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VALIDATION OF KEY PERFORMANCE INDICATORS OF MOBILE

TELECOMMUNICATION OPERATORS USING ENSEMBLE MODELS
AND ARTIFICIAL NEURAL NETWORKS WITH NIGERIAN
COMMUNICATION COMMISSION’S THRESHOLDS

Awofolaju, T.T., Lasisi, H.O., Ajewole, T.O., Adebayo, S., 'Olawuyi, A.A., Adeagbo, F.M.
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Abstract This paper presents the comparative studies among the predictive models used for the
validation of the key parameter indicators of mobile network operators with the Nigerian
Communication Commission’s threshold. Four Key Performance Indicators were predicted using
artificial neural networks and ensemble models which include bagging and LSBoost models. The
Key Performance Indicators and weather parameters for six locations in Southwestern Nigeria
were employed. MATLAB R2020a was employed to develop the three models. Microsoft Excel
was used in the analysis of the dataset. The bagging model gave the best average compliance of
94% and 100% for CSSR and TCH Congestion Rate respectively while the ANN model yielded
the best average compliance of 76.7% and 85.2% for DCR and SDCCH Congestion Rate
respectively.
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I. Introduction

Global System for Mobile Communications
(GSM), which was introduced in Nigeria in
2001, has undoubtedly made a significant
contribution to the quality of life for
Nigerians[1]. However, as mobile services have
expanded, it has become crucial for mobile
communication operators to accurately measure
the quality of service (QoS) of their networks
and to continue to improve them as efficiently
and effectively as possible to maintain a

competitive edge [2, 3].

Awofolaju, T. T., Lasisi, H. O., Ajewole, T. O, Olawuyi,
A. A.., Adeagbo, F. M., Asafa, M. O.
(Department of Electrical and Electronic Engineering, Osun
State University Osogbo, Nigeria.)
Adebayo, S.
((Mechatronics  Program, Bowen University Iwo, Osun
State, Nigeria.)

Corresponding Authot: tolulope.awofolaju@uniosun.edu.ng
Phone Number: +2348038289001

Poor QoS is a result of network operators'

reliance on sending signals down the

first
troposphere  [4]. A

troposphere  without evaluating and
characterizing  the
component of the atmosphere that has a direct
impact on human life is the troposphere. It is an
area of all-weather on earth and the lowest layer
of the atmosphere. At the poles and equator, the
troposphere is located at a height of about 10

km and 17 km, respectively [5].

It is necessary to understand how weather
parameters affect signal propagation and how
changing weather conditions can seriously
impair order to
characterize the reliability of networks [6-8]. To
forecast, simulate, and design high performance

system  performance in

communication systems, exact transmission

in various
Network

characteristics of radio waves

environments must be known.

planning and optimization are required for
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mobile network providers. There is the need to
strike a balance between network operation,
QoS, and radio coverage in various situations [9]

The structure of radio refractive index, N, at
the lower part of the atmosphere has helped in
identifying the weather parameters likely to
affect signal propagation and it is stated in
Equation 1 given as [10]:

N—??EP-I-?ZE-I-S?SXNEE 1
Rt e T? ()

where t is the temperature in Celsius, T is the
temperature in kelvin, P is the pressure (hPa),
e =H.e5/100 1y i the relative humidity (%),
es: saturation vapour pressure (hPa) at the

o
temperature t ( C).

Studies shows that when signals are transmitted,
they interact with tropospheric variables such as
wind speed, relative humidity, and temperature.
The prediction of the state of a channel on a
done by [11]
measurements on other links, thus causing a

given link was by taking
decline in the signaling overhead. The first

representative  approach  considered
Random Dot Product Graphs while the second

approach was Graph Neural Network. The

was

proposed  graph-based machine learning
methods outperformed traditional methods in
predicting the state of the channel on a given
link by taking measurements on other links,
achieving an RMSE of 10 dB and 73% accuracy
dataset of RSSI

measurements of real-world Wi-Fi operating

by making wuse of a

service providers. The paper should have
discussed the computational complexity of the
proposed methods, which could be a potential
limitation in practical implementations.
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In the study by [12] made use of an automatic
network (ANN) predictive
quality of service model to evaluate the

artificial neural
efficiency of services rendered by the GSM
network in Nigeria, after which the evaluation
results of the developed GSM QoS prediction
model showed that the results of the developed
model could perform favorably well but not at
its best, compared to how the Nigerian

(NCC)

approaches it manually. Hence, there is a need

Communications Commission
to employ more advanced machine learning
algorithms or techniques to develop the QoS
prediction model, such as deep learning or
ensemble learning, to boost the accuracy of the
model.

[13] used a walk-test methodology to measure
KPIs for accessibility of internet on the 4G
network by the users who subscribe to different
mobile network operators (MNOs) within the
University of Ilorin. Data was gathered using
TEMS Investigation 16.3.4 and processed using
TEMS Discovery Device 10. The walk test
involved uploading files, downloading data, and
streaming videos online at various test areas.
MNO4 had the best overall quality and
throughput, while MNO1 had the poorest
service, although it still provided some service in
all test locations. The 4G test did not yield
exceptional results, but students reported
specific locations with optimum 4G speed.
Expanding the study to include other
universities or public areas to determine if the
results are similar or if there are differences in
service quality and throughput will be a great

advantage.

The study by [14] proposed a traffic congestion

prediction model wusing machine learning
techniques used for the prediction of the traffic

congestion existence in LTE networks as
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appraised by users. The model was divided into

several phases: data preparation, splitting,
modelling, classification, model evaluation and
tuning, and result. The four machine-learning
algorithms were compared and conclusions was
hinged on the output of the Jupyter Notebook
for the classifiers. Out of all the techniques used
in predicting the traffic congestion existence, k-
Nearest Neighbour had the best performance.
Online machine learning techniques will be
considered for future studies, and they can
constantly obtain data from network operators
with the aim to gather the necessary features
and prediction performance of the traffic
congestion in real-time to aid the traffic
providers in engaging mechanisms to reduce

traffic congestion to the barest minimum.

[15] measured and analyzed the Key
Performance Indicators (KPIs) of a 4G/LTE
Telecom of Kosovo (TK) network 24-cell
cluster. The results of the analysis show that the
availability KPI has less values than the
threshold (>99%). [15] stated that future studies
would focus on the analysis of the QoS in the
overall 4G/LTE network executed in TK and
that the major challenges the operators will
encounter during the transition process from
4G to 5G technologies would also be addressed.

[10] used network statistics to evaluate the QoS
of a cellular network service provider of an
enclosed area during a church event. The CSSR
Drop Call Rate
investigated and compared with the benchmark
defined by  Nigerian
Commission (NCC). The study results showed
that the cellular network service provider's Key
Performance Indicators (KPIs) fell below the
NCC recommendation, especially during high

and  Percentage were

Communications

traffic intensity. The quality of service requires
improvement to ensure better service delivery to
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subscribers. Comparing the QoS of different
cellular network service providers in the same
area and evaluating the QoS of cellular networks
in different geographical locations should be
thoroughly examined.

[17] evaluated the 4G-LTE communications
base station’s quality parameters in the rural part
of Peru using Key Performance Indicators
(KPIs) defined for 4G LTE Technology,
including signal level, Signal to Noise Ratio and
quality. The study confirmed that the KPIs
comply with the recommendations of the ITU
in its E-800 recommendation. The study found
that the 4G-LTE communications base station’s
quality parameters in a rural part of Peru comply
with the ITU's E-800 recommendation, which
ensures maximum mobile phone coverage in the
rural parts and accessibility to the complete
mobile phone network nationwide. Future
studies could focus on analyzing the impact of
envitonmental factors, such as weather
conditions and terrain, on the communications’

base station’s parameters.

Feature selection is the main step in machine
learning based model development [18]. To
obtain good model, feature selection algorithm
choose the most relevant features from the
feature vector and discards the irrelevant ones.

Ensemble involves the wuse of

different

modelling

basic machine learning model,
although as a single model, to forecast an
outcome. Reduction of the generalization
error of the forecast is the inspiration for
using ensemble models. The general principle of
ensemble methods is to construct a linear
combination of some model fitting methods,

instead of using a single fit of the method.

(BT)

sample,

Bagging Tree algorithm  creates a

on which either a

bootstrapped
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regression algorithm or classification algorithm
is applied. For regression, an average is taken
and computed over all the outputs forecasted by
the individual learners. For classification, the
most voted class (hard-voting) is considered as
the output, else the highest average of all the
(soft-voting)[19].
BT prediction can be

class probabilities
Mathematically,
represented as in Equation 2.

?;—\—\_

g =Xt N+ X+ X @

where ﬂ; is the output of the bagging tree and
f;,jf: j{: are the input.

Unlike bagging, LSBoost (LSBT) algorithm
trains the basic machine learning models
consecutively, and gives weights to all the
training records. The training set for the
subsequent iteration will be overrepresented by
the training records that are difficult to

categorize thanks to the boosting process.

Every training record has a weight assigned by
boosting, and depending on how tough the
classification is, boosting must adaptively adjust
the weight. This results in the creation of basic
learners’ group, skilled at classifying both simple
and complex records. By using a straightforward
voting aggregation, the model's basic learners
are all pooled [20].

Three layers make up an ANN: the input layer,
the hidden layer (between the input and the
output), and the output layer. The way an ANN
processes input signals and converts them into
output signals is similar to how the human brain
functions. ANN functions essentially the same
as the human brain ANNs could learn from
data without the need for certain function
assumptions. ANN is crucial to improving
forecasting accuracy [21].
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The essence of this study is to validate key

performance indicators of mobile

telecommunication operators using ensemble

models and artificial neural networks with
Nigerian Communication Commission’s
thresholds.

II. Materials and Methods
Monthly data of water vapour, air temperature,
air pressure and relative-humidity were collected
from the Nigerian Meteorological Agency
(NIMET) in comma-separated values (CSV)
using Modern Era Retrospective Analysis for
Research and Applications version 2 (MERRA
— 2)|22]. The data collection of seven years
spanned from January 1, 2016 to December 31,
2022. Also, the database

Communications ~Commission

of  Nigerian
(NCC), an
independent National Regulatory Authority for
the telecommunications industry in Nigeria,
contains key performance indicators (KPIs) of
all telecommunication service providers. KPI
dataset was obtained from this database [23].

The scope of this paper is limited to six
locations in South western, Nigeria namely
Abeokuta, Ado-Ekiti, Akure, Ibadan, Lagos and
Osogbo. Key Performance Indicators of four
network service providers namely 9mobile,
Airtel, Glo and MTN was investigated and
predicted in this study. These KPIs include Call
Setup Success Rate (CSSR), Dropped Call Rate
(DCR), Standalone Dedicated Control Channel
(SDCCH) congestion rate, Traffic Channel
(TCH) congestion rate. MATLAB R2020a
Software programming language tool will be
employed for model development in this study.
This validation was done after the development
of the Ensemble models (Bagging and LSBoost)
and the Artificial Neural Network (ANN)
model.

The Nigerian Communications Commission
NCC has threshold standards for GSM and
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CDMA networks in order to conduct cellular
network performance for the various operators.
Only the caliber of services rendered by these
operators determines whether or not customers
are satisfied. Operators must constantly analyze
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and optimize their network to get the greatest
performance. The regulatory authority sets KPI
thresholds to help mobile providers monitor the
services they provide. The NCC's QoS KPI
thresholds are given in Table 1

Table 1: KPI Thresholds for quality of service

Key Performance Indicators (KPIs)

Threshold (%)

Call Set-up Success Rate (CSSR) > 98
Dropped Call Rate (DCR) <1
Standalone Dedicated Control Channel (SDCCH) Congestion Rate =02
Traffic Channel (TCH) Congestion Rate <2
The same  process is  done for

Validation is a crucial step in modeling because
it establishes the reliability of the models to be
used in decision-making contexts. There is a
need to determine whether the model accurately
represents the behavior of the system. This was
achieved by acquiring data from NCC and was
compared with predicted values from the
model. The acquired data points were mapped
with the predicted ones to show the distances
between the points

II1. Results and Discussion

The NCC threshold was adopted and the
percentages of both good and bad were
recorded. Microsoft Excel was employed for the
comparison of the predicted dataset to the KPI
threshold values. The NCC threshold was used
as standard for CSSR, DCR, SDCCH
congestion rate and TCH congestion rate.
Microsoft Excel was used to analyze the months
that met the threshold requirements an
otherwise.

If the following conditions are met: CSSR =98,
DCR = 1, SDCCH Congestion Rate< 0.2 and

TCH congestion rate < 2, ‘Good’ is assigned to
the value, otherwise ‘Poor’. The same procedure
is used for the other three KPIs. Figure 1 shows

the sample of the dataset analysis for
AkureGloANN.

Abeokuta9mobileBagging, Abeokuta9mobileL.S
Boost,Abeokuta9mobile ANN, AbeokutaAirtelB
agging, AbeokutaAirtelL.SBoost, AbeokutaAirtel
ANN,AbeokutaGloBagging, AbeokutaGloLSBo
ost,AbeokutaGloANN,AbeokutaM TNBagging,
AbeokutaMTNLSBoost, AbeokutaMTNANN.
This is repeated for the other five locations,
after which a table was processed for the results.
Tables 2a to 2f show the performance of the
percentage good of the three models for
Abeokuta, Ado-Ekiti, Akure, Ibadan, LLagos and
Osogbo respectively.

From the Tables 2a to 2f, Tables 3a to 3¢ were
derived, with each table giving the summary of
the average KPIs %Good performances of the
four mobile network operators for Bagging,
LSBoost and ANN respectively.

Results of validating the KPIs predicted by the
three models with the NCC KPIs threshold
across the six locations indicated that the
bagging model gave the best average
compliance of 94% and 100% for CSSR and
TCH Congestion Rate respectively while the
ANN model vyielded the best average
compliance of 76.7% and 85.2% for DCR and
SDCCH Congestion Rate respectively.

From the results obtained, it is concluded that
the bagging ensemble model has the best
performance in predicting the QoS of mobile
telecommunication service providers. Hence, it
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is proposed that

to achieve

better KPI

predictions to enhance the network
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performance the bagging model should be

employed.

Help  Foxit Reader PDF
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Figure 1: Sample of the dataset analysis of AkureGloANN
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Table 2a: Abeokuta’s %Good performance of the three models

ANN Bagging LSBoost
9mobile 100 100 100
Alirtel 100 100 100
CSSR Glo 100 100 100
MTN 20 0 28
80 75 82
ANN Bagging LSBoost
9mobile 100 100 100
Airtel 100 68 60
DCR Glo 100 100 100
MTN 20 92 72
80 90 83
ANN Bagging LSBoost
9mobile 100 100 88
SDCCH Congestion Airtel 100 100 100
Rate Glo 100 36 44
MTN 100 96 92
100 83 81
ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
ECH Congestion Glo 100 100 100
ate
MTN 100 100 100
100 100 100

Table 2b: Ado-Ekiti’s %Good performance of the three models

ANN Bagging LSBoost

9mobile 72 100 100
Alirtel 100 100 96
CSSR Glo 96 100 100

MTN 100 100 100
92 100 99

ANN Bagging LSBoost
9mobile 20 0 36
Alirtel 52 40 36
DCR Glo 76 100 96
MTN 100 100 100

62 60 67

ANN Bagging LSBoost
9mobile 80 92 84
. Airtel 100 100 100
IS{];tSCH Congestion Glo 100 o1 5
MTN 92 100 96
93 79 83

ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
ECH Congestion Glo 100 100 100

ate

MTN 100 100 100
100 100 100
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Table 2c: Akure’s %Good performance of the three models

ANN Bagging LSBoost
9mobile 100 100 100

Airtel 92 100 88

CSSR Glo 100 100 100

MTN 100 100 96
98 100 96

ANN Bagging LSBoost
9mobile 20 8 28
Airtel 92 4 44
DCR Glo 100 100 100
MTN 100 100 100

78 53 68

ANN Bagging LSBoost
9mobile 88 100 96
. Airtel 72 100 100
;z(e:CH Congestion Glo 2 36 0
MTN 92 100 100
66 84 82

ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
Egj Congestion Glo 100 100 100
MTN 100 100 100
100 100 100

Table 2d: Ibadan’s %Good performance of the three models

ANN Bagging LSBoost

9mobile 100 100 100
Airtel 92 100 96
CSSR Glo 88 100 96

MTN 100 100 100
95 100 98

ANN Bagging LSBoost
9mobile 4 56 40
Airtel 60 64 64
DCR Glo 92 100 92
MTN 100 100 100

64 80 74

ANN Bagging LSBoost
9mobile 100 100 92
. Airtel 100 100 96
lS{iSCH Congestion Glo 36 e 13
MTN 96 100 84
83 83 80

ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
;{gj Congestion Glo 100 100 100
MTN 96 100 84
99 100 96
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Table 2e: Lagos” %Good performance of the three models

ANN Bagging LSBoost

9mobile 100 100 100
Airtel 100 100 100
CSSR Glo 100 100 100

MTN 92 84 76
98 96 94

ANN Bagging LSBoost
9mobile 100 100 100
Airtel 88 72 72
DCR Glo 100 100 100
MTN 76 68 48

91 85 80

ANN Bagging LSBoost
9mobile 100 100 72
. Airtel 92 100 100
IS{I;ESCH Congestion Glo 100 7 20
MTN 100 88 76
98 90 82

ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
Egj Congestion Glo 100 100 100
MTN 100 100 100
100 100 100

Table 2f: Osogbo’s %Good performance of the three models

ANN Bagging LSBoost
9mobile 100 100 100
Airtel 38 100 88
CSSR Glo 100 72 64
MTN 100 100 100
97 93 88
ANN Bagging LSBoost
9mobile 100 16 44
Airtel 40 24 48
DCR Glo 100 100 100
MTN 100 100 100
85 60 73
ANN Bagging LSBoost
9mobile 80 84 84
. Airtel 96 100 92
IS{];tSCH Congestion Glo T e 56
MTN 96 100 76
71 79 77
ANN Bagging LSBoost
9mobile 100 100 100
. Airtel 100 100 100
Egt? Congestion Glo 92 100 100
MTN 100 100 100
98 100 100

69

Print ISSN 2714-2469: E- ISSN 2782-8425 UNIOSUN Journal of Engineering and Environmental Sciences (UJEES)



Table 3a: Performance of Bagging model on the KPIs with NCC threshold

CSSR DCR SDCCH TCH
Congestion | Congestion

Rate Rate
Abeokuta 75 90 83 100
Ado-Ekiti 100 60 79 100
Akure 100 53 84 100
Ibadan 100 80 83 100
Lagos 96 85 90 100
Osogbo 93 60 79 100
94 71.33 83 100

Table 3b: Performance of LSBoost model on the KPIs with NCC threshold

CSSR DCR SDCCH TCH
Congestion | Congestion

Rate Rate
Abeokuta 82 83 81 100
Ado-Ekiti 99 67 83 100
Akure 96 68 82 100
Ibadan 98 74 80 96
Lagos 94 80 82 100
Osogbo 88 73 77 100

92.83 74.17 80.83 99.33

Table 3c: Performance of ANN model on the KPIs with NCC threshold

CSSR DCR SDCCH TCH
Congestion | Congestion
Rate Rate
Abeokuta 80 80 100 100
Ado-Ekiti 92 62 93 100
Akure 98 78 066 100
Ibadan 95 64 83 99
Lagos 98 91 98 100
Osogbo 97 85 71 98
93.33 76.66 85.17 99.5
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IV. Conclusion

Quality of service is a main feature in the

behavioral patterns in  telecommunication
industry and one of the key performance
indicators is the CSSR. Mobile communication

faced the
these

attributed to achieving optimum quality of end-

engineers have

challenges of

understanding parameters which is

user experience

networks.

(QoE) of communication

This study presented a validation analysis of the
QoS KPIs with respect to the NCC threshold
for the three models employed and it was
concluded that bagging model had the best
performance.
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