. The leader and
follower variables are updated by each operator to reach optimal solutions:

• Synthesis: Merge the leader and follower variables to obtain new solutions. For
example, by synthesizing the two molecules (M1 = (x1, y1) ) and ( M2 = (x2, y2) )
a new molecule (M3) is created by crossing elements of (x1), (x2), (y1), and(y2):

M3 = (αx1 + (1− α)x2, βy1 + (1− β)y2) (30)

where (α ) and ( β ) are weighting factors.
• Decomposition This operator decomposes a molecule into simpler parts, hence

uncoupling the leader and follower variables. By decomposing a moleculeM = (x, y),
the algorithm is able to refine x and y independently, providing a better focus on
one of the leader or follower?s task.

• Interchange: CRO exchanges portions of decision variables within two molecules.
For example, it could swap leader variables x of two molecules while maintaining
their follower variables y, which will introduce solution diversity for the space in:

M1 = (x1, y1), M2 = (x2, y2) → M1 = (x2, y1), M2 = (x1, y2)

• Ionization: This operator randomly modifies some decision variables values of the
molecule at hand, probing local variability of solution. For example:

M1 = (x, y) → M ′
1 = (x+∆x, y +∆y)

where ∆x and ∆y are perturbations used for sampling nearby solutions.

Evaluation of Molecules

After applying the reaction operators, each molecule is assessed according to the leader
and follower objectives. Since the problem is bi-objective, Pareto Dominance is applied
for solution comparison. A molecule M1 dominates M2 if it has better performance in
at least one objective and is equally or better than the other. This guarantees that both
objects are taken into account when choosing the molecules for subsequent reactions.

15



3.2.2 Coding and Decoding

In a CRO framework, how to code upper-level and lower-level decision variables in
terms that can represent a solution in a sensible way is even more complicated. Such a
representation is necessary in order to meaningfully search through the solution space
in the optimization process.
Representation of Solutions solutions are encoded as molecules in the CRO algorithm.
Every molecule, ( M ), is represented by a vector:

M = (x, y) (31)

where: x = (x1, x2, . . . , xn) ) is a vector that stands for the upper-level decision vari-
ables. These decision variables include options with material selection and investment
options, then impact the construction cost and CO2 emissions. (y = (y1, y2, . . . , ym))
are the lower-level decision variables. These are operational or production scheduling
decisions in order to maximize the profit and minimize CO2 emission in operation
phase or product life cycle. The energy of each molecule is related to the objective
functions of the bi-objective optimization problem. Namely, the energies are given by:

• Upper-Level Energy:

Eupper = α · Cost(x) + β · CO2(x)

where ( α )and ( β ) are the scaling factors that weight the objectives.
• Lower-Level Energy:

Elower = γ · (−Profit(y)) + δ · CO2(y)

where ( γ ) and ( δ ) balance the objectives at the lower level.

The total energy of each molecule, E is minimized during the optimization with:
Etotal = Eupper + Elower solutions closer to the global lower bound are increas-
ingly favorable as they require a lower amount of construction cost, profit, and CO2

emissions trade-offs. Decoding Solutions from CRO The decoupling decoding (re-
activation) operation is to translate the encoded decision variables back to practical
construction plans and operation strategies. Following identification of a group of
molecules which are potential solutions using the CRO algorithm, the following decod-
ing steps are performed:
Upper-Level Decoding The decision variables at an upper level ( x ) are mapped
into actual construction decisions. This includes:

• Specifying material purchases.
• Establishing project timelines.
• Investing in emissions-reducing technologies.

These decisions illustrate the compromise between the cost of construction and
CO2 emissions.
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Lower-Level Decoding The lower-level decision variables (y) are decoded into oper-
ational responses which tend to maximize profit in parallel with minimizing CO2

emissions. This includes:

• Determining optimal product quantities.
• Establishing pricing strategies.
• Implementing energy efficiency measures.

These decoding procedures convert the solutions of the CRO algorithm into
realistic, meaningful construction and operational actions.

Algorithm 2 CRO Algorithm for The Proposed Model

Require: Outer and inner-level objectives f1, f2, population size N , max iterations
T , reaction parameters

Ensure: Pareto-optimal solutions P for the bi-objective problem
1: Initialization:

2: Define parameters: N , T , reaction probabilities, energy thresholds.
3: Create an initial population of N molecules with random outer-level solutions.
4: Solve the inner-level optimization for each molecule.
5: Compute f1 and f2 for all molecules.
6: Assign energy levels (potential and kinetic) to each molecule.
7: Initialize Pareto front P with non-dominated solutions.
8: for t = 1 to T do ▷ Main Loop
9: For each molecule M in the population, choose a reaction type (unimolecular

or intermolecular).
10: if Unimolecular Reaction then

11: Perform decomposition or isomerization:
12: (a) For decomposition, split M into two new molecules and evaluate

them.
13: (b) For isomerization, perturb M to generate a new molecule M ′

and evaluate it.
14: Replace M in the population if new molecules dominate or improve

diversity.
15: else if Intermolecular Reaction then

16: Select another molecule M2 and perform collision or synthesis:
17: (a) For collision, combine M and M2 into a new molecule M ′.
18: (b) For synthesis, merge M and M2 into a single molecule M ′.
19: Evaluate M ′ and update the population if M ′ dominates or improves

diversity.
20: end if

21: Update Pareto front P with non-dominated solutions in the population.
22: end for

23: 13. Return Pareto front P .
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The above algorithm 2, addressees bi-objective, bi-level optimization, with certain
fluency and Underlying influence in using CRO. It provides initialization, reaction
propagation and iterative refinement to explore the solution space by optimizing
hierarchical objectives.

3.3 Computational Complexity

In this subsection, we analyze the time computational complexity of the proposed
BMCRO. If Nu and Gu represent the upper population size and number of gener-
ations at the upper level, and also Nl, Gl and M the lower population size, number
of generations in the lower layer and number of objectives, respectively. The time
complexity for a deepened single-objective algorithm can be formulated as:

Upper-level complexity× Lower-level complexity. If Gu = Gl, the complexity is:

(Gu ×Nu)× (Gl ×Nl) ≈ O(GN)2.

As for multi-objective, the sorting takes most of the upper procedure. So now you
need to care about the time complexity. As per, the time complexity of the QNDSA
becomes:

1. The best case—-where each individual non-dominates the other individuals in
the entire population. Therefore the optimum solution will take time complexity of
O(N log N).

2. The average case, which is when we have a Number of Fronts (NF) such that
NF < N . Its average case time complexity is O(N logN) as well.

3. Worst case scenario: if all fronts are single-solution. The worst-case complexity
is O(N2). It is worth mentioning that very few of such situation happens in multi-
objective optimization.

The multi-objective BLOP complexity becomes:

O(N logN)]× [(Gu ×N)] ≈ O(N2G logN)

or in the best and average case, and:

O(N2)× (G×N) ≈ O(GN3)

the (rare in multi-objective optimization) worst case. The majority of the classical
multi-objective ranking methods can be based on a non-dominated sorting O(MN)2

[38], [39]). Hence, the total multi-objective bi-level classical procedure will:

O(MGN3).

Clearly, applying NSGA-II with TS into the bi-level EA can greatly enhance the
efficiency of the algorithm and save computation significantly.
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4 Computational Algorithm

In this section outlines the computational and software setup used for this investiga-
tion. The system in use is a Windows 10 Home derivative (version 22H2),built with
Windows Feature Experience Pack 1000.19060.1000.0. The computer’s hardware is an
Intel(R) Core(TM) i7-8565U CPU at 1.80 GHz and it’s capable of up to 1.99 GHz,
with a 64-bit, x64-based processor. 8GB 7.86 GB usable of installed RAM, which is
suitable for moderate multitasking and light with moderate-sized data. It is also pen
and touch enabled and also has 10 touch points making it suitable for various interac-
tive applications. The main software package utilized for post processing and analysis
is MATLAB, which has been developed and adapted (under software revision date of
July 29, 2023). The installed size is 1.32 KB (1,360 bytes) with disk usage of 4.00 KB
(4,096 bytes), and is an efficient environment for running computational tasks on such
hardware.

The algorithm is tested on data with random sizes which are generated based on
the data generation rules defined in 4.1 by the method in the examples are users
to illustrate the Accurasy of the model in 4.2 and compare with models in 4.3 This
section also discusses the sensitivity analysis of the model’s key parameters in 4.4.

4.1 Data Generation Rule

In our research, we integrated the geographical locations of the strategic
nodes?customers, depots, and factories?using MATLAB language, namely, we simu-
lated the coordinates of the locations of each node as representations of a matrix. Three
matrices: posc, posd and posf were used to describe the different types of entities,
there each row of the matrices represented the position of an individual entity, and the
columns correspond to (x) and (y) coordinates in a two-dimensional representation.
Customer locations were assigned to posc and each row contained a specific spatial
location in the data set. This organizational structure based on matrices facilitated
spatially systematical organization of the various types of entities and the decoupling
to easily and efficiently manipulate the data. With these positional matrices, we estab-
lished a strong platform for subsequent distance calculations and spatial analysis.
Pairwise distances between these matrices were calculated using MATLAB?s pdist2
function, allowing for a structured analysis of spatial inter-relationships between the
entities. The statement ( D = pdist2(X,Y ) ) creates a distance matrix ( D ) in
which every element stores the distance between each point in matrices ( X ) and (
Y ). Distances between the set of customer and depot locations, for instance, were
calculated using disDtoC = pdist2(posc,posd), providing essential information for
reasoning about how these two sets interact. Also, we computed intra-set distances for
customers by using disCtoC = pdist2(posc, posc) and generated a square matrix
that showed spatial ties between customer locations. In addition to the distance calcu-
lations, the dataset boundaries were determined by the minimum and maximum values
in all the combined matrices (MINLIM = min([posf; posd; posc]) and MAXLIM =

max([posf; posd; posc]), representing the spatial extent of the data. Additionally
the number of elements of all the relevant arrays was computed for further analy-
sis using numel, which gave scalars for each array (e.g., nd = numel(posd), nf =
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numel(posf), nc = numel(posc)). The computed minimum distances and their specie
counts give the underlying rules for our analysis purposes in our study-scale context.
Also, the parameter used for the distance metrics is an important issue of spatial
analysis. The Euclidean distance metric was the one used here, as it is the measure
of direct straight-line distance from any point to any another, well fitted to precision
on the direct proximity in space. But, conditional on logistical constraints, other dis-
tance metrics as, for example, Manhattan distance, which is the sum of the absolute
differences in coordinates, may be examined, as well. The broad scope of distance mea-
sures accepted by the pdist2 function in MATLAB enables flexible analysis pipelines
corresponding to the spatial topology and mobilities distinctive of different classes of
entity.

4.2 Accuracy of the model

We have evaluated the accuracy and convenience of the proposed model through test-
ing its performance using three optimization algorithms as: CRO,NSGA − II, and
(TS) in our study. The purpose was to investigate if the model generates meaningful
and logical outcomes and successfully addresses the optimization problem in question.
After solving the model, we noted the following two important facts that confirm its
feasibility: a routing problem between factories and centers and a green location prob-
lem between centers and customers. These results are as expected; the model appears
to incorporate the salient interactions and constraints of the domain. Figure (1) shows
the distribution of factories, centers and customers for two different problem sizes. Fur-
thermore, Figure (2) depicts the connection among factories, facilities and customers,
which also corroborates the validity in modeling the underlying optimizing processes
of the model. The outcome of this comparative analysis not only demonstrates the
importance of using a variety of the algorithms in the assessment of the model but
also validates the optimal performance of the model to deal with the complexity of
the task at hand. These findings highlight the effectiveness of the proposed method
for simulating real operational issues.
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Fig. 1: Distribution Of the Factories, depotes and Costumers

Fig. 2: Connection Of the Factories, depotes and Costumers

4.3 Comparison of the Methods

The CRO algorithm comparison with the others powerful optimization methods, Tabu
Search TS and Non-dominate sorting genetic algorithm NSGA− II, was performed
on three data sets (small, medium, and large) respectively. In this review, we were
interested in the performance and scalability of each method as it is applied to differ-
ent instances of the problem. Comparison was made in several aspects:The number of
solutions, the time took to achieve these solutions. The MID (Mean Ideal Distance),
diversity. Leader objective value, Follower objectives value. The comparisons of the
algorithms and the time intervals are summarized in Table 3,Table 4 and Figure 3,
respectively. This analysis allows us to gain an understanding of which method can
cope with higher degrees of complexity and size of data. The comparison of
results of CRO,NSGA − II and TS demonstrates the strengths and drawbacks of
each in terms of trade-off between the two objectives: maximizing profit (OBJ1) and
minimizing CO2 emissions (OBJ2). CRO exhibits better computational efficiency, in
terms of faster computational time in different problem sizes, however compromise
with regard to leader and follower solutions with regard to OBJ1 and OBJ2 are in favor
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Table 3: Comparative Table

Time CRO NSGA-II Tabu Search

Size NO Time MID Diversity Spacing Leader
OBJ2,OBJ1

Follower
OBJ2,OBJ1

NO Time MID Diversity Spacing Leader
OBJ2,OBJ1

Follower
OBJ2,OBJ1

NO Time MID Diversity Spacing Leader
OBJ2,OBJ1

Follower
OBJ2,OBJ1

F
3
xD

5
xC

7
3 0.218285 sec 1.1111 59.111 0.001152 107,2549 582,1954 10 0.374175 sec 1.4717 181.65 0.77864 210,2589 485,1683 12 0.41828sec 1.4245 59.453 0.86544 291,2568 697,1541

F
4
xD

6
xC

8
5 0.381588 sec 1.3418 146.64 0.057351 238,3311 1079, 1181 10 0.366444 sec 1.3486 218.07 0.45415 238,3396 976,1254 3 0.442882 sec 1.2748 76.694 0.92595 223,3193 761,1469

F
4
xD

8
xC

10
4 0.265184 sec 1.3418 142.36 0.24314 228,4582 972,1848 10 0.356717 sec 1.4359 267.09 0.32395 204,4579 1385,1395 3 0.419768 sec 1.4075 118.79 0.25576 311,4601 831,2029

F
6
xD

10
xC

12
6 0.299248 sec 1.5729 59.111 0.91737 465,3152 465,3152 9 0.375012 sec 1.6058 327.33 0.25414 174,6050 1363,1983 4 0.362457 sec 164.38 1.5424 0.84396 331,5922 1190,2096

F
8
xD

12
xC

14
6 0.376700 sec 1.5834 240.72 0.31166 312,6785 1610,2100 10 0.359279 sec 1.9536 383.4 0.22709 285, 6769 1676,1894 4 0.406104 sec 1.9136 1.9136 0.23083 326,6496 1762,1838

F
10
xD

14
xC

16
5 0.253389 sec 1.9964 406.76 0.27648 483,8638 1874,2597 10 0.473595 sec 1.9431 415.59 0.17495 471,8686 1716, 2695 4 0.266926 sec 2.0035 217.07 0.17154 608,8694 2090,2361

F
8
xD

15
xC

22
7 0.270885 sec 1.234 407.11 0.23316 455,9268 1880,3318 10 0.433007 sec 1.9167 434.96 0.23585 428,9253 1978,3190 4 0.278216 sec 1.9863 231.11 0.1293 595,9341 2362, 2826

F
10
xD

18
xC

20
6 0.262352 sec 2.1825 330.69 0.20823 563,9052 2491,3878 10 0.417815 sec 2.0533 436.97 0.1617 478,9308 2173 5 0.403734 sec 2.1868 239.52 0.18757 577,9073 2272,4067

F
15
xD

20
xC

30
3 0.281357 sec 2.4367 231.44 0.12388 859,10282 3700,4612 3 0.484370 sec 1.9633 192.23 0.21683 763,10165 3617,4735 3 0.406431 sec 2.2821 192.22 0.21618 972,10204 2866,5386

F
18
xD

28
xC

33
4 0.253424 sec 2.2854 344.49 0.22966 701,14268 3381,6085 3 0.458729 sec 2.3147 261.7 0.24187 604,14329 3882,5744 3 0.768795 sec 2.1345 261.03 0.16288 695,14182 3811,5645
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Table 4: Examination of Time Intervals

Size
Time

CRO NSGA-II Tabu Search

F
3
xD

5
xC

7
0.218285 sec 0.374175 sec 0.41828 sec

F
4
xD

6
xC

8
0.381588 sec 0.366444 sec 0.442882 sec

F
4
xD

8
xC
10

0.265184 sec 0.356717 sec 0.419768 sec

F
6
xD
10
xC
12

0.299248 sec 0.375012 sec 0.362457 sec

F
8
xD
12
xC
14

0.376700 sec 0.359279 sec 0.406104 sec

F
10
xD
14
xC
16

0.253389 sec 0.473595 sec 0.266926 sec

F
8
xD
15
xC
22

0.270885 sec 0.433007 sec 0.278216 sec

F
10
xD
18
xC
20

0.262352 sec 0.417815 sec 0.403734 sec

F
15
xD
20
xC
30

0.281357 sec 0.484370 sec 0.406431 sec

F
18
xD
28
xC
33

0.253424 sec 0.458729 sec 0.768795 sec

Fig. 3: Examination of time intervals

of lesser diversity in larger problems. NSGA− II is better at searching for the solu-
tion which is indicated by its higher diversity and a well-maintained MID (Mean Ideal
Distance), to portray a balanced convergence toward the optimal trade-offs between
OBJ1 and OBJ2. Though considerably less efficient for such as complex situations,
Tabu;Search provides the lowest MID values, indicative of its ability to converges
to exact solutions. Its diversity scores are, however, lower than our approach and it
may not perform well in problems in which a larger number of trade-off solutions is
to be explored. In general CRO is a very efficient algorithm, especially in situations
where computational speed is a priority. CRO is rapidly converging to acceptable solu-
tions, motivated by molecular energy transitions, and has both good computational
efficiency and an excellent initial performance. This makes it well-suited for time-
sensitive work that requires quick, efficient results. NSGA − II is generalist, tonsup
profit maximization and (CO2) reduction whereas TabuSearch leads to precision on
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less complex landscapes. only the former is efficient when fast approximate solution
is required, NSGA− II can be used for a global solution and TabuSearch prefers to
be used for more focused attempts with high precision.

4.4 Sensitivity Analysis

In this section, we concentrate on the sensitivity analysis of the model P1, particularly
analyzing the impacts of three selected parameters on the performance of the model.
Sensitivity analysis is carried out on the factors which are not well established in the
literature.

4.5 Sensitivity Analysis of cri

In the subsequent subsection, we conduct a sensitivity analysis for the parameter cri
under consideration, varying its value from 1 to 20. The impact of this parameter vari-
ation is analyzed, and the results are presented in the following table (5): The analysis
of sensitivity reveals for CRO, a steady response to the varied transportation cost
(cri) that affects leader and follower objectives. Leader’s objectives such as minimiza-
tion of construction cost and CO2 emission were subject to considerable variability,
while the construction cost show continuously increasing trend by increasing (cri) very
sharper in extreme levels, the CO2 emission had moderate to high peak at middle
levels and drop off slightly for extreme levels. Also, follower objectives showed a high
degree of sensitivity, profitability decreased sharply as transportation cost increased,
and a slight recovery at some (cri) values were noticed. Follower per capita CO2 emis-
sions grew steadily higher, as followers were being squeezed by high transportation
costs. In general, CRO was robust across different values of cri and able to preserve
feasible solutions despite changes in the objectives. But the point is to show the need
to manage transportation costs to achieve a balance of economic and environmental
performance.

4.6 Sensitivity Analysis for Environmental Impact

In the following subsection, a sensitivity analysis is performed for the parametereri
of interest by varying its value from 1 to 20. The effects of these variations are exam-
ined, and the findings are summarized in the accompanying Table (6) The sensitivity
analysis of from environmental impact eri of CRO algorithm showed the significant
response in the leader objective and the follower objective. The goals of leaders, such as
reducing environmental costs and impacts, showed moderate variability. The environ-
mental cost increased steadily according to eri with larger spikes in its peaks in higher
values (Cri = 20), while to environmental impact varied regularly to higher values
reflecting the challenges of adjusting to strict conditions. Follower goal dynamics were
highly sensitive, as performance criteria like environmental accommodation oscillated
as the eri level varied. Profitability (OBJ1 for followers) exhibited steep increases for
intermediate levels (Cri = 8) but a sharp decrease at extreme levels, indicating com-
plex tension between environmental constraints and economic sustainability. Follower
environmental goals (OBJ2) continued to rise, indicating that the pressure for a high
level of environmental impacts did not decrease. In general, the performance of the

24



Table 5: Sensitivity Analysis of cri

Algorithm NSGA-II CRO MOTS

Cri Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

1 6848 1912 8022 6263 6630 1752 10028 5266 6430 1984 9024 6220

4 13522 2007 5073 9705 10345 1871 4623 10125 12993 2061 1975 12733

5 12403 1930 3241 10507 13370 1891 598 13150 9229 1760 4739 1959

8 12876 2130 2227 12202 12747 1741 1892 12457 9428 2022 5211 9208

10 11608 2175 4301 10837 10472 1643 5375 9813 14814 4003 1257 14176

15 11666 2185 3735 11506 9380 2098 6021 9220 9432 1094 7034 953

20 14631 1623 1315 14351 13342 1689 3074 12682 12964 1786 2982 12794
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Table 6: Sensitivity Analysis of eri

Algorithm NSGA-II CRO MOTS

eri Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

1 8177 2050 8046 7033 8247 1966 7082 7997 6612 1918 8257 6472

4 6377 2855 7653 6067 8561 3484 7069 6721 6457 2537 8043 5677

5 6925 3003 8596 6126 6847 3449 8795 5927 6686 3842 8236 6586

8 6245 2147 9329 6026 7005 2820 8500 6855 7075 4995 9006 6369

10 6965 4137 9305 6050 9077 3920 7888 7417 8844 6494 8750 6525

15 15446 6367 7568 7831 9712 6612 8446 6953 10255 7122 8417 6852

20 10709 5303 8522 6743 12078 6367 9108 6087 10101 6875 8783 6572
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CRO is robust for different eri settings and feasible solution can still be obtained even
when the objectives drastically change. Nevertheless, the study highlights the need to
address the negative impact on the environment in order to maintain an integrated
optimization of economic and environmental dimensions.

4.7 Sensitivity Analysis for Cost Conveying via Vehicles

In the following sub-section, a sensitivity analysis is performed on the parameter; ccl
in question, by changing its value in a range from 1 to 20 systematically. You have
made a proper analysis of the effects of these two variations and the results will be
shown in the table (7). The sensitivity test results for CRO algorithm showed that the
CRO is sensitive with per-unit cost of products conveyed by vehicle type ccl of leader
and follower objectives. There was large variation of preference on leader objectives
such as reduction of environmental costs and pollution. Environmental costs continued
to increase with increasing ccl, with the largest relative changes made at larger ccl.
Environmental effects had some stability with small variations. Followers’ goals were
found to be highly sensitive to variations in ccl. The overall profit decline seen at
very high ccl values can on occasion be reversed at moderate levels, suggesting a more
intricate relation between cost pegs and long-term performance. Environmental effects
of followers were all higher than the leaders, reflecting the continuing environmental
issues of increased transportation costs. In general, the CRO algorithm presented
a robust performance along different ccl levels, as it was able to preserve feasible
solutions, even when objectives varied. The work underscores the necessity of strong
economic pressure for the trade-offs which must be made between the economic and
environmental goals to not give in to a purely transshipment policy.

5 Conclusion and Future Work

The research presented in this paper addresses the pressing need for sustainable
logistics by formulating a novel Competitive Bi-level Multi-objective Green Location
Routing Problem. This problem models the hierarchical decision-making process
between two competing firms?the leader and the follower?where the leader determines
depot locations and the follower optimizes product distribution routes. The proposed
bi-level mixed-integer linear programming framework simultaneously minimizes eco-
nomic costs and environmental impacts, specifically CO2 emissions, reflecting the
dual priorities of cost efficiency and sustainability in modern supply chains. To solve
this complex bi-objective bi-level problem, the study introduces the Bi-level Multi-
objective Chemical Reaction Optimization algorithm, a metaheuristic inspired by
chemical reaction processes. The method effectively balances exploration and exploita-
tion in the solution space, maintains diversity, and avoids premature convergence,
which are critical for addressing the multi-level and multi-objective nature of the
problem. The algorithm?s design includes specialized reaction operators?synthesis,
decomposition, interchange, and ionization?that operate on both leader and follower
decision variables to iteratively improve solution quality. We provide a thorough
comparative analysis of the optimization algorithms, BMCRO algorithm, TS, and
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Table 7: Sensitivity Analysis Cost of Conveying Products via Vehicle Types

Algorithm NSGA-II CRO MOTS

ccl Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

Leader
OBJ1

Leader
OBJ2

Follower
OBJ1

Follower
OBJ2

1 8410 2106 8211 7143 8333 2034 8104 7002 6710 1903 8311 6522

4 6501 2914 7717 6200 6400 2800 7604 6112 6601 2605 8112 5700

5 7243 3170 8600 6240 7123 3050 8528 6132 6832 3800 83043 6603

8 6447 2256 9507 6112 6338 2143 9456 6072 7238 5882 9234 6316

10 7123 4285 9465 6133 7054 4112 9304 6000 8908 6554 8765 6474

15 15505 6500 7708 7906 15052 6405 7610 7832 10308 7106 8550 6800

20 10800 5451 8605 6834 10743 5300 8503 6700 10450 6900 8800 6603
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NSGA-II when dealing with bi-level multi-objective problems using datasets in differ-
ent scales. Every technique has its advantages: the proposed algorithm with its high
computational efficiency, NSGA-II that maintains good trade-offs among objectives,
and TS with its accuracy over simple problem landscapes. A sensitivity analysis
highlights the importance of under-examined parameters in algorithm performance,
shedding light on model tuning and robustness. The proposed model assumes perfect
information sharing between the leader and follower, as the leader?s decisions rely on
precise forecasts and information provided by the follower. In practice, information
asymmetry can lead to suboptimal or unstable outcomes because the leader might
make decisions based on incomplete or inaccurate data, and the follower may strategi-
cally withhold or misrepresent information. This can cause non-cooperative behaviors
and deviations from the optimistic equilibrium. To capture these effects, future
model enhancements could incorporate game-theoretic frameworks with incomplete
information or signaling mechanisms, allowing analysis of how information asymme-
try influences equilibrium stability and solution robustness. On the other hand, the
current model focuses on a single follower scenario to maintain clarity and computa-
tional tractability. Introducing multiple followers who simultaneously respond to the
leader?s strategic decisions would significantly increase the complexity, as it trans-
forms the lower-level problem into a multi-follower game with potentially competing
objectives. In such a setting, the leader?s problem becomes a multi-leader-follower or
Stackelberg-Nash game, where followers compete among themselves while responding
to the leader. This would require modeling the followers? interactions explicitly,
possibly through equilibrium concepts such as Nash or generalized Nash equilibria.
Extending the model to multiple followers is a promising direction for future research,
enabling the study of competitive dynamics among transportation providers and their
impact on overall supply chain sustainability and efficiency. Another important aspect
that should be considered for future work is the multi-follower issue. The current
bi-level model assumes a single follower and does not explicitly consider horizontal
competition among multiple logistics providers. Introducing horizontal competition
among followers would change the hierarchical game structure into a more complex
multi-follower Stackelberg game with competitive interactions at the follower level.
This competition could lead to different equilibrium outcomes, such as multiple
equilibria or more aggressive follower strategies, potentially affecting the leader?s
optimal depot location and routing decisions. The leader might need to anticipate
competitive behaviors and design contracts or incentives accordingly. Modeling such
horizontal competition would require integrating game-theoretic solution concepts
for multi-follower games and possibly employing equilibrium computation algorithms
tailored for these settings. We recognize that, regarding stability over time amid
changing market conditions or regulations, the model?s static formulation represents
a snapshot decision-making scenario. However, the bi-level structure inherently sup-
ports iterative re-optimization: as external conditions evolve, the leader can revise
strategic decisions in subsequent planning cycles, and the follower adjusts routing
accordingly. This iterative process maintains hierarchical stability by continuously
aligning strategic and tactical decisions. To explicitly address dynamic environments,
future research could integrate adaptive or robust optimization techniques or model
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repeated interactions as a dynamic game. Nonetheless, the current model provides a
credible and stable hierarchical framework by embedding the follower?s best response
within the leader?s decision process and assuming cooperative behavior.

A list of abbreviations used in the manuscript and their meanings:

VRP Vehicle Routing Problem
LRP Location Routing Problem
GLRP Green Location Routing Problem
GVRP Green Vehicle Routing Problem
EV Electrical Vehicle
BMCRO Bi-level Multi objective Chemical Reaction Optimization
NSGA-II Non-dominated Sorting Genetic Algorithm
TS Tabu Search
CRO Chemical Reaction optimization
BLPP Bi-objective Bi-level Programming Problem.
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