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1 | INTRODUCTION

Considering the diverse and stringent requirements of  fore,

Tae Yeon Kim

Abstract

As we move toward the era of 6G networks, the emergence of numerous end-
to-end services with diverse user demands is anticipated. To support these ser-
vices under varying network conditions, traffic must be routed through opti-
mal paths that satisfy quality of service (QoS) requirements while minimizing
transmission costs. Furthermore, climate change concerns are increasing pres-
sure to reduce both energy consumption and carbon emissions resulting from
service operations. Given that these complex factors affect multiple domains, it
is essential to develop an effective method for routing optimization. To address
this issue, we propose a metaheuristic optimization method for end-to-end ser-
vice routing that considers dynamic network metrics and computing site infor-
mation to reduce energy consumption and carbon emissions. Evaluation
results show that our approach selects near-optimal paths by accounting for
various factors, including QoS, energy consumption, and carbon emissions.
Compared with benchmark schemes, our model reduces the joint energy and
carbon objective by up to 63%, average service latency by up to 75%, and main-
tains the highest availability across all scenarios.
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Looking ahead to the era of 6G networks, it is anticipated
that networks will evolve in an Al-native manner. There-
standards development organizations (SDOs),

services in dynamic network environments, operating
end-to-end services in modern communication systems
has become a challenging task, involving numerous con-
siderations such as performance, cost, and efficiency [1].
Such challenges have made it difficult for network opera-
tors to manage networks manually while optimizing
resources and service performance. To address these chal-
lenges, Al technologies have emerged as a key enabler,
supporting automated network and service operations.

including 3GPP, IETF, and ETSI, are working to integrate
Al into their system architectures [2].

Despite the benefits of Al for network management,
its implementation poses significant energy-related chal-
lenges. Large-scale Al models require extensive data col-
lection and computational resources for training and
operation, which significantly increase energy consump-
tion [3,4]. Furthermore, ongoing climate change, charac-
terized by global warming, is pressuring network
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operators to reduce both the energy consumption and
carbon emissions associated with service operations [5,6].

Satisfying end-to-end service requirements necessi-
tates the consideration of multiple heterogeneous
domains [7-9]. For example, traffic exchanged between
users and application servers, and delivered over mobile
networks, traverses several domains, including access,
transport, and core networks [10]. This traffic is then for-
warded within data networks to appropriate computing
nodes (for example, application servers) for processing,
which consumes additional energy and emits carbon.
Therefore, beyond network infrastructure itself, the state
of computing sites must be considered to enable energy-
efficient routing and support service operation. To meet
service requirements while minimizing energy consump-
tion and carbon emissions, it is essential to determine
optimal traffic routes that account for both the current
network status and condition of computing sites. A repre-
sentative scenario in which such multidomain coordina-
tion becomes essential is emerging in 6G industrial IoT
environments. In these settings, sensing, control, and
analytics services must be delivered through access,
transport, and data domains while relying on distributed
computing nodes, making both quality of service (QoS)
assurance and energy-carbon efficiency crucial [11].

To address these challenges, this paper proposes a
novel metaheuristic routing method based on a genetic
algorithm. The proposed method identifies energy-
efficient traffic routes that guarantee QoS. Upon receiving
a user request, our model monitors network metrics
related to service performance, including latency,
throughput, and packet loss rates, and computes site infor-
mation, including available resources and energy status.
This information is then used to make intelligent routing
decisions, which are deployed on network elements to
deliver the traffic required for the requested services.

The main contributions of this paper can be summa-
rized as follows.

« We construct a system model that integrates multiple
heterogeneous network domains, distributed computing
resources, service-level QoS constraints, and detailed
cost functions. This model reflects the requirements of
emerging large-scale service deployments, including
applications such as 6G-enabled industrial IoT.

« We develop the enhanced genetic algorithm for rout-
ing optimization (EGARO), which introduces a
variable-length chromosome structure, k-shortest-
path-based population initialization, and specialized
crossover and mutation operators designed to preserve
path feasibility. This algorithm effectively addresses
the combinatorial complexity of end-to-end service
routing optimization problems.

« Comprehensive evaluations on real network topologies
with diverse traffic scenarios are conducted to evaluate
the effectiveness of the proposed method. Specifically,
we demonstrate that EGARO consistently reduces total
energy consumption and carbon emissions while satis-
fying QoS requirements. Compared with representative
baselines, EGARO achieves significant improvements
in terms of the multi-objective cost function and end-
to-end performance metrics.

The remainder of this paper is organized as follows.
Section 2 reviews related studies. Section 3 presents the
system model for the proposed energy-efficient routing
methodology. Section 4 details the proposed metaheuris-
tic approach. Performance analysis is presented in
Section 5, and Section 6 concludes this paper and dis-
cusses directions for future research.

2 | RELATED WORK

Over the past few decades, numerous studies have been
conducted on traffic routing, aiming to improve network
optimization and reliability [12-15]. Most of these studies
have focused on routing decisions to establish optimal
paths for service traffic while enhancing resource utiliza-
tion and QoS. Because AI technologies have recently
emerged as a promising solution for handling dynamic
network conditions [16], machine learning (ML)-based
approaches have been employed to automate path selec-
tion under varying network conditions [17,18]. In this
context, Petro and others [19] proposed an AI/ML-based
framework that predicts network conditions and makes
routing decisions accordingly. Additionally, minimizing
the cost and energy required for traffic forwarding has
become a key research topic [20,21].

To achieve cost and energy savings while providing
end-to-end services, both the communication and com-
puting domains must be considered during traffic rout-
ing. Beshley and others [22] proposed a service-oriented,
software-defined network architecture with advanced
methods for service prioritization, server selection, and
data transmission routing. Zhao and others [23] intro-
duced a method for selecting computing nodes in a com-
puting power network (CPN), where the computing
power information from each site is combined with net-
work metrics to determine routing paths. Additionally,
several studies have explored approaches that jointly
address routing optimization and broader network perfor-
mance objectives. Ding and others [24] proposed a joint
routing and resource allocation model aimed at minimiz-
ing overall network operating costs. Similarly, Chen and
others [25] presented a method that simultaneously
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optimizes user plane function (UPF) placement and traf-
fic routing to enhance network efficiency.

Metaheuristic algorithm-based methods are also key
enablers for making routing decisions in diverse network
types. In particular, genetic algorithms (GAs) have been
widely studied and applied to routing optimization prob-
lems. Riveros-Rojas and others [26] developed a GA-
based solution to optimize the routing of traffic flows and
assignment of software-defined networking (SDN)
devices to these flows. Additionally, Akhter and Near [27]
and Patel and H. E.-Ocla [28] proposed the energy-
efficient routing methods for IoT networks and wireless
sensor networks (WSNs), respectively. Moreover, some
studies have combined different metaheuristic optimiza-
tion techniques such as GAs and ant colony optimization
(ACO) to optimize network performance while account-
ing for both network failures and traffic routing [29].

In addition, SDOs have made efforts to design system
architectures that enable not only energy savings but also
reductions in carbon emissions during end-to-end service
operation. The 3GPP outlines use cases and requirements
for energy efficiency in 5G networks [30], followed by the
design of functions, interfaces, and procedures that are
compliant with a service-based architecture [31]. In ETSI,
the energy status and greenhouse gas emissions of virtual
network functions have been studied to develop methods
for estimating energy efficiency [32,33].

Although the work outlined above has contributed
valuable insights into achieving energy savings and QoS
for end-to-end service operations, studies specifically
focusing on minimizing carbon emissions remain limited.
Additionally, it is challenging to develop a metaheuristic-
based method applicable to complex network environ-
ments. Therefore, further research is required to develop
traffic-routing methods that jointly consider QoS, energy
consumption, and carbon emissions, in line with the use
cases and requirements defined by SDOs. Based on the
reviewed studies, a summary of representative works is
presented in Table 1.

3 | SYSTEM DESIGN

3.1 | System model

In modern communication networks, users generally
access a variety of end-to-end services, which generate
and transmit diverse traffic types across multiple
domains, spanning different network segments and com-
puting sites. In the SDN paradigm, each network domain
is managed by a controller that configures the data plane.
Additionally, computing sites, which process service traf-
fic, are managed by a management and orchestration

ETRI Journal-W] LEYJ—3

TABLE 1 Summary of representative studies on routing

optimization.
Network
Ref. type Key contribution/approach

[19] IP/SDN AI/ML-based framework for
predicting network conditions and

enabling adaptive routing.

[22] SDN SDN architecture integrating service
prioritization, server selection, and
routing decisions.

[23] CPN Joint node selection and routing using

computing power information and
network metrics.

[24] Heterogeneous Joint routing and resource allocation
model minimizing network operating
costs.

[25] 5G Core Joint UPF placement and traffic
routing to improve core network

efficiency.

Integration of GA and MILP to
jointlyoptimize flow routing and
device assignment.

[26] SDN

[27] ToT GA-based routing method for reducing
energy consumption in IoT traffic

delivery.

[28] WSN GA-driven energy-efficient routing

protocol for WSNs.

Hybrid GA-ACO algorithm enabling
adaptive routing and network self-
healing.

[29] 5G/6G

platform based on network function virtualization tech-
nology. Subsequently, to establish service traffic paths, an
end-to-end service orchestrator may be deployed at the
top layer of the system, which interacts with the control
planes of each domain. This system architecture is illus-
trated in Figure 1. Additionally, the notation used for sys-
tem design is summarized in Table 2.

3.1.1 | Network model

We model an end-to-end network as an undirected graph
G=(N,L), where N and L represent the sets of nodes
and links, respectively. The network consists of multiple
domains, including access, core, transport, and data net-
works, which are denoted as D€ {an, cn, tn, dn}. The
node set N is partitioned into domain-specific subsets Ny
and a subset of computing nodes N, such that N=
(Uge pNa) UN, and N.NNg=0. Each network node
i€ Ny has a forwarding capacity B;, while each comput-
ing node c& N, has a resource capacity B, for each
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FIGURE 1 Overall architecture of traffic routing.

TABLE 2 Summary of notation.

Symbol Description

G=(N,L) Multidomain network graph

D Set of domains (access, core, transport, data)
Ng4,N. Nodes in domain d and computing nodes
Lg, Linter Intradomain and interdomain links

B; Forwarding capacity of node i

B, Capacity of resource r at compute node ¢

S Service demand set

teT Time slot index

[tﬁtm, tg“d] Active interval of service s

SIrc

S Source node of service s

[ Max latency of service s

bsmi“ Min bandwidth of service s

gsmin Min availability of service s

usfflrin Min required resource r for service s

aij, byj, dij Avail., BW, delay of link between node i and j
df,’ct Delay for processing service s in node c at time ¢
P Traffic rate of node i at time ¢

ut Util. rate of resource r in node c at time ¢

cr

Phase,is Phase,c Base power consumed at i € N4,c€ N,

ai, P Power consumed per pi, u.,

ELE. Energy consumed in i € Ng,c € N, at time ¢
AL Carbon intensity in i € Ng, ¢ € N, at time ¢
Cl?, Cf_, Carbon emissions in i € Ng,c € N, at time ¢
x4 1 if node i is active at time ¢

A 1 if compute node c is active at time ¢

Z?jt 1 if link (i,j) carries service s at time ¢

Vi 1 if service s uses compute node c at time ¢
E! ot Choal Total energy and carbon emissions at time ¢

P Path of service s at time ¢

resource type r€ R, where R ={cpu, ram, gpu, disk}.
The links in L are categorized into intradomain and
interdomain links (that is, L= (UycpLda)ULiner and
Ly N Lineer = 0). A link between nodes i and j is an intrado-
main link if both nodes belong to the same domain;
otherwise, it is an interdomain link. Each link is
characterized by a bandwidth by, delay dy;, and an avail-
ability a;;.

3.1.2 | Service demand model

Let S denote the set of service demands in the network.
Each demand s€& is active over a time interval
[start gend] composed of discrete time slots, during which
it generates traffic. A source node s¥° € Ny, which is typ-
ically located in the access domain and represents the
entry point for service consumers, serves as the starting
point of the service. Each service demand s is character-
ized by QoS and computing requirements, including a
maximum end-to-end latency [["**, minimum bandwidth
requirement b;“in, minimum availability requirement
Gsmin, and required amount of computing resources us,“}i“
for each resource type r € R. These parameters must be
satisfied for all time slots within £, zend],

Different categories of services may exhibit diverse
parameter requirements. For example, delay-sensitive
applications typically impose small [™* and high ™",
whereas data-intensive or computing-heavy services may
tolerate higher latency but require greater bandwidth or
= computational resources. Therefore, the proposed
model accommodates heterogeneous service require-
ments while enabling the service orchestrator to deter-
mine end-to-end paths and computing locations that
satisfy these requirements jointly.

3.1.3 | Energy consumption model
We model system energy consumption to quantify the
energy required to provide services in the network by
considering the power consumed during both traffic for-
warding and service processing. Specifically, the total
energy consumption is defined as the sum of the power
consumed by network nodes and computing nodes
within a given time interval.

The energy consumed by a network node i in time
slot t € 7 is defined as

Eﬁz(Pbase,i'Fai'pg)'At’ieNdED' (1)

Here, E; denotes the total energy consumed by node i
during time slot ¢, which has a duration of At. This value
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is computed as the sum of the base power consumption
Ppasei, Which is the power required for node operation,
and the additional power «;-p!, which depends on the
traffic rate p! and parameter ;. The parameter «; repre-
sents the amount of power consumed per unit of traffic
rate. Multiplying the total power by the time slot dura-
tion At yields the total energy consumed.

The energy consumed by a computing node at a spe-
cific time slot ¢ is denoted as

E Pbasec+ Zﬁcr c, At ceEN,, (2)

reR

where E! represents the energy consumption of comput-
ing node c at time ¢. This consumption is calculated as
the sum of the base power Ppase . and the power used for
processing service traffic, which is represented by the
term g, -u.,. Here, j3,, denotes the power consumed per
unit of resource usage for resource type r, while u/, rep-
resents the utilization rate of that resource at time ¢. Just
as in the network nodes, the total power is multiplied by
the time slot duration At to determine the total energy
consumed by the computing node.

Cl=F-1, @)

Co=Ec- A (4)

In addition to energy consumption, the carbon emis-
sions produced by network nodes and computing nodes
are calculated using (3) and (4), respectively. The carbon
emissions for each node type are derived from their
respective carbon intensities, which represent the
amount of carbon emitted per unit of energy consumed.
Specifically, C} and C’. denote the carbon emissions of a
network node and computing node at time slot ¢, respec-
tively. These values are computed by multiplying each
node’s energy consumption by its corresponding carbon
intensity, which is denoted as 4} for network nodes and
A for computing nodes.

3.2 | Problem formulation

When providing end-to-end services in a network, it is
essential to minimize both energy consumption and car-
bon emissions while satisfying QoS requirements. To
achieve this objective, service paths must be optimized.
This task can be formulated as a routing problem that
accounts for key factors affecting energy consumption
and carbon emissions, considering both network and
computing nodes.

ETRI Journal-W] LEYJ—S

3.21 | Optimization model

As the first key factor in addressing the aforementioned
objective, it is essential to quantify the energy consumed
while providing end-to-end services. The total energy
consumption associated with a service path is defined as

total Zx EtJr Zyc (5)

i€ Ng ceN,

where x} and )! are binary variables indicating whether
network node i and computing node c are assigned to for-
ward and process service traffic, respectively. The value
of each variable is determined as follows:

. J 1, if3ses, z”_l
X = (6)
0, otherwise
. 1, ifEIseS,y;C:l. )
¢ 0, otherwise

Here, zf}t is a binary variable indicating whether
the link connecting nodes i and j transmits traffic for ser-
vice s at time slot ¢. This variable takes on a value of one
if the link is included in the service path and a value of
zero otherwise. Similarly, )* is defined as a binary vari-
able, as shown in (7), where y; . indicates that service s is
processed at computing node c at time slot ¢. Therefore,
the total energy consumption corresponds to the sum of
the energy consumed by all nodes included in the
selected service path. Likewise, the total carbon emitted
at time ¢ is the sum of the emissions from all network
and computing nodes involved in the service path, as
defined in (8).

total Zx Ct+ Zyc Ct (8)

i€ Ng ce N,

The goal of the routing problem is to minimize the
total energy consumption and carbon emissions associ-
ated with all nodes involved in the service path, as
defined in 9. The associated constraints are relevant to
path selection while satisfying QoS requirements.
Constraint (10) restricts the traffic rate in network node
pi to its maximum capacity, which is denoted by B.
Constraint (11) ensures that the total delay across the
selected links and the computing node does not exceed
the service’s maximum allowable delay, which is denoted
by 1. Additionally, the availability of the links along
the service path must be greater than or equal to the
required service availability ™", as expressed in
constraint (12). Here, z% denotes the service path for
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service s at time slot t. Constraint (13) guarantees that
sufficient bandwidth is provisioned for service traffic
along the selected path.

min Z (E:otal + Ciotal)’ (9)
teT
S.t.p;<B;, Vi€ Ng,VteT, (10)

> dy-gy +dbi Yl <IN VseS,vee T,  (11)

5C -

(i,j)eL
H aijZQ;nm, VseS,VteT, (12)
(L)) € =t
>obrgy <by V(i) €LVIET,  (13)
seS

> Uty <Ber, VeEN,VFER,VIET,  (14)

sro
seS

> Ve=1,VseS,VteT. (15)

ce N,

Constraints (10) to (13) apply to the network domain,
whereas constraints (14) and (15) are specific to the com-
puting domain. Constraint (14) ensures that the total
resource usage across all services does not exceed the
maximum capacity of each computing node, as repre-
sented by B.,. Finally, constraint (15) ensures that each
service is assigned to exactly one computing node,
thereby preventing service distribution across multiple
sites.

3.2.2 | Computational complexity

The routing problem belongs to the class of constrained
shortest path problems and is formulated as a mixed-
integer nonlinear programming (MINLP) model with two
sets of decision variables: xﬁ, which represent the network
node selected for each service path, and y’, which specify
the computing nodes assigned to process the correspond-
ing traffic. The resulting energy consumption Ef, and
carbon emissions C} ., depend on the combination of
routing and assignment decisions. Furthermore, these
metrics correspond to coupled yet partially conflicting
objectives, because minimizing energy does not necessar-
ily minimize carbon emissions as a result of spatial and
temporal variations in carbon intensity. Therefore,
joint optimization over link-selection variables, resulting
in network node selection, and computing node

assignments yields a large-scale MINLP with O(|S|-|7 -
(IL| +|N,|) variables. Because such MINLP problems are
NP-hard and cannot be solved exactly in real time for
realistic multidomain network sizes, we adopt a meta-
heuristic approach.

4 | PROPOSED APPROACH

4.1 | Metaheuristic approach for routing
Our system aims to find an optimal path that minimizes
both energy consumption and carbon emissions while
satisfying QoS requirements within given time slots.
Based on the MINLP nature of this problem, which is
known to be NP-hard, we propose a metaheuristic
approach based on a GA. This approach is referred to as
EGARO.

A GA [34] is a type of evolutionary method designed
to find near-optimal solutions to NP-hard problems such
as routing optimization, which is the subject of our analy-
sis. The GA proceeds through several steps to obtain can-
didate solutions, each of which is also referred to as an
individual or chromosome. To apply a GA to routing
optimization, it is essential to define a suitable structure
for chromosomes in advance. The GA attempts to derive
optimal solutions over multiple generations by applying
operators such as crossover and mutation. Therefore, it is
also essential to design operators that not only guarantee
the diversity of solutions but also enhance the efficiency
of convergence to solutions.

42 | EGARO

In EGARO, a chromosome represents a service path, and
each gene within the chromosome corresponds to a node
ID, which is a unique value used to identify a specific
node. The first and last nodes in a chromosome must be
an access node and a computing node, respectively, as
service traffic originates from users and is processed at
computing sites. The intermediate nodes in a chromo-
some are the network nodes responsible for forwarding
traffic within one of the network domains. Figure 2 illus-
trates the definition of a chromosome for routing
optimization.

To derive diverse paths for routing optimization, the
fixed-length chromosomes used in classical GAs are inap-
propriate because service paths can have variable lengths.
Furthermore, service paths must not be excessively long,
as they would incur increased costs and make it difficult
to satisfy QoS requirements. Therefore, we define a chro-
mosome h € N¥, where k is the maximum allowable path
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length (for example, the maximum number of hops is
k-1). If the actual path length is shorter than k, then
zero-padding is applied to fill the unused positions in the
chromosome with zero values. Specifically, zeros are
inserted between the last network node in the path and
the computing node.

Based on the defined solution representation, the
chromosomes representing service paths must be gener-
ated to form an initial solution population. Because each
service demand has a predetermined source, one of the
computing nodes must be selected as its destination.
When our system receives a set of service demands, the
corresponding sources are extracted, and for each source
node, m computing nodes must be selected as candidate
destinations for the corresponding service traffic. There-
fore, EGARO not only determines service traffic paths
but also considers specific destinations, thereby prevent-
ing the exploration of impractical search spaces during
optimization.

In general, initial chromosomes are generated ran-
domly. However, in the case of multiconstrained routing
problems in complex networks, random searching
methods such as graph traversal algorithms incur signifi-
cant computational overhead. Furthermore, using the
shortest path algorithm to generate an initial population
is detrimental to exploring the search space effectively.
To address this issue, EGARO employs the k-shortest
paths algorithm based on a randomly selected cost met-
ric. Specifically, one of the following metrics is randomly
selected and used as the cost: latency, bandwidth, or car-
bon intensity. Then, for each destination in the set of can-
didate destinations, the k-shortest paths are calculated to
form the initial population. Subsequently, EGARO pro-
ceeds with the path determination process (for example,
routing) using tournament selection. To evaluate the fit-
ness of a solution h, (16) is applied to compute the corre-
sponding fitness value.

A A -1
frn= (w1 -Ep+wy-Cp+ws-8p+e)

7 Eh_Emin A
Ep=——,C;=
Enax —Emin +€

Ch - Cmin
Cmax — Cmin + e

The fitness function for chromosome # is calculated as
the inverse of the weighted sum of its normalized energy
consumption I/EZ normalized carbon emissions E‘;, and a
penalty term &y, indicating whether the solution violates
any QoS constraints. Each weight per component is
denoted by w;y,w,,w;, and the sum of all weights is one.
The normalized values are computed using (17), where
the estimated static minimum and maximum values are
used, and ¢ is included as a small constant to avoid divi-
sion by zero. This fitness function ensures that our sys-
tem prioritizes solutions that are both energy and carbon
efficient while still satisfying QoS requirements.

To find an optimal path using EGARO, operators
such as crossover and mutation are applied to two parent
solutions associated with the same source node. Figure 3
illustrates the concept of genetic operations applied by
EGARO. During the crossover process, EGARO employs
single-point crossover, which first requires identifying a
valid crossover position such that the crossover does not
violate path connectivity. To determine this position, the
system identifies common nodes, which are candidates
for the crossover position that exist in both parent chro-
mosomes but are not a source or destination, because
choosing these points could result in unsuitable paths
with no connections between intermediate nodes in off-
spring. Subsequently, one node is randomly selected
among the candidates to traverse the unexplored search
space effectively. The EGARO produces a wide variety of
solutions by performing crossover operations on chromo-
somes that have the same source and different destina-
tions, rather than being limited to chromosomes that
have both the same source and destination.
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In addition to the crossover process, a mutation oper-
ator is used to modify genes (for example, nodes in a ser-
vice path) to preserve randomness and diversity within
the population. During the mutation process, EGARO
chooses a random number of consecutive nodes, exclud-
ing source nodes, rather than applying the single-node
mutation used in typical GA-based methods [27,28],
thereby enhancing exploration of the solution space.
However, the mutation process may generate unqualified
paths, where the modified nodes are not connected to the
remainder of the original path, thereby disconnecting
the path. To address this issue, EGARO applies the muta-
tion process while checking the neighboring nodes of the
modified nodes so as to guarantee that the mutated solu-
tion is still qualified to forward service traffic. In this
manner, EGARO’s mutation process prevents the waste
of resources to generate unqualified solutions, thereby
resulting in efficient exploration to derive optimal solu-
tions. The overall procedure of EGARO is summarized in
Algorithm 1.

Algorithm 1. EGARO

1: procedure EGARO

2 > Initialization Phase

3: for all s € ServiceDemands do

4 D — RandSelect(s,m) //
random m dst.

5: foralldeDdo //d==
destination
6: cm «— RandCostMetric()
7: paths — KShortestPaths
(d,k,cm)
8: Population — Encode
(paths)
9: end for
10: end for
11: > Evolution Process
12: for gen < 1 to G do
13: P+ TournamentSelection
(Population)
14: O — Crossover(P)
15: O — Mutate(0)
16: O < EnsureFeasibility(0)
17: EvaluateFitness(O)

18: Population « Elitism
(O, Population)
19: end for
20: return
BestChromosomes(Population)
21: end procedure

In Algorithm 1, the initialization phase (Lines 3-10)
constructs the initial population by selecting candidate
computing nodes for each service demand and generating
corresponding paths based on the k-shortest paths, while
filtering out infeasible solutions that violate basic connec-
tivity. Subsequently, in the evolutionary phase (Lines 11-
24), tournament selection is employed to select parent
chromosomes, after which the crossover operator recom-
bines feasible path segments at common intermediate
nodes to preserve path connectivity. The mutation opera-
tor then rearranges selected genes by replacing nodes
with their neighbors while ensuring that the resulting
route remains a valid end-to-end path. Subsequently,
each chromosome is evaluated using the fitness function,
which jointly considers energy consumption, carbon
emissions, and QoS violation penalties. Finally, an elitist
replacement strategy preserves the best individuals from
the current generation, and this process is repeated until
the maximum number of generations is reached or con-
vergence occurs.

5 | EVALUATION

51 | Simulation environment

To demonstrate the effectiveness of the proposed method,
we implemented a Python-based network simulation
environment consisting of different types of network
nodes, computing nodes, and links. To construct this
environment, network topologies with different numbers
of nodes and links provided by SNDIib [35] were used:
(i) Abilene with 12 nodes and 15 links, (ii) Nobel-EU
with 28 nodes and 41 links, (iii) Germany50 with 50 nodes
and 88 links, and (iv) TA2 with 65 nodes and 108 links.
Next, the network nodes of the SNDIib topologies were
categorized according to their betweenness centrality [36],
which represents node importance by measuring how fre-
quently nodes appear in shortest paths. In our multido-
main scenarios, each network domain role is assigned
according to descending betweenness centrality values,
meaning the nodes with the highest centrality correspond
to the data network, followed by core, transport, and
access networks. Figure 4 presents examples of each of
these network topologies.

Based on the simulation environment, we implemen-
ted not only the proposed method but also several conven-
tional routing methods for performance comparisons:
(i) Dijkstra, (ii) path assignment (PA), (iii) energy efficient
GA (EEGA), (iv) GA-based ad-hoc on-demand multipath
distance vector (GA-AOMDV), and (v) the proposed
EGARO. Among these, the Dijkstra method determines a
routing path using the number of hops, selecting the path
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FIGURE 3

Chromosome operators:

crossover and mutation.
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with the minimum number of hops from a source to a des-
tination. The PA is a baseline approach that is widely used
in tunneling mechanisms. It simply selects one of the pre-
determined paths to maximize link bandwidth [24]. The
EEGA [27] is a GA-based approach that aims to minimize
energy consumption for traffic transmission using a
single-point crossover and single-gene mutation as

operators. Similarly, GA-AOMDV [28] is a GA-based
method that aims to find additional paths with less energy
consumption based on the paths identified by a basic
AOMDV protocol, which uses a single-node swapping
operator.

We generated 100 service demands with random
requirements for each topology and method in every time
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slot with a population size of 50. In each time slot, ran-
dom values were assigned to the attributes of links and
nodes within predefined ranges for each domain to vary
the network conditions. The remaining evaluation
parameter details are listed in Table 3.

5.2 | Performance analysis

The first performance metric is the success rate, which is
compared across different methods and network topolo-
gies in Figure 5. This metric indicates how many of the
selected routing paths for the service demands meet
the corresponding requirements. One can see that the
proposed EGARO method consistently outperforms all
other approaches, achieving the highest success rates
across all four network topologies. Notably, while tradi-
tional methods such as Dijkstra and PA exhibit relatively
high variability and poor average success rates, excluding
the simple network topology, Abilene, EGARO demon-
strates enhanced robustness and reliability. Additionally,
GA-based methods such as EEGA and GA-AOMDYV per-
form competitively but still fall short of EGARO,
highlighting the effectiveness of the proposed optimiza-
tion method.

Next, the objective function values defined in (9) for
various methods and network topologies are presented in
Figure 6. According to the results, EGARO yields the
lowest objective function values in all cases, indicating
more efficient resource allocation and routing decisions
in terms of sustainability metrics such as energy

TABLE 3 Simulation parameters.

Attribute Values
GA population size 50

GA generations 100

GA mutation and crossover rate 0.2,0.7
GA fitness weights (wy,w,, w3) 0.3, 0.6, 0.1
GA tournament size 3

Link latency (ms) [0.1, 100]
Link bandwidth (Mbps) [10, 10°]
Link availability [0.959, 0.95999]
Node power per traffic (W/Mbps) [0.2, 0.6]
Node carbon intensity (gCO2e/kWh) [100, 1000]
Node power per CPU (W/core) [5,15]
Node power per RAM (W/GB) [0.1, 0.5]
Node power per GPU (W/GPU unit) [50, 200]
Node power per Disk (W/GB) [0.05, 0.2]

consumption and carbon emissions. In contrast, the PA
method yields the highest values, reflecting suboptimal
path selection and increased overall cost. The EEGA and
GA-AOMDV perform moderately, demonstrating the
advantage of evolutionary optimization but without the
full benefits of EGARO’s joint consideration of multiple
objectives.

To demonstrate the effectiveness of EGARO in terms
of various performance metrics, including latency, band-
width, and availability, we analyzed the average values of
these metrics for all network topologies. The latency
analysis in Figure 7 reveals that EGARO consistently
achieves the lowest average latency across all cases. In
addition, Dijkstra offers low latency because it aims to
derive the path with the minimum number of hops; how-
ever, its lower success rate and higher variability

100

F

75 4

v
S
1
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Method

FIGURE 5 Comparison of service success rates.
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FIGURE 6 Comparison of objective function values.
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levels, exhibiting values close to 100% across all network
scenarios. This advantage is critical because it reflects
EGARO’s capacity to maintain service continuity under
varying network conditions. In contrast, PA exhibits the
lowest availability, demonstrating its poor suitability for
scenarios requiring high reliability.

To further examine the scalability and performance of
EGARO, we evaluated its behavior under different con-
figurations (C1 to C4) for each service demand and
conducted an ablation study. C1 refers to a case that uses
all EGARO functionalities, including enhanced popula-
tion initialization and genetic operations. In contrast, the
other cases (C2 to C4) employ these functionalities selec-
tively. C2 and C3 only adopt enhanced population initial-
ization and genetic operations, respectively. C4 does not
leverage any EGARO features, using only the composite
fitness function. In the models not using EGARO fea-
tures, the conventional approaches used in EEGA and
GA-AOMDV were applied.

As shown in Figure 10, the average objective function
value increases with each configuration that does not use
the enhanced functionalities of EGARO, demonstrating
reduced effectiveness when not using the proposed
method. Furthermore, when EGAROQO’s enhancements
are applied, no significant increase in execution time is
observed. These results indicate that although more com-
plex configurations improve optimization outcomes, the
associated computational cost remains relatively low,
indicating EGAROQO’s practicality for real-time or large-
scale applications.

Figure 11 explores the impact of varying weight con-
figurations in EGARO’s fitness function on energy
consumption, carbon emissions, and the penalty for QoS
violation. As the weight for carbon emissions increases
(from left to right), the total objective function value and
carbon intensity both decreases, indicating the successful

85U017 SUOWIWOD A0 8|edl|dde 8y Aq peuenob aie Ssoile O ‘8SN JO'S3|NJ 10 A%eiq1 3UlUO AB|I UO (SUOIPUOD-PUR-SWLBIW0D A8 | 1M AleIq U UO//:SdNY) SUORIPUOD pue swis | 81 88S *[920z/¥0/2T] Uo A%idiTauliuo A|IM * AiseAlun urisesyloN -89 Bunokoq Aq vi7£0-G20g (1418/8T21 0T/ 10p/00 A8 | Afeiq 1 jpuljuo//Sdny wiouy pepeo|umoq ‘0 ‘9ZELEEZZ



LEE and KIM

12 |
WILEY—E TR Journal
2.0x10* - 1.00
[ Average objective function,
7777 Average execution time (s) g
“ v
a a S 1) —_
8 1.5x10% S = = 4075 @
5 5
2 ) £
2 =
2 g
B =
S 1.0x10° Joso 3
= S g
[=] kv 15
[5) e )
& < &
— Eo
5 g
Z 5.0x10° 4025 Z
%
0.0 - 0.00
Cl1

EGARO

FIGURE 10 Effects of different EGARO configurations.

1.0x10° 045
—— Carbon intensity (g/W)
Carbon emissions (g)
Energy consumption (W)

7.842E+5
7.283E+5

7.5x10° 0.4056 6.873E+5 T o
g / \ 2
S e
2 =
it 120.3699 %
o 5.0x10° N X 4035 §
> AN 2
= N £
2 N 5
= R 0.3378| o
o N Rl _e
o N N\ =1
2.5%10° N NN H030 ©
N N
N
R
0.0 . NN N\ 0.25
(0.7,0.2,0.1) (0.45,0.45,0.1) (0.2,0.7,0.1)

EGARO with different weights (w1, w2, w3)

FIGURE 11 Effect of fitness function weights.

tuning of the algorithm to prioritize environmental sus-
tainability. These results validate the flexibility of
EGARO in terms of accommodating different policy or
design priorities by adjusting its optimization weights.

5.3 | Discussion

While our evaluations demonstrate the effectiveness of
EGARO, we did not explicitly quantify the energy con-
sumption or computational cost associated with running
the algorithm itself. Our analysis primarily focused on
the energy and carbon footprint of the network and
computing infrastructure, implicitly assuming that the
orchestration overhead will remain relatively small. A
more rigorous assessment of overhead, including run
time and energy usage across different topology sizes
and traffic loads, would strengthen our overall
understanding of EGARO’s operational efficiency.

Incorporating such measurements into the optimization
framework represents a valuable direction for future
work and will help clarify the trade-off between optimi-
zation complexity and the achievable gains in energy
and carbon reduction.

6 | CONCLUSION

To support end-to-end services while meeting stringent
QoS requirements and reducing both energy consump-
tion and carbon emissions, it is necessary to establish
optimal traffic paths. To achieve such optimization, het-
erogeneous domains in which various networks transmit
traffic to computing sites for processing must be consid-
ered. Because the metrics affecting QoS, energy consump-
tion, and carbon emissions are complex and dynamically
variable, we proposed a metaheuristic routing method
employing a GA that accounts for these factors. Numeri-
cal experiments using real telecommunication topologies
from SNDIib demonstrated that the proposed method
consistently outperforms classical shortest-path routing
and existing GA-based schemes. Compared with previous
schemes, our method achieved up to 63% reduction in
the joint energy-carbon objective and up to 75% lower
average latency, while maintaining the highest
availability.

In the future, we will investigate an ML-based rout-
ing strategy utilizing a federated learning mechanism.
Additionally, our evaluation scenarios will be extended
by adopting use cases envisioned for 6G networks and
by implementing additional metaheuristic approaches
to serve as baselines for comparison. Finally, a detailed
experimental study of the run time and energy con-
sumption of the proposed method will be conducted to
account for the execution cost of the optimization
algorithm.
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