www.nature.com/scientificreports

scientific reports

OPEN

W) Check for updates

Slice-aware 5G network
orchestration framework
based on dual-slice isolation
and management strategy
(D-SIMS)

Sujitha Venkatapathy®®, Thiruvenkadam Srinivasan®2*, Oh-Sung Lee3, Raju Jayaraman?,
Han-Gue Jo*** & In-Ho Ra®***

Network slicing is crucial to the 5G architecture because it enables the virtualization of network
resources into a logical network. Network slices are created, isolated, and managed using software-
defined networking (SDN) and network function virtualization (NFV). The virtual network function
(VNF) manager must devise strategies for all stages of network slicing to ensure optimal allocation
of physical infrastructure (P1) resources to high-acceptance virtual service requests (VSRs). This
paper investigates two independent network slicing frameworks named as dual-slice isolation

and management strategy (D-SIMS) and recommends the best of the two based on performance
measurements. D-SIMS places VNFs for network slicing using self-sustained resource reservation
(SSRR) and master-sliced resource reservation (MSRR), with some flexibility for the VNF manager to
choose between them based on the degree to which the underlying physical infrastructure has been
sliced. The present research work consists of two phases: the first deals with the creation of slices,
and the second with determining the most efficient way to distribute resources among them. A deep
neural network (DNN) technique is used in the first stage to generate slices for both Pl and VSR.
Then, in the second stage, we propose D-SIMS for resource allocation, which uses both the fuzzy-
PROMETHEE method for node mapping and Dijkstra’s algorithm for link mapping. During the slice
creation phase, the proposed DNN training method’s classification performance is evaluated using
accuracy, precision, recall, and F1 score measures. To assess the success of resource allocation, metrics
such as acceptance rate and resource effectiveness are used. The performance benefit is investigated
under various network conditions and VSRs. Finally, to demonstrate the importance of the proposed
work, we compare the simulation results to those in the academic literature.

Keywords 5G network, Network slicing, Deep neural network, Resource management, VNF manager

In recent years, fifth-generation (5G) communication networks have changed the ICT landscape. The 5G mobile
network aims to support multiple vertical markets efficiently and flexibly, such as ultra-reliable low latency
communications (uURLLC), enhanced mobile broadband (eMBB), and massive machine type communications
(mMTC)". As shown in Fig. 1, network slicing is an effective method that can be used to learn more about how
resources could be sliced in order to meet a wide range of customers” needs®. Most research on network slicing
in the 5G era has been on either radio access network (RAN) slicing or core network (CN) slicing®. Research has
been carried out on virtualizing and softwarizing the radio resources for RAN slicing?, while studies known as
end-to-end (E2E) network slicing investigates where Virtual Network Functions (VNFs) should be located with
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Figure 1. Slice architecture for 5G network.

respect to the underlying actual infrastructure so that individual slices can operate autonomously>®. A study was
carried out on the creation of interfaces and protocols for inter-slice communication between RAN and CN”.

Isolating network slices from one another is an essential requirement for network slicing. This will eventu-

ally guarantee that only the VNFs required to run the intended applications are present in each slice. Therefore,
related efforts are typically focused on optimizing the deployment of several autonomous virtual networks®. For
the 5G network as a whole to be able to provide the needed network slice services, each instance of the slice must
have all of the relevant VNFs. 5G slicing enables for different degrees of isolation that share network services or
functions across numerous slice instances. In the course of the last few decades, a number of different algorithms
for embedding VNs have been developed. According to the type of optimization method employed, these VN
embedding algorithms can be classified in the cases of heuristic algorithms®~!!, meta-heuristic algorithms'>'?, and
accurate algorithms'*">. During the node mapping stage, heuristic algorithms primarily rely on node importance
ranking techniques to rank the corresponding importance of the substrate nodes and virtual nodes. In both cases,
link mapping for the virtual nodes is handled using the K-shortest path technique. Also, some learning-based
algorithms are rarely used in the literature when it comes to service provisioning'® or the creation of slices!’.

As is commonly known, network slicing involves three main components: slice creation, isolation, and man-

agement. Many network slicing orchestration frameworks are only focused on a specific network slicing func-
tion. It is widely acknowledged that the orchestration framework must still be developed in order to meet the
requirements of delivering each service for all three network slicing responsibilities. Furthermore, when VNF
managers use a single framework that provides services in all three aspects of slicing, they gain a competitive
advantage in providing higher-quality services to their customers. In order to address the issues identified in
previous studies, this article provides an orchestration framework that considers all three steps of the network
slicing process. The following is a list of the most important contributions that our work has made:

To the greatest extent of our knowledge, this is the first work to provide a full package for 5G network slicing,
covering the three main aspects of network slicing: slice creation, isolation, and management. Coordination
between the three components is effectively handled by properly defining the VNF at each component.

To apply a deep neural network (DNN) training approach for slice creation, the performance dataset is
prepared for learning based on the realistic characteristics of diverse use cases.

To model a slice-aware network orchestration framework for optimal resource allocation based on dual-
slice isolation and management strategy (D-SIMS), namely self-sustained resource reservation (SSRR) and
master-sliced resource reservation (MSRR). The strategy selection is made based on the degree to which the
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underlying physical infrastructure has been sliced. Both of these strategies are capable of handling all three
stages of the execution process, which are as follows: (1) slice creation by deep neural network (SC-DNN),
(2) slice isolation by hybrid fuzzy-PROMETHEE (SI-FP), and (3) slice management by addressing four
responsibilities (SM-4R).

e To prepare strategy specific VNF for addressing four major responsibilities of slice management, such as
request report generation (RRG), dynamic resource recovery (DRR), inner-resource sharing (IRS), and
priority resource allocation (PRA).

® To make a more informed recommendation regarding the optimal network slicing strategy and PI virtual-
ization. This paper conducts an in-depth examination of two distinct strategies and evaluates them under
different physical infrastructure conditions and VSR settings. The optimal strategy for a given system is then
adopted.

The literature review for slice creation, isolation and management are carried out independently due to the fact
that this work builds the orchestration framework for addressing all three aspects of network slicing.

Slice creation strategies

Machine learning (ML) is a branch of artificial intelligence (AI) in which a machine or system can learn on its
own by analyzing the results of previous observations. Growing amounts of data and increased competition have
led to the widespread adoption of ML in a wide range of industries and sectors'®". 5G networks are becoming
more complicated as the number of newly connected devices and types of services has increased exponentially.
ML can be considered for automating various network functionalities such as slice creation, deployment, man-
agement, monitoring, fault detection, and security?**!. With a focus on ML-based slice creation, a lot of research
has been done to show how the ML model can be used with the 5G network. Slicing a 5G network allows for
adaptable service delivery to specific use cases. In??, an effective slice formation mechanism used that supports
Key Performance Indicators (KPIs) connected to 5G and ensures resource allocation by modifying the inter and
intra-slice allocation methods. Random forest (RF), support vector machine (SVM), k-nearest neighbors (KNN),
and decision tree (DT) have been used in* to select the best suitable slice in the physical network. According to
the results of the study, using RF and KNN to create slices yields more accurate results than the SVM and DT
methods. In addition to that, this strategy achieved a high quality of service and service level agreement. In*, RF
shows greater performance while maintaining a high level of accuracy in the classification operation to distribute
the slices for the network traffic. In? efficient network slicing, ML and hybrid learning models have been used.
Both of them significantly improve the network’s performance. A deep belief network (DBN) method was used
in? for slice classification. The slices were classified according to eMBB, mMTC, and uRLLC with regard to the
use cases. DNN has been used to build slices that are more efficient and accurate. It uses KPIs to analyze the
network traffic and use cases. This method aims to select slices and for slice prediction with resource allocation,
slice management, and traffic management in case of network failure.

Slice isolation and management strategies
The authors of*” developed two node mapping methods with the help of the sequential selection principle and
auxiliary graphs, which turned the issue into a traditional graph theory problem. In?, an actor-critic Reinforce-
ment Learning (RL) model uses five ideal graph characteristics to create the issue environment, which is then
changed using a ranking mechanism. For the purpose of virtual network embedding, the network topology
attribute and network resource-considered algorithm (VNE-NTANRC) was suggested in?’. Before embedding
any particular VN, the VNE-NTANRC algorithm uses a novel way to rank nodes to determine the order in which
all of the substrate and virtual nodes should be ranked. The innovative method for ranking nodes takes into
account a total of five significant network topology aspects as well as global network resources. On the basis of
the limitations of computational, network, and storage resources®**!, proposed two fundamental VNE techniques,
namely node ranking metric for virtual network embedding (NRM-VNE) and resource consumption ratio for
virtual network embedding (RCR-VNE). Authors of*? suggested a heuristic technique known as information-
centric networking-network slice determination and embedding to address challenges associated with network
embedding in large-scale networks. In*?, Long Short-Term Memory (LSTM)-based modeling of network slice
traffic demands for resource management to tackle the issues of mobility management and non-uniform slice
deployment across an identified region. The primary value of the proposed algorithm is that it solves the prob-
lem without requiring any background information about the topology of the network or the availability of its
resources. In order to distribute the connections and nodes over a network, methods including PROMETHEE-II
and SLE are employed®. The PROMETHEE-II technique considers a selection of node features, and the SLE
method is suggested to collect every possible links for network service request nodes in order to guarantee the
shortest path of the network service request. The authors of** used an integer linear program (ILP) approach
to solve a 5G E2E sharable-VNFs-based multiple linked VNE problem (SVM-VNE). The unique topological
features of the 5G network were used to categorize VNFs as either sharable or non-sharable and to determine
how much of a difference there would be in the resources needed to support each. By taking advantage of VNFs’
inherent capacity for sharing, the suggested work is able to reduce the amount of material resources needed.
In*, the authors examined several metrics for multi-dimensional mapping efficiency and rated their usefulness
for heuristic and accurate network service embedding (NSE) approaches. Two heuristics and a mixed integer
linear program (MILP) were suggested by the authors based on their study on optimising multidimensional NSE.
In¥, optical network virtualization was implemented, adding an extra layer of complexity due to the optical
networks’ unique physical characteristics. In addition to providing a user-friendly environment, this unified vir-
tualization technology also provides an abundance of bandwidth resources. In*, the authors focused solely on the
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challenges of modeling resource and energy utilization for IoT applications operating in edge-cloud paradigms.
For the purpose of providing a concrete example for the accurate modeling of a service chain, a smart traffic
monitoring IP camera system was implemented. The authors then proposed a dynamic energy-aware service
function chain (SFC) strategy for edge-to-cloud IoT applications. The goal of the article* was to simplify the
network topology by integrating data centers and optical networks effectively. This was done by utilizing the
parallel transmission properties of optical fiber. The work presented a mathematical model for virtual network
embedding with the support of node proximity sensing and path comprehensive evaluation. The authors of
the paper* developed a model for estimating energy consumption and created an algorithm for energy-aware
virtual network migration (EA-VNM). They also developed an enhanced group VN migration algorithm to
reduce the time complexity of EA-VNM to a large extent while simultaneously allowing migration to take place
in parallel. The most recent contribution made by the authors was a proposal for a prioritized admission control
mechanism*! for concurrent slices, which was based on an approach to infrastructure resource reservation. The
reservation takes into account the dynamic nature of slice requests while also being resistant to the unpredict-
ability of slice resource requirements.

Motivation

The most recent works associated with network slicing are compiled in Table 1, which provides a summary of the
literature on network slicing components such as slice creation (SC), slice isolation (SI), and slice management
(SM). The table also includes the techniques, performance measurements, and task criteria used in the solution
process. In most studies, researchers have employed the same metrics for performance measurement of the
strategies. Different methodologies and aspects of network slicing have been described in the various pieces of

Ref. No. Approach Objective Technology SC |SI |[SM |RR |IS |PP
. . Allocate the slices for service
23 - - — — -
Machine learning Achieve the QoS and SLA KNN and RF v
2 Machine learning ﬁlalgﬁccate the secure slice for network RE v | B L
25 Deep learning S‘erve 4iverse services efficiently over a NN v | B L
single infrastructure
26 Machine legrning & Maximize the slice classification accuracy | DBN and NN v - |V v - |-
Deep learning
20 Deep Reinforcement learning (Iileiﬁk; efficiency and reduces end-to-end ](%e_%g S;té;ministic policy gradient B v v B L
Resource consumption
Availability gap ILp
2 Sequential selection & Auxiliary graphs Blockine nrobabilit Al based node mapping - v |- - - |-
18 P! ¥y K shortest path algorithm
SLA violation penalty
. . Average revenue to cost ratio .
» g)tlrglc t noge ranllzlng, Average node utilization g;;el.edf(f node mapping - Vo= - - |-
able node ranking Average link utilization 1nk mapping
30 3-D resource constraints, VNR acceptance ratio NRM-VNE _ v |- _ _ _
Node ranking Revenue to cost (R/C) ratio RCR-VNE
Service qualit Greedy-based ICN-NS-DE
32 Integer Linear Program Resourcg conZum tion ICN-GW mapping - v |- - - |-
P ICN-CR generating and mapping
Slice acceptance ratio ILP formulation
» Sharable virtual network functions Physical rgsource utilization Back-tracking coordinated virtual net- - v v v - |-
4 work mapping
Slice acceptance ratio SN . -
3 Mixed integer linear program Physical resource utilization gg&ﬁggiﬁ:ﬁ?l ieelérls\?;lF bundlin - v |V v - |V
CPU and memory utilization greedy g
7 gath EroWing app roach, Resource usage blocking ratio Branch-and-bound - v v v - |-
ecomposition approach
38 . . . Resource usage Heuristic resource _ B
Service Function Chain Energy efficiency Energy-efficient SFC embedding strategy e v v
3 Routing and wavelength assignment Qec\CIZE:?exf)i:-t}elea d ratio Priority of location - VNE - v |V v - |V
N . Energy cost EA-VNM
40 - -
Migration technique CPU and BW utilization EA-VNM-G AN A
4 L . . Acceptance rate Max-min optimization
Prioritized admission control mechanism | Response delay Slice resource reservation - v |V v - |V
Total cost
Slice creation accuracy DNN
MCDM approach, Deep learning, Slice Slice acceptance ratio PROMETHEE-II
Proposed aware resource allocation Physical resource efficiency Fuzzy min-max scaler A v e
CPU and BW utilization Dijkstra’s SP algorithm

Table 1. Summary of literature.
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literature, leading to inconsistencies in the field. According to our research and analysis of the relevant literature,
following is the summary and limitations of the aforementioned works on network slicing:

e The majority of the works listed in the table offer approaches for slice creation [18-21], while some works
focus solely on slice isolation [22-26] and others cover both slice isolation and slice management [27-33].

®  When it comes to resource allocation, the literature [27-29] focusing on slice management only offer solu-
tions for resource recovery (RR), taking into consideration the life-time of VSRs.

® Many previous works have allotted resources to a fixed assignment by making the assumption that every
application of a VSR is one of a kind. In order to prevent unsuccessful use cases, the monitoring of the acces-
sible resources within the other slices of data that are of a different kind has been disabled.

® Because of the aforementioned assumption for slice isolation, almost no works have adopted the concept of
inner-slicing (IS) in order to supply resources for unsuccessful use case, with the notable exception of [31].
The VNF should be defined into individual slices so as to find a way to allocate resources for different types
of failed use cases on a priority basis.

e Furthermore, priority provisioning (PP) is rarely discussed in the literature. There is no provisioning of VNF
for the individual slices to make space for resources supporting priority services. It is the responsibility of
the VNF in each slice to effectively manage resource contention while making allocation attempts for critical
services and unsuccessful use cases.

This led us to conclude that it is important to create an orchestration framework that can handle all three
aspects of network slicing. As a result, each part of network slicing is tackled with the most effective methods in
the suggested framework. The foundational structure of the new work that is being proposed has been developed
to address the shortcomings of the previous works. The accuracy, precision, recall, and F1 score are used to
evaluate the classification performance of the proposed DNN training method during the slice generation phase.
Acceptance rate and resource effectiveness are two metrics used to evaluate the efficiency of resource allocation.

Paper organization

The rest of this article is organized as follows: “System model” section summarizes the proposed system model;
“Mathematical background” section provides the mathematical background; “Proposed framework” section
describes the proposed 5G network framework; “Simulation results” section discusses simulation results with
case study; “Conclusion” section concludes the work.

System model

Physical infrastructure

A weighted undirected graph is used to describe the topological structure of the physical infrastructure (PI). The
graph is represented as Gp = (Np, Ep), where Np represents a collection of PI nodes and Ep indicates a collection
of physical links. In a graph, every node should have a CPU capacity (C), a link ca%acity (LC), a security level (SL),
a delay rate (DR), and a jitter value (JT). As an example, the parameters of the i*” node of a graph is specified as
a subset containing (C, LCh, SL;, DR), JT}h), i € N, Ip. Each edge i ina graph is also given a subset of information
about its assoc1ated nodes, denoted by Ej,(B wi,L 2), where BWP is the bandwidth of the link connecting node
i and jin PI, L} is the length of the link connecting node i and j in PI.

Virtual service request

Each VSR needs to meet requirements for the number of nodes, CPU power, bandwidth, security, the lifes-
pan, and types of user devices. Every VSR is modeled as an undirected graph Gy = (Ny, Ey) where Ny
represents the nodes of the VSR and Ey represents the edges of the VSR. Each node of a VSR should have
(CY, LCY, SR}, LT, DT{), m € Ny where C{}, LC{}, SRY, LTV and DTfare the required CPU capacity, link
capacity, security requirement, life-time and device type of m* node, respectively. Similarly, we can denote the
bandwidth requirement for the link between nodes m and n as BW{/". We assume that the VSRs are received
during a single transmission window*2. The VSRs make use of the physical infrastructure at regular intervals in
order to assign nodes and establish connections. The LTy of the previous request is used to determine how the
physical infrastructure’s available resources should be adjusted whenever a new VSR is received.

Mathematical background
Variables
m/": A binary variable with a value equals 1 if the mapping of virtual network node m to physical network node
i was successful, and 0 otherwise.

fij'" + A binary variable whose value is 1 if the physical network path (i, j) accommodates the virtual network
link (m, n) successfully and whose value is 0 if the link mapping is unsuccessful.

I'"": A variable that will indicate the shortest path available on the virtual link (m, n).

Objective
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Minimize, » Y w/"(C}} + LCP)+

meNy ieNp

> 2 W w
(m,n)eEy (i,j)€Ep
Constrains

Node processing constraints
" x Ct < Ch, VYme Ny,VieNp )
7" x LC* < LCh, Vm e Ny,Vi e Np 3)
7™ x SR < SLL, ¥m € Ny,Vi € Np (4)

Link associated constraints
7 x BW" < BWJ,¥m,n € Ey,Vi,j € Ep (5)

BWy", #al"=1
DS D0 = SBWE Al =1 (6)

(i,))€Ep (i) €Ey 0, otherwise

Vi,j € Ep,¥Ym,n € Ey

Variable constraints

g
> a"=1,YieNp )

ieNp

Z JT,-mZI,VmENV

8

meNy ( )
7" €(0,1),Vi € Np,Vm € Ny (9)
" e (0, 1),Vi,j € Ep,Ym,n € Ey (10)

Statements: The objective function (1) seeks to minimize the cost of the D-SIMS to accommodate the virtual
request nodes. The (2) constraint ensures that each PI nodei € Np has enough CPU capacity to meet the needs
of each virtual node m € Ny. The (3) constraint guarantees that the requested link capacity of a virtual node
m € Ny can be met by the link capacity of a PI node i € Np. Security level of the virtual node m € Ny can be
satisfied by the security measures of the PI node i € Np, according to constraint (4). The bandwidth of the PI
node i € Np must meet the bandwidth requirements of the virtual node m € Ny according to constraint (5).
The connectivity constraint is represented by Eq. (6). Mapping virtual links (m, n) to their physical links (4, ) is
carried out in link mapping stage If the outflow from the source PI node i € Npis 1, but the inflow from node

j € Npis 0, the result is Z(: ek i Z(/ egpJii = 1 in the destination PInodei € Np, the outflow value
is 0, while the inflow value is 1, then ij)eEp U’ﬁ Z wekp i = —1; in the other PI node the outflow and
inflow value is 1, then 2(1 J)eEp fz] Gii)eEp J = 0 Constralnts (7) and (8) ensure that a PI node can only

host a virtual node from the same VSR, and that a virtual node can only be mapped onto a PI node. 77" and fyy
are assured to be two binary variables according to constrains (9) and (10).

Performance metrics

We define a set of performance criteria to evaluate the proposed techniques*, which include the classification
accuracy (A), precision (P), recall (R), F1 score (FS), resource efficiency (RE), resource utilization (CPU ijized
and BW ijizeq) and acceptance ratio (AR).

Classification

Accuracy, precision, recall, and F1 score metrics are used to evaluate the classification performance of the pre-
dicted model. The metrics are calculated with the help of the following four indicators: (1) True positives (TP),
(2) False positives (FP), (3) False negatives (FN), (4) True negatives (TN)*. The process of determining a clas-
sification accuracy, precision, recall and F1 score is denoted as,
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B TP + TN "
" TP+ FP+FN + TN (11)
P= i 12
" TP+ FP (12)
R= Ll 13
" TP+ FN (13)
FS—Z*P*R 14
""" P+R (14)

Resource utilization

Total CPU capacity, link capacity and bandwidth can be computed by summing the utilized quantities of each
successful VSR (SV). The total utilized CPU capacity and bandwidth of each successful VSR are stored in TCy,
TLCy and TBWy, respectively, after the VSR has been successfully provisioned in PI.

N%

CPUutilized ZZ TCy (15)
k=1

N%

LCusitized =) _, TLCy (16)
k=1

N

BWasitized =y _ TBWk (17)
k=1

Resource efficiency
Resource efficiency can be measured using the revenue-to-cost ratio. The total of the node capacity, link capacity
and link bandwidth needs of an VSR can be used to calculate the revenues from adopting an VSR. A network’s
overall cost is equal to the total cost of its node capacity, link capacity, and link bandwidth. Resource efficiency
is represented as,

Modified the below equation

Zi‘; TC, + 2221 TLC, + thll TBW,
SV TCp 4+ S0V TBW,, * (Lsv)

RE = (18)

where Lgy represents the mapping length of each VSR’s shortest path which has been retrieved at the end of link
provisioning.

Acceptance ratio
To calculate this metric, we divide the number of successful VSRs by the total number of VSRs that occurred
within the chosen transmission time interval T,,y.

sV
AR= 1li

= im (19)

where TV denotes total VSR.

Proposed framework

For the purpose of network slicing, the proposed framework suggests two different alternative strategies, which
are referred to as SSRR and MSRR of D-SIMS. The VNF manager chooses one of these strategies based on the
manner in which the PI is sliced. When the PI is virtualized as three slices, the VNF manager chooses the SSRR
strategy. On the other hand, the MSRR strategy is chosen when the PI is virtualized as four slices. As can be seen
in Fig. 2, both approaches are broken down into the same set of three distinct phases, which are labeled as slice
creation, isolation, and management. Each of these phases is in charge of its own specific group of responsibili-
ties, and together they make up the overall process. However, the architecture’s phases are interdependent and
must be carried out in sequence. In the slice creation phase, the slices are generated for the PI and received by
the VSR, which gets the initial state of PI as the input att = 0 and gets the information about updated states of
PI from the slice management phase while getting the next VSR. The created slices of PI and VSR are transferred
to the slice isolation phase, where a VNF placement method is applied to allocate resources. The slice manage-
ment phase is commenced when any of the VSRs fails, where the effective management approaches are applied
to make unsuccessful VSRs successful. This phase also incorporates resource sharing for slice management after
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Figure 2. Proposed architecture for D-SIMS.

combining the results of the previous two phases. The following subsections describe the processes involved in
each phase of the strategies.

DNN for slice creation

DNN is a kind of ML in which the system makes use of several layers of nodes to extract higher-level functions
from lower-level data. The construction of DNN is built on layer connections via nodes known as neurons,
analogous to the biological neurons in the brain. DNN has three layers, namely the input layer, two or more
hidden layers, and the output layer. As an input, the KPI of the user devices is provided, and for each of the
two hidden layers, 15 neurons are taken into consideration. An associated connection weight, w;, is assigned to
each interconnection between two neurons. This weight is fitted throughout the learning phase of the process.
In order to determine its output, each neuron first computes a weighted sum of its inputs. In addition, the bias
value is added along with the cumulative input. Weights are optimized with the assistance of a variety of methods,
including stochastic gradient descent (SGD), limited-memory broyden-fletcher goldfarh shanno (LBFGS), and
adaptive moment estimation (ADAM). In order to get the intended outcome for the neuron, the activation func-
tion applies itself to the cumulative input value that is generated via the additive function. In this situation, the
sigmoid activation function, which is a continuous, nonlinear, and straightforward derivative function, is utilized.

The output neurons of the hidden layers are calculated using,

a; = Z(Wf'xf) +b

j=1

(20)

where xjis the KPIs of node, b is the bias, and wj is the weight of connection links. The output of the i"node in
the hidden layer is,

yi =f(a;)

where f is the sigmoid activation function. Final output of all neurons in the output layer y” is denoted as,

(1)

m
Y =FQ wirlh (22)
i=0
Due to differences in how they virtualize the underlying physical infrastructure, the proposed work creates slices
independently for each of the two D-SIMS. The SSRR strategy has been sliced into three parts: eMBB, mMTC,
and uRLLC, while the MSRR strategy has been sliced into four parts: eMBB, mMTC, uRLLC, and a master slice.
A performance dataset with input and label is prepared independently for each approach. Slices in SSRR are made
using each node’s KPIs. Since the master slice nodes in MSRR must be shared across all possible user requests
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during critical conditions, the rules for these nodes are designed to preserve those with the highest KPI values.
The remaining PI nodes are divided into three groups based on their KPI values. Classification is performed
using deep neural network. Accuracy is calculated to measure the performance of classification. Based on clas-
sification, three groups are formed in SSRR and four groups in case of MSRR.

Slice isolation of D-SIMS

We comprehend that allocating resources to the VSR nodes in the PI involves two sequential operations, namely,
node provisioning and link provisioning. To ensure the throughput, CPU capacity, and VSR security service level
agreements (SLAs) are met, it is important to validate the allotted nodes and links. Additionally, the distribution
of resources should maximize revenue and efficient resource utilization. In order to meet those requirements,
this work proposes a hybrid fuzzy-PROMETHEE method to perform node provisioning and Dijkstra’s algorithm
for link provisioning.

Node mapping through fuzzy-PROMETHEE

Most studies have found that feature extraction from individual nodes is the most effective way for analysing
network nodes. In order to determine a node’s ranking, we take into account factors like its CPU capacity (23),
degree (24), bandwidth (25), and closeness centrality (26).

CN'=C' . VieNp,Ny (23)

DN'=Y"EV ; i#j & VjeNpNy (24)
j

BN'=>"BWY : i#j & VjeNpNy (25)
j

. ..oy —1

LN'={ZL”J} . i#j & VjeNpNy (26)
j

where C' is the CPU capacity of node i in the network, E7 is a binary value that is 1 if nodes i and j are connected
and else 0, Shortest path length between nodes i and j is denoted by LY where BWY is the bandwidth of the
connection between nodes i and j.

These four variables have different relative importance’s and need be normalised before being ranked. In order
to meet this demand, a min-max scalar based on fuzzy rules was developed for each of the four parameters.
When applied to the parameters, the common membership function can be written as,

1 if(Yi = Ymax)
KHy,i = % if Yiin < Yi < Yinax) (27)
if(Yi < Yomin)

Where, Y; refers to any parameter of a node ’i’. The lower and upper bounds (Y, and Y,y,4x) of the respective
node parameters are identified from the network information. For instance, when calculating a node’s band-
width parameter (BN;), the value is calculated by first finding by the node with the lowest available bandwidth
in the network BN,i,, and then the value is finding the node with the largest available bandwidth BN,;,4y. The
network characteristics are also used to derive minimum and maximum values for the other node properties.
After computing the membership values of every node in both the PI and VSR networks, the PROMETHEE-
based multi-criteria decision making® is immediately put into effect, and the ranking of the nodes is done. In
this approach, the parameters of each node are considered separately, based on their interests and individual
preferences. The steps of the PROMETHEE-II method are as follows:

Step 1: Preparation of evaluation table. Each node in the evaluation table has its fuzzy membership values
saved in the evaluation Table 2. Assumed here N = [ny, ny, ..., nj]and X = [Xcn, Xpn, Xan,> Xin | are the sets of
nodes and membership values, respectively.

Xcn | Xpy | XN | Xin
m Xcena | XpNg | XBNg | XINg
) Xcnz | Xpnz | XBN2 | XiNg
n Xeng | Xpng | XBNg o | XLNy

Table 2. Evaluation table.
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Step 2: Preparation of preference function. In a network, every node is compared to every other node in the
network using a pairwise comparison for every parameter in the network. For example, the pairwise comparison
of node degree parameter is done by,

Penij = Xen,i — Xewyj (28)
Step 3: Building a global preference index.
4
w(i,f) =Y Penyi * W (29)
k=1

where wy, is an assumed nonzero weight function of component k and the total weights add up to 1.
Step 4: Outranking flows, all positive and negative, are computed. Calculations are performed using the fol-
lowing two factors in order to determine the location of each node in relation to all of the other nodes.

1
o) =— D @) (30)
xen;
iy 1 .
o () =171 ZN(XJ) (31)
XEN;

where ¢ (i) is obtained by ranking nodes by the absolute value of the positive flow to each one and ¢~ (i) is
determined by ranking the nodes by the absolute value of the negative flow to each one.
Step 5: Determination of net flow.

dG) =T () — ¢ (i) (32)

Require: Physical and Virtual nodes Gp(t), Gy (¢), life time r = 0
Ensure: Physical nodes Gp(t), Successful Virtual nodes SV
1: Calculate membership values ey, Upn, Usn, Uy Tor all nodes of Gp(r), Gy (1)

Prepare NRp(t) u

R S A A S

Al

—- = =
N =2

else

—_
(5]

14: end if
15: end for
16: end if

17: end for

sing PROMETHEE-II

Prepare NRy (¢) using PROMETHEE-II
Set nodeCount=0
for each node j of NRy (¢) do
if (NRy () # empty) then
for every node k of NRp(¢) do
if (Is constraints (2) to (4) satisfied?) then

locate Np(t,k) to Ny (¢, j)

Update Gp(r)
Increment nodeCount

Increment j

18: if (Ny (t) == nodeCount) then

19: Increment SV
20: end if

21: Calculate TCgy
22: return Gp(r)

Algorithm 1. Node mapping through hybrid fuzzy-PROMETHEE

The most value of ¢ (i) has been considered as the best node in the node ranking (NR). Algorithm 1 provides
a step-by-step breakdown of the hybrid fuzzy-PROMETHEE® procedure applied for mapping nodes. The algo-
rithm checks for the violation of the constraint while it is attempting to map nodes. However, node mapping
is only attempted if the constraints are satisfied. At the end of execution, the algorithm returns the nodes that
were allocated in PI for VSR. This algorithm is carried out each time a new VSR is received for the purpose of
node provisioning.
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Link mapping strategy

The primary objective of this strategy is to locate the shortest path that the VSR nodes in the physical infrastruc-
ture can take to reach one another. When it comes to VSR, it is abundantly clear that there are situations in which
the shortest and most direct route is not the one that should be taken. Under certain conditions, a connection
on the shortest route that has been chosen can be linked to the VSRs that have already been provided. Due to
this, it is absolutely necessary to find all of the connections between VSR nodes and then put them in Dijkstra’s
shortest path array (DSPA)* in a way that doesn’t go down in terms of the total length of the individual paths
that connect each node. This array has the potential to be utilized in the process of establishing connections for
VSRs. The shortest paths will likely be referred to in order as they are built during the process of establishing
connections. When no links are being provisioned at the present, the DSPA will select the path with the shortest
overall length. After the successful provisioning of links, it is able to calculate the total bandwidth utilized by the
VSR (TBWsy) and shorest path length Lgy.

Resource provisioning strategy

Assigning a node and establishing a link between the nodes of the VSRs received between 0 and T,y is the
essence of this process comprises. In the proposed work, each VSR is modelled as a set of eMBB, mMTC, and
uRLLC use cases in order to build a realistic dynamic environment. As a result, slicing the VSR and the PI prior
to allocating resources is an absolute requirement. The proposed orchestration architecture comprises a slice
creation step that feeds information into the resource allocation phase. This means that during the resource
allocation phase, it is guaranteed that all necessary VSR nodes are grouped into eMBB, mMTC, or uRLLC
nodes. The proposed resource distribution has been modeled by mapping the VSR slices to the relevant sliced
PI. A VSR should be able to obtain all kinds of slice in any quantity without exceeding the maximum number of
nodes per request. The whole process involved in the resource allocation phase is presented below in the form
of Algorithm 2.

Require: Physical nodes Gp, maximum lifetime 7, t=0
Ensure: Virtual Network Embedding

1: Gp(0)=Gp

2: fort < T,,,4 do

3: Get VSR(t)

4: Call Algorithm 1 for node mapping

5: Apply DSPA method for link mapping
6: for each path (DSPA) do

7: if (DSPA # empty) & (constraints (5)-(6) satisfied) then
8: do link mapping in Gp(¢)

9: break

10: else
11: increment p

12: end if
13: end for
14: end for

15: Calculate AR,RE ,CPU tized, BWysitized

Algorithm 2. Resource provisioning

Slice management of D-SIMS

This slice management phase is the final phase of the proposed orchestration framework, which has been initiated
according to the input received from the slice isolation phase. D-SIMS offers two strategies, namely self-sustained
resource reservation (SSRR) and master slice resource reservation (MSRR). The VNF manager determines the
best way to handle unsuccessful use cases in the self-organized slices, which are regarded as the immediate
reserves available for service provisioning, in accordance with the SSRR strategy.

When using the master slice as the immediate reserve for service provisioning, the VNF manager accom-
modates unsuccessful use cases in accordance with the MSRR strategy. Both the slice management strategies
find the best possible way to accommodate resources for the unsuccessful VSR from the available resources. The
strategy between the two is selected by the VNF manager according to the virtualization of the PI. The VNF
manager handles four responsibilities (4R) to manage the resource allocation, such as inner-resource sharing
(IRS), priority resource allocation (PRA), dynamic resource recovery (DRR), and request report generation
(RRG). Figure 3 describes all four responsibilities of a VNF manager working under two different strategies.

Inner-resource sharing

In this case, the unsuccessful VSR nodes are provided for resource allocation in the ‘alien-slice’. The term ‘alien-
slice’ is defined as the slice which accommodates its resources for the use case of different kinds referred as
‘alien-nodes’ An Alien-slice provides a possible kind of ‘quarantine’ for the alien-nodes for a short span of time.
Alien-nodes can complete their ‘quarantine’ whenever their associated slice has sufficient resources. The way that
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Figure 3. Four responsibilities of VNF manager in D-SIMS.

alien-slice is taken into account depends on the PI virtualization and strategy that have been chosen. Attempts
to prioritize the allocation of resources for unsuccessful use cases necessitate defining the VNF in terms of
individual slices. VNF takes on the responsibility of effectively managing resource contention while attempting
to allocate resources for critical services and unsuccessful use cases as defined. According to the SSRR strategy,
alien-slices are those that can accommodate foreign nodes. In contrast, for MSRR, a master-slice is viewed as a
universal alien-slice that can serve any of the three possible use cases by treating them as alien-nodes. As shown
in Fig. 3a, when slice ‘uRLLC’ lacks resources, use case ‘4> transforms into an alien node ‘A3’ and obtains the
reserved resource from an alien slice under SSRR, while under MSRR, use case ‘u” obtains the reserved resource
from the master slice, which itself functions as an alien slice. The allocation of resources for the alien-nodes in
the alien-slices is done by using the following equation:

Fe’ Re,V = Rm,P”Ru,P
Frm Rm,V = Re,P”Ru,P

SSRR, IRS =
Fy,  Ryy = ReplRmp (33)
Failed, Otherwise
Fe, Re,v = Rys,p
MSRR,IRS =4 fm Rmv = Rugp o0

Fu» Ru,V = Rms,P
Failed, Otherwise
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where, F,, Fy,, and F,, refer to the failed eMBB, mMTC, and uRLLC nodes, respectively. R, v, Ry, v, andR,, v
represent the requested resource of eMBB, mMTC, and uRLLC virtual nodes. R, p, Ry,.p, andR,, p show the avail-
able resources of eMBB, mMTC and uRLLC nodes in PI. R, ;s denotes available resources of master slice in PI.

Dynamic resource recovery

In this particular scenario, the VNF manager keeps a close eye on the duration of life for each of the individual
use cases that have been provisioned at the PI in the past. When it is determined that the use cases do not require
the use of PI resources, those resources that were occupied by the use cases are released back into availability.
It has been realized that the recovery would benefit from more dynamics if life-time was granted to individual
use cases rather than VSRs. Also, in practice, the intended life-span of each individual use case will be different.
According to Fig. 3b, for both strategies, the occupied resources of the use cases ‘e? ‘m! and ‘u! are released
when it is realized that they have reached the end of their life-time and no longer require service. For the VSR
with a life-time LT, the dynamic recovery of the resources is performed by the following equations:

During the time interval 0 < t < LT,

n n n
D Rp=) Rp=> Ry (33)
i=1 i=1 i=1
whent > LT,
n . n ) n )
D Rp=D Rpt) Ry (36)
i=1 i=1 i=1
where, R}, represents the resources of PI nodes and Ri, represents the required resources of virtual request.

Priority resource allocation
This case manages two kinds of priority provisioning that are alien-centric priority service (ACPS) and latency-
centric priority service (LCPS). The ACPS holds that because the quarantine period for the alien-nodes in the
alien-slices cannot be extended, serving the alien-nodes must come before serving the new VSR. LCPS, on the
other hand, thinks that when it comes to provisioning for nodes, uRLLC services should be given top priority
over all other use cases. When the SSRR strategy determines that the resources used by the use cases e', m!, and
u! have expired, the corresponding alien-nodes A2 in the alien slice are relocated to the appropriate slice (see
Fig. 3¢). To a similar extent, the MSRR method brings back the master slice’s foreign nodes as needed during
the course of the use cases’ lifetime. The equation that corresponds to the addressing of two different kinds of
priority service provisioning is as follows,

Restoration, Y | A, = R} pl|

PRA = Z?:l Alm = R:n,P” (37)
i1 Ay = R,p
No, Otherwise

where, Restoration indicates that the value of any alien-nodes are restored if possible when LT > ¢ for any of the
previous requests. LT indicates life-time of the previous request node and ¢ denotes dynamic value of life-time.
Al, Al and A! represents the alien-nodes of eMBB, mMTC and uRLLC nodes.

Request report generation

As this is the case, the VNF manager needs to send the final report of the VSR, regardless of whether it is success-
ful or not. The VNF manager should, at the very least, attempt to assign resources in order to avoid unsuccessful
situations. The unsuccessful VSRs will only be realized by the strategies if the PI does not have sufficient resources.
According to Fig. 3d, the report is unsuccessful for both strategies because it is discovered that the newly arrived
use cases ‘e, ‘m*, and ‘u® cannot be provisioned in the physical resources due to resource inadequacy. The fol-
lowing equations are used to compile the information for the report.

_ 1) Re,V =< Re)P&Rm,V =< Rm,P&Ru,V < Ru,P
RRG _{ 0, Otherwise (38)
1, Re,V =< Re,P”Rm,P”Ru,P&
Rin,v < Rmp|Re,p||Ry,p&
SSRR — RRG = " " ’ >
Ru,V < Ru,P”Rm,P”Re,P (39)
0, Otherwise
1, Re,V < Re,P”Rms,P&
MSRR — RRG = Rm,V < Rm,P”Rms,P& (40)

Ru,V = Ru,P”Rms,P
0, Otherwise

where, the value ‘1’ indicates that resource allocated for virtual request node successfully and 0 represents
resource allocation is failed.
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Simulation results

The suggested dual slice isolation and management strategies, called SSRR and MSRR, are tested separately
under a variety of set parameter conditions to get a full understanding of how well they work. Both of these
strategies handle all three phases of the execution process, which are as follows: (1) slice creation by deep neural
network (SC-DNN), (2) slice isolation by hybrid fuzzy-PROMETHEE (SI-FP), and (3) slice management by
four responsibilities (SM-4R). Through the use of the parameters associated with each approach, the efficacy of
the approaches used in various phases is evaluated. Table 3 includes a list of the variables taken into account for
the test case, including the variety of physical network resources and the VSR for the test scenario. The datasets
are classified into three or four categories based on their methods (SSRR and MSRR) : eMBB, mMTC, uRLLC
and master slice. The two dataset with 1000 samples are separately generated (SSRR one dataset with three class
and MSRR with four class). Based on the parameters provided in the reference study’, we consider the range
for attributes in the dataset. Training and testing are conducted using deep neural network with ration of 90:10,
80:20, 70:30. The graphs for the PI and VSR are made using the scale-free network model suggested in*®. The
proposed work makes use of Python to construct the simulation platform.

D-SIMS through SSRR

According to this strategy, it is assumed that the provided physical infrastructure is virtualized into three slices.
In accordance with the characteristics of the use case, the SC-DNN is used to generate three slices for both the
PI and the VSR. To account for the dissimilar nature of VSR and PI, we have constructed these performance
datasets independently. The CPU capacity, link capacity, bandwidth, jitter, and delay rate are the key parameters
identified for use in building the performance dataset***. The datasets are categorized as eMBB, mMTC, and
uRLLC depending on the specific fields they represent. An effort is underway to compile a dataset containing
information on 1000 population. DNNs are trained and evaluated using a variety of weight optimization tech-
niques, including ADAM, SGD, and LBFGS. The training-testing ratio is 9:1. DNN use the hyper parameter
values for our model such as learning rate 0.001, Batch size 32, Number of layers 4, Activation function ReLU.
To evaluate the relative effectiveness of various optimization techniques, we use metrics like precision, recall,
and F1 score. DNN methods are implemented using the scikit-learn python library. The precision, recall, and
F1 score outcomes for PI using DNN with various weight optimizations are displayed in Fig. 4a—c. As shown
in the figure, there are three major categories of approaches being evaluated, where each achieves performance
levels of almost 90% in terms of precision, recall, and F1-score. As measured by the overall percentage of correct
predictions in the performance dataset, ADAM is superior to competing methods. Figure 5 displays the results
of these three supervised DNN methods at different training-to-testing ratios, providing yet another illustration
of their usefulness. Overall, the figure demonstrates that the ADAM method achieves a higher rate of accuracy
than competing methods.

In the SI-FP phase, hybrid fuzzy-PROMETHEE is used to map VSR nodes in PI and their corresponding
links. At this stage, as shown in Fig. 6, priority is given to allocating resources for isolating slices. This scheme is
evaluated by assuming that PI is equipped with 100, 200, and 300 nodes, with request nodes ranging from 100 to
800. The values for the network features are drawn at random from the range shown in Table 3. Each link in the
graph has a fixed length of 1 unit so that performance can be more accurately measured. Node-generated values
from the preceding phase are made available as slices in PI and VSR for use in resource allocation. The SI-FP
system ensures that the needed VSRs have access to the necessary nodes and links by assigning the resources of
PI slices to VSR slices in an optimal manner. If the SI-FP scheme fails to allocate the necessary resources for VSR,
the SM-4R phase begins to support the resource allocation process. SM-4R is in charge of four tasks that assess

Parameters ‘ Descriptions ‘ Values

Physical Infrastructure Network

Np Total count of PI nodes 100,200,300
Cp CPU capacity of a PI node in unit U[20, 50]
LCp Link capacity of a PI node in unit U[20, 50]
SLp Security level of a PI node in real number (0-1)

ine BWp Bandwidth of each PI link in unit U[20, 50]
DRp Delay for each PI node in range (0-1)
JTp Jitter for each PI node in range (0-1)
Virtual service request

Ny The distribution of nodes for each VSR 20

Ty Total count of VSRs arrived in the time frame U[5, 40]
ine Cy CPU requirement for each VSR node in unit U[5, 25]
LCv Link capacity requirement for each VSR node in unit | U[5, 25]
SRy Security level of a VSR node in real number (0-0.5)
BWy Bandwidth requirement of each VSR link in unit U[5, 25]
LTy Time duration of each VSR node in unit U[10, 35]

Table 3. Test case parameters.
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Figure 4. Performance measures for classification in SSRR.
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the viability of VSR resource allocation and, ultimately, the VSR’s success or failure. Both resource efficiency and
acceptance ratio are enhanced by the synergistic use of SI-FP and SM-4R.

In Fig. 6a, we can see the aggregated findings concerning VSRs and resource efficiency, which show that
resource efficiency decreases with an increase in the number of nodes by the VSR, while efficiency rises as more
nodes are added to the physical infrastructure. Shorter paths between nodes in a larger network means more
efficient use of resources, as predicted by the resource efficiency equation. When a 100-node PI is used to allocate
resources to 800 virtual request nodes, resource efficiency is recorded as 0.7. Resource efficiency improves as
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well with increasing in node counts, reaching an optimal value of 0.8 when 100 virtual nodes are requested at
the PI equipped with 300 nodes.

In terms of the acceptance ratio, it can be seen in Fig. 6b that it rises whenever the number of nodes in the
PI network expands. This is the case even though more nodes are present. There are more nodes now, there-
fore a larger percentage of the population is on get on with it. With a shorter use case’s lifespan comes a higher
acceptance rate. When servicing 800 use cases in PI with 300 available nodes, the proposed technique obtains
an acceptance ratio of 0.9. In addition, as can be seen in Fig. 7a, it may accommodate ranging from a minimum
of 1494 CPUs up to a maximum of 12,540 CPUs within an infrastructure of 100 to 300 nodes. As can be seen in
Fig. 7b, the bandwidth requirements for the same operational state range from a high of 37,158 to a low of 4250.

D-SIMS through MSRR

This strategy makes the assumption that the physical infrastructure is virtualized into four slices, including the
master slice, eMBB, mMTC, and uRLLC. In contrast, the VSR is divided into three slices based on the traits of
use cases. Slices are produced for both the PI and the VSR using SC-DNN. Similar to the previous approach,
we have independently built these performance datasets using key parameters due to the differences between
VSR and physical infrastructure. The nodes with the highest KPI values are kept inside the master slice for PI
because they must act as an alien slice for all three types of use cases. eMBB, mMTC, and uRLLC are the three
remaining PI nodes, which are divided among them based on the particular fields they stand for. Similar to
the previous approach, a work is being done to create a dataset with data on 1000 population. The three DNN
techniques are used to measure the performance of slice classification. The results of slice creation measures
such as precision, recall, and F1 score for PI using various DNN techniques with a 9:1 training to testing ratio
are shown in Fig. 8a-c.

The accuracy measure for various training and testing ratios is shown in Fig. 9. It is clear from both Figs. 8
and 9 that the ADAM method outperforms the other two methods in terms of accuracy, precision, recall, and
F1 score. After the slices in PI and VSR have been created, the SI-FP phase can then continue. The creation of
the PI slices takes place at the very beginning, before the first VSR is received, and these slices do not undergo
any changes until the end of the total time frame.
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Figure 8. Performance measures for classification in MSRR.
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Figure 9. MSRR classification accuracy.

The slice for the VSR is generated as soon as the new VSR arrives and submits a request to the PI for resource
allocation. The effectiveness of MSRR is evaluated using PI equipped with 100, 200, and 300 nodes, much like
the prior strategy. The values for the network features are chosen at random from the range shown in Table 3,
and the VSRs are received with a random number of node requests. The SM-4R phase works with the SI-FP to
find the best way to turn the unsuccessful VSR into a successful one in order to increase resource efficiency and
acceptance rate. When determining the best way to allocate resources, all three performance criteria are taken
into account. The results are displayed in Figs. 10 and 11, and they are broken down into categories such as
resource efficiency, acceptance ratio, and CPU and BW consumption, respectively. Resource efficiency of 0.8, 0.7,
and 0.6 under the PI equipped with 100, 200, and 300 nodes for the total request of 800 nodes are clearly seen in
Fig. 10a. When the PI is equipped with 100 and 300 nodes and the total number of requested nodes is 100 and
800, respectively, the acceptance ratio is recorded as having a minimum of 0.7 and a maximum of 0.9, as shown
in Fig. 10b. Furthermore, as shown in Fig. 11a, it may accommodate between 100 and 300 nodes, each with a
minimum of 1481 CPUs and a maximum of 12112 CPUs. Bandwidth utilization varies between a maximum of
29,662 and a minimum of 4006 in Fig. 11b for the same operational state.

Discussions

Through a series of comparisons with the aforementioned literature, this section demonstrates the efficacy
of the MSRR and SSRR of D-SIM strategies, in particular with respect to VNE-NTANRC?, SVM-VNE®* and
SCE-DIVS*. We assumed that all of the proposed algorithms would have access to the dynamic provisioning
service for network requests. Evaluating how well and widely those requests are accepted when the PI has 300
nodes and is responsible for managing a wide variety of network requests is important. Figure 12 shows the
algorithms’ relative performance in a number of different settings. It is clear from Fig. 12a that when all other
methods are combined, the VNE-NTANRC approach has the lowest throughput. The SVM-VNE and SCE-DIVS
algorithms outperformed the VNE-NTANRC algorithm. In addition, both D-SIM techniques exhibit superior
performance in comparison to other evaluated algorithms. In terms of optimal resource allocation, the SSRR
method is marginally superior to the MSRR technique. The least resource efficiency obtained by the two methods
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Figure 10. Resource allocation performance measures of MSRR.
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Figure 11. Resource utilization of MSRR.
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Figure 12. Comparison results of SSRR and MSRR with existing methods.

in the PI outfitted with 300 nodes and 800 VSR is 0.73 for MSRR and 0.74 for SSRR, with SSRR producing a 10%
increase in resource efficiency over VNE-NTANRC. The adoption rate of the offered strategies is compared in
similar conditions. Figure 12b illustrates the outcomes of the algorithms’ successful execution in the context of
a 300-node physical infrastructure. The acceptance rate decreases as the total number of node requests rises.

Conversely, when VSR life-spans are lowered, acceptance ratios tend to increase as well. When adopting
the SSRR technique, it is possible to achieve a maximum acceptance ratio of 1 and a minimum acceptance
ratio of 0.62 when serving a total of 100 and 800 requested nodes. Other algorithms, such as MSRR, generate a
lower acceptance rate than SSRR. The VNE-NTANRC, which serves 800 request nodes, has the lowest overall
acceptance rate of 0.5. The effectiveness of the provided methods is validated by contrasting the time required
to perform the task with other metrics, such as resource efficiency and acceptance rate.

Execution duration’s for provisioning requests of different node counts are compared in Fig. 13. In general,
the time needed to execute the algorithmic procedures scales linearly with the sum of the request nodes and the
number of accessible nodes in the physical infrastructure. The SSRR algorithm for allocating resources takes
significantly longer than the MSRR technique to finish in all operational situations. The MSRR takes less than
ten milliseconds to service nodes with values between 100 and 300 when the underlying physical infrastructure
has 100 nodes. In addition, the PI with 300 nodes needs a response time somewhat longer than 10 ms, despite
servicing the same number of customers. Nonetheless, under PI with 300 nodes, the allocation procedure can
be finished by either strategy in less than 100 ms.

Conclusion

The proposed work provides D-SIMS called SSRR and MSRR for effective network slicing. The way the physi-
cal infrastructure is sliced has been modeled as influencing the choice strategies. In addition, the orchestration
frameworks of both techniques are ready to solve the three network slicing components, namely slice creation,
isolation, and management. With the aid of a performance dataset that included the crucial KPIs of the nodes,
deep neural networks were used to create slices for PI and VSRs. Isolating slices has been accomplished using
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both the Hybrid Fuzzy PROMETHEE for node mapping and Dijkstra’s approach for link mapping. In order to
improve resource usage, slice management was combined with the slice isolation phase. Four VNF functions were
constructed to handle the VNF manager’s four responsibilities. The performance of the suggested techniques has
been investigated under various PI and VSR conditions. The findings obtained were compared to those found
in the previous research to ascertain the efficacy of the proposed method. It has been determined that both the
SSRR and MSRR strategies of D-SIM outperformed previous work. More specifically, the framework based on
the SSRR method provides better performance than MSRR. In the worst-case scenario, when provisioning 800
request nodes in a PI of 100 nodes, SSRR achieved a maximum resource efficiency of 0.7 and an acceptance
ratio of 0.6. As a result, it is therefore suggested that under the three slice virtualization of PI, proper manage-
ment strategies will lead to increased performance. The current work can be expanded in the future to cover the
mobility and energy management of several use cases.

Data availability
The datsets used and analysed during the current study available from the corresponding author on reasonable
request.
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