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Abstract

Resource utilization in computer networks is a key area of research. Due to the
growing numbers of communication devices and data being processed in the
network, today's 5G networks are no exception. Network slicing provides a data-
driven, programmable solution by enabling the use of virtual segments over the
same underlying physical network, using techniques such as Software Defined
Networking and Network Function Virtualization. This paper focuses on predicting
the most suitable network slice for network tenants by utilizing the adaptive neuro-
fuzzy inference system as a multiclassifier for incoming network slice requests.
Each tenant is assigned a suitable slice based on the requesting device's type and
characteristics of the required communication channel. The slices considered are
massive machine-type communications, enhanced mobile broadband, and ultra-
reliable low-latency communications. Our evaluation of the model and simulation
results highlights the effectiveness of the Adaptive Neuro-Fuzzy Inference System
in selecting the most suitable network slice type, achieving a prediction accuracy of
99.97% using unseen data with a total increase of bandwidth utilization of 12.6%
during simulation. Displaying similar or superior performance to existing Deep
Learning and Machine Learning approaches.

Keywords: 5G Cellular Networks, Artificial Intelligence, Machine Learning,
Network Slicing, Neuro-Fuzzy Inference System.
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1. Introduction

Digital communications are increasingly becoming an essential part of not only the
average person's life but also of various industries, enterprises, and organizations. This is
largely driven by the exponential growth of mobile devices, [oT devices, smart homes, smart
security devices, healthcare, and much more [1]. It is quite clear that the network service
providers aim is to offer a vital communication channel for these devices. Therefore, many
researchers have tackled the issue of improving the management of network communication
resources [2][3][4]. Various network applications require stable and highly available
communication channels. These communication channels should be served with high
throughput, high bandwidth, and reliable channels personalized to the needs of each device.
Since much of their functionality is tangled with continuous network access, service
providers are constantly striving to fully exploit 5G technologies to provide such services to
millions of user devices [5].

While 5G technologies offer a seamless mobility experience, connectivity, and higher
network speeds than their predecessors, utilizing available network infrastructure remains an
important factor in network management and service delivery. For 5G service providers to
achieve high standards of quality of service (QoS) to their users and fully utilize the available
network infrastructure, network slicing became an influential part of 5G technology
implementation [6], enabling the use of virtual networks on top on the physical infrastructure,
which are termed network slices (NS) [1]. These virtual networks are tailored to the
requirements set by the use case of the connecting device; such ability is gained by
employing network softwarization. Paradigms such as software-defined networking (SDN)
and network function virtualization (NFV) [7] that in turn, provide swift reconfiguration,
programmability and flexibility to create the aforementioned slices, networked devices such
as the Internet of Things (IoT) gadgets could communicate through a separated network slice
from other devices such as vehicular communication or critical healthcare-based devices [8].
Although network slicing increases the QoS of the network by separating communications to
different portions of the network, constant monitoring of network traffic and decision-making
is required to sufficiently assign network slices to devices.

Based on the use case of the network, network slices could be classified into [9]: enhanced
mobile broadband (eMBB), ultra-reliable low-latency communications (uRLLC), and
massive machine-type communications (mMTC). Each service provides various QoS to users
based on business requirements. Moreover, a QoS class identifier (QCI) could be added to
further select the most suitable slice or sub-sub slice for a specific use case. In some cases,
uRLLC service has extremely low latency, resilience, and security whereas an eMBB service
may have high data rates and acceptable latency with nomadic mobility. It's possible that a
mMTC connection won't need characteristics like mobility management and handover, nor
will it need strict latency requirements. the eMBB service could also be further classified as
low-cost, high-speed, ultra-high-speed, or high-mobility [10].

Leveraging the power of artificial intelligence (Al) techniques in mobile networking is not a
new approach, it shows a potent ability to maximize network performance ranging from
wireless networking [11] to network softwarization [12] and in network specific functions
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[13] [14]. In turn, Al can be incorporated into many aspects of 5G networking, one of which
is network slicing. Previously trained machine learning (ML) and deep learning (DL)
techniques could be used to assess the massive amount of traffic that flows through the
network in real-time [15], which opens the doors to improving heterogeneous network’s
performance, adaptiveness, reconfiguration, and higher efficiency in resource utilization [16].
In this research, we utilize the Adaptive Neuro-Fuzzy Inference System (ANFIS) for its
ability to combine both fuzzy logic and neural networks, producing a powerful adaptive
system for calculating predictions and decision-making. The main contribution of our
research is integrating the ANFIS into a 5G network scenario, where the ANFIS predicts the
most suitable network slice to enhance bandwidth utilization of the 5G network by allocating
the appropriate network resources to satisfy QoS requirements of user equipment (UE), we
also compare the outcome in terms of prediction accuracy with relevant research, where more
sophisticated hybrid deep learning approaches are utilized as well as other machine learning
techniques. The model receives incoming device traffic characteristics from the network and
returns a device-specific slice to assign. This is achieved by utilizing various use cases of 5G
networks and other characteristics, such as packet loss rate, packet delay time, and connection
duration, which are readily available in the network.

The remaining sections of this paper are organized as follows: In section 2, related
literature in the field of the paper's research is discussed. Then the next section briefly
outlines the basics of ANFIS, and the dataset used to train the model. In sections 4 and 5, the
model's training results, evaluation, and performance in a simulation are shown, discussed,
and compared with relevant works. Finally, section 6 concludes the research with closing
remarks.

2. Related Works

Artificial intelligence is a powerful tool that enhances network performance and
configuration. This is why it is becoming the target for academic research in this field.
The authors of [17] proposed a hybrid model composed of a convolutional neural network
(CNN) and long short-term memory (LSTM) to enhance the quality of service of wireless 5SG
and 6G networks by predicting appropriate network slices and inherently optimizing the
reconfiguration of the network while addressing other issues in 5G networks, such as load
balancing and slice failure handling.

The authors of [18] developed a DL model and termed it DeepSlice. It leverages ML and
DL to predict correct slices as well as optimize network load efficiency and availability. The
model was used to analyze incoming traffic and predict the appropriate network slice for
known and unknown devices while also addressing slice failure. CNN and random forest
(RF) were both employed in the proposed model.

In [19], the authors targeted network resource distribution among slices. Their approach
utilizes software defined networking (SDN) controller architecture combined with spiking
neural networks. the proposed controller and Al model optimize network performance
through dynamic resource allocation, which is achieved by monitoring the network traffic
and assigning bandwidth slices according to the type of demand present in the network.
Simulations were run in various network demand scenarios to measure the model's
effectiveness, which showed better overall network throughput.

The authors of [20] presented a machine learning powered slice prediction model for

network traffic. Multiple ML techniques were deployed, namely: support vector machine
(SVM), k-nearest neighbor (KNN), and decision tree (DT). The authors considered latency,
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reliability, availability, and throughput in their test simulation. From the techniques used,
kNN and RF achieved higher slice prediction accuracy.

In [21], the authors proposed a machine learning and deep learning model to address the
problems of dynamic resource scheduling, slice link provisioning, and optimal network
slicing. Using a hybrid meta-heuristic model and Glowworm Sawm-based Deer Hunting
Optimization algorithm, the authors were able to accurately classify network slices based on
device attributes using deep belief and neural networks. The network's weights were
optimized using the aforementioned meta-heuristic model.

The authors of [22] built an ML framework for dynamic network resource slicing based
on ML techniques. The authors addressed the challenge of serving heterogeneous demands in
5G networks by implementing a resource orchestration framework with the goal of
guaranteed QoS. Their approach involved traffic classification, dynamic slicing of network
resources, and formalization of admission control and slice scheduler modules. The authors'
simulation results indicated that ML-based approaches, specifically regression trees,
outperform the other techniques in terms of prediction accuracy and throughput. Although at
an increased training time.

In [23], the authors employed various ML algorithms for traffic classification of network
slicing for 5G. The authors utilized Naive Bayes, Support Vector Machine (SVM), Neural
Network (NN), Gradient Boosting Trees (GBT), and RF algorithms to classify traffic flows.
The results indicated high accuracy across all algorithms, with GBT and RF achieving nearly
100% accuracy in classifying traffic flows. Their 5G experiment showed increased network
performance and bandwidth for connected user equipment.

3. Methodology
3.1 Adaptive Neuro-Fuzzy Inference System

The authors in [24] laid the groundwork for ANFIS, a Takagi-Sugeno fuzzy inference
system (FIS) combined with the principles of artificial neural networks, exploiting the
adaptive nature of artificial neural networks to generate and fine-tune reasonable fuzzy if-
then rules that approximate a specific dataset. The model could approximate membership
functions in the absence of prior human knowledge or be defined for each feature accordingly
[25]. A two-input ANFIS architecture is depicted in Fig. 1. ANFIS comprises five layers. A
hybrid learning approach tunes the models’ output in two passes: a forward pass and a
backward pass.

The inputs of the ANFIS, called premise parameters, are tuned using the gradient descent
(GD) method. Consequent parameters are defuzzified weighted values for a particular rule,
calculated by using the least squares estimate method (LSE). This combined learning
technique produces better results while also tuning the aforementioned parameters for
membership functions. The ANFIS model has a single output, calculated using weighted
average defuzzification. The following describes the roles of each layer within the ANFIS as
proposed by the authors in [24].

Layer 1: Each node of this layer is adaptive. The parameters in this layer are called premise
parameters. Membership grades are generated based on premise parameters.

O = pa,(x) (1)
0; denotes the membership function grade and the association of the input (x) to the assigned
linguistic label A;. In our experiment, we chose bell membership functions for inputs to the
ANFIS model with a maximum equal to 1 and a minimum of 0.
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Layer 2: Nodes in this layer are denoted with the symbol II. In this node, incoming signals
from the previous layers’ nodes are multiplied, and the product is sent to the next layer. These
values represent each rule’s firing strength.

w; = g, (x) X pg,(y) (2

Layer 3: Nodes in this layer are labeled N, and each firing strength is averaged against the
sum of all firing strengths. The output of this layer is called normalized firing strength.

- Wi

W, = )

w1 +W2

Layer 4: Each node in this layer performs the below operation. Taking in the output of the
previous layers and a set of parameters, which are called the consequence parameters.

0t =w(pix + qiy + 1) “4)
Layer 5: A single node layer, this node is not adaptive and is labeled with 2. It computes the
overall output as the summation of all incoming signals, thus producing a single output.

= XWifi
0} =Tiwf =52 (5)

In the case of multi-class classification, the output of ANFIS is not necessarily a single
integer value; rounding it to the closest integer provides the predicted integer class [26]. This
approach will be utilized in our experiment as well.

Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

Figure 1: ANFIS layers [21]

3.2. Dataset

The dataset [27] used to train the model contains all the necessary KPIs in 63,000 unique
input combinations, which are available in today's networks for both the network and
connected devices. One such feature is the use-case of the network that includes the type of
devices that are requesting network access. This includes AR/VR/Gaming, IoT Devices,
Public Safety, Smart City & Home, Smart Transportation, and Smartphones. The dataset
includes other KPIs such as packet delay budget, communication duration, packet loss rate
budget, Healthcare, Industry 4.0, and guaranteed bit rate (GBR) requirement. All the
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aforementioned features are considered in our model. Since the model executes classification
alongside the network, capturing these features is feasible. Target classes are slice types:
mMTC, eMBB, and uRLLC. The dataset was adapted according to the model’s requirements;
label encoding was done by one-to-one mapping categorical values to numeric values. The
dataset was then randomly split into three segments: training segment, testing segment, and
simulation segment, to evaluate the model's performance using unseen data. A sample of the
dataset is shown in Table 1.

Table 1: Sample of the dataset used for slice prediction

Time Packet
LTE/5g Technology Packet Loss delay Slice
RLAGEET Category Supported (sec;)nds (E1 5 Rate Budget Type
(ms)
. Non-
AR/VR/Gaming 1 LTE/5G 6 GBR 0.001 50 eMBB
. [oT(LTE-M, Non-
Public Safety 1 NB-IoT) 5 GBR 0.000001 10 URLLC
Smart [IoT(LTE-M, Non-
Transportation ! NB-IoT) 7 GBR 0.000001 10 URLLC
Non-
Smartphone 1 LTE/5G 2 GBR 0.01 100 ¢MBB
IoT(LTE-M,
Industry 4.0 6 NB-IoT) 15 GBR 0.001 50 mMTC

=)

D ((( ))) (" Predicted stice )

Feature Extraction ANFIS mMTC
& ()

- /

Figure 2: General overview of the proposed work

4. Proposed Work

With the massive increase in mobile network data, communication and machine learning
models are becoming a viable option for statistical analysis, data forecasting, decision-
making, and many other applications. Our proposed model employs the ANFIS as a network
slice predictor, incoming data traffic is analyzed for key performance indicators (KPIs), and
then a slice type is determined from the input that is based on incoming connection requests.
To analyze ANFIS classification performance. Slicesim [28], a Python discrete event
simulator is utilized. Slicesim simulates the behavior of 5G devices and base stations in a
prespecified geographical area. Simulation parameters are highlighted in Table 2. The
simulation in this research involves 20 base stations in a 1750 KM area. Each client's
connection request, mobility state, handover, and network consumption per slice are tracked
and recorded. Three slices are implemented, eMBB, URLLC, and mMTC. Each client is
assigned a different device type and can request a slice per initiation of communication of
the device's traffic. The client's request is accepted by the closest base station. The client is
then subscribed to the most suitable slice based on traffic type. As each client moves based
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on a prespecified mobility pattern, the connection is handed over to another base station
alongside the connected slice. We observed slice utilization and bandwidth usage of the
simulation before and after implementing our model in the network.

The model was implemented and evaluated using Tensorflow in a Python environment. It
is set up to accept six features. With the slice type being the target label, the network to make
smart decisions to reserve network resources based on the importance and requirements of
user equipment.

In Table 3, we summarize implementation parameters. The model is evaluated using root
mean squared error (RMSE), detailed below.
. Root Mean Squared Error (RMSE): Calculating RMSE measures the average squared
error rate between the actual value and the predicted value, as shown in Eq. (6):

RMSE = (6)

for the above formula, 7 is the number of test samples, y; denotes the actual value while
¥, indicates the predicted value from test samples i.

Z?:l(yi_yl)z
n

Table 2: Simulation Parameters

Simulation Parameters

Geographical Area 1750 m?
Simulation duration (seconds) 3600, 43200
Number of Clients 5000, 500
Network Slices eMBB, URLLC and mMTC
Mobility Types Car, walking, stationery, and tram

Table 3: Implementation Parameters

Parameters Values
Dataset Overview
Number of network slices (class) 3[0-2]
Number of samples 63168
Number of input variables 6
ANFIS Model Parameters
Learning Tool Tensorflow
Number of layers 5
Batch size 1
Optimizer Adam
Membership function Generalized Bell membership function
Loss function RMSE
Number of epochs 5 epochs

5. Experiment
5.1. Implementation Setup

The model's training, 5G simulation, and evaluation were conducted on a desktop
computer equipped with an AMD 5600X 6-core CPU, 32 GB of RAM, and an NVIDIA 8GB
GTX 1070 GPU.
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5.2. Training and Simulation Setup

The dataset was split into three segments: training, testing, and simulation segments. We
allocated 70% of the dataset to train the model, 15% to test the model, and 15% to use as
KPIs for clients in the simulation.

Model Loss

— loss

2.0 — Accuracy

0.5+

0.0 1

0.0 05 1.0 15 2.0 25 3.0 35 4.0

Epochs
(a)

Actual vs Predicted

2.0 I

15

,_.
o
-_———

Predicted

=}
tn

0.0

0.00 0.25 0.50 0.75 1.00 1.25 1.50 175 2.00
Actual

(b)

Actual vs Predicted
2.00

175
1.50
1.25

= 1.00

edicted

P

0.75
0.50
0.25
0.00

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00
Actual

(c)
Figure 3: Training results: (a) Evaluation of training phase (b) predicted vs. actual labels
before rounding operation (c) predicted vs. actual labels following round operation

The model's output is flattened to produce the final integer slice class. Our experiment
shows very promising and accurate results with optimal accuracy, recall, and an F1 score of
100% for each slice type in the dataset following the rounding operation. The model achieves
76.73% prediction accuracy before rounding application, as depicted in Fig. 3a, with RMSE

value of 0.1748 for training data and 0.1591 for testing data. Fig. 3b and Fig. 3c highlight the
effect of rounding the prediction output.
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We ran the slicing simulation in two scenarios. A 12-hour scenario with a population of
500 clients and a 1-hour scenario with a population of 5000 clients. The simulation segment
of the dataset was used to generate clients with the prediction of slices and its allocation left
to the implemented ANFIS model.

5.2. Results

We observed that the ANFIS model quickly adapts the membership functions and weights
over the short training duration, producing a minimum amount of loss and higher accuracy in
predicting the designated slice type for each type of batch of input. Regarding prediction
performance, the ANFIS takes between 8 ms to 13 ms with an average of 8.56 ms to return
the predicted slice type for a single request during the simulation. In contrast, batch
processing the requests benefits from Tensorflow's optimizations for simultaneous processing
of samples, significantly reducing the prediction time to a range of 314 us to 624 us with an
average of 349 pus.

In Fig. 4a and Fig. 4b, the simulation setup and client distribution per base station and
slices at the end of the simulation are depicted. In Fig. 5, we showcase the results of
bandwidth utilization in total. An increase of 12.6% is gained in total average bandwidth
utilization as a whole and a 50% increase in each slice based on the initial simulation and
then the simulation with ANFIS installed in the network in the first scenario as depicted in
Fig. 5a and Fig. 5b. While in the second scenario, depicted in Fig. 5S¢ and Fig. 5d. An increase
of 10.77% is gained in total average bandwidth utilization and 45% increase in each slice
with the ANFIS implementation.

1750 m 1750 m

1500 m 1500 m
1250 m 1250 m
1000 m 1000 m
750 m 750 m .:' 2
500 m

s00m4 *
8

250 m 250m4{*# *

- .
om — om
om 250m 500 m 750 m 1000 m 1250 m 1500 m 1750 m om 250 m 500 m 750 m 1000 m 1250 m 1500 m 1750 m

= eMBB *«  mMTC e URLLC) = eMBB e URLLC e mMTC|

Figure 4: (a) Simulation setup with 500 clients  Figure 4: (a) Simulation setup with 5000
clients
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Figure 5: Bandwidth utilization during simulation: (a) 500 clients without the ANFIS model
for 12 hours (b) 500 clients with the ANFIS model for 12 hours (c) 5000 clients without the
ANFIS model for one hour (d) 5000 clients with the ANFIS model for one hour

The results show that ANFIS is an effective model for implementing a dynamic fuzzy
inference system that can adapt to incoming network requests by predicting the most suitable
network slice. This will result in an even distribution of network resources based on the
indicated request type and flow characteristics used to train the model.

5.3. Comparison to Relevant Works

In this section, we compare the ANFIS prediction accuracy with other approaches taken in
recent research. The authors of [18] proposed DeepSlice hybrid model, which achieved
90.62% to 95% utilizing the same KPIs used in our paper. Also using the same KPIs, the
authors of [17] proposed a hybrid model that achieved 95.17% prediction accuracy using a
combination of CNN and LSTM. Compared to DL models, the ANFIS offers higher
prediction performance at a lower complexity and resource consumption. This stems from the
model's streamlined 5-layer architecture that is based on neural networks and integrated fuzzy
logic. This leads to a relatively small number of layers and parameters. In the case of our
experiment, the total number of parameters is 484, 36 of which are premise parameters.
In [20], the authors employed multiple techniques that include RF, SVM, KNN, and DT to
tackle slice allocation problems. The techniques achieved prediction accuracies of 97%,
92.49%, 99.89%, and 94.08%, respectively. Although the ANFIS achieved 76.73% prior to
rounding the last layer's prediction results, testing and simulation results show an accuracy of
99.97% to an optimal 100% against unseen data. A summary of the comparison is shown in
Table 4.
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Table 4: Comparison Summary

Model Approach Prediction Accuracy
DeepSlice [18] Deep learning with hybrid approach 90.62% - 95%
Hybrid CNN and LSTM Model [17]  Combination of CNN and LSTM 95.17%
RF [20] Ensemble of decision trees 97.97%
SVM [20] SVM classifier 92.49%
KNN [20] Instance-based learning 99.89%
DT [20] Tree-based classifier 94.08%
ANFIS Neuro-fuzzy inference system 99.97%

6. Conclusions

During our research, we presented ANFIS as a possible solution to network slice
prediction in 5G networks. The analysis of recent research in this area has proven that ML
techniques could play a vital role in enhancing network performance on many levels of the
network's operation. Our evaluation of the ANFIS and simulation further highlights neuro-
fuzzy systems as a viable model for creating automated and adaptive rule sets to process
device slice requests. The model is fed with KPIs from the network itself as well as device
type to predict network slices, namely eMBB, mMTC, and URLLC with optimal accuracy.

The simulation results showed increased bandwidth usage and improved network resource
utilization with the model's implementation. While we noted the efficiency of the model,
there is a need to include additional applications and KPIs to further reflect the growing
number of applications and devices. In the future, our work could be expanded by using
different KPIs and employing the model in a real test environment or integrated into a 6G
testbed. Another way to improve the model could be done by enlarging the processed feature
set to include extra network characteristics as well as introducing reliability through
estimating missing features.
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