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ARTICLE INFO:

Modification, Path loss is the gradual reduction in the quality of signal service of the Global System for
Optimization Mobile Telecommunicati(_)n (GSM) during transmission between a Mobilg Station (MS) and
Path LoSS ’ a Base Transceiver Statlo_n (BTS). Many researchers have studied _dlfferent Path Loss

L models; however, the applicability of these models cannot be generalized to all Urban or
I;/ngg?sauon Suburban areas. The Path Loss prediction model for the Suburban area of the MTN service

network at Adamawa State University, Mubi, Nigeria, was undertaken using five different
propagation models at different intervals of distance. To determine the best suitable model
for the area, RMSE between the Path Loss measured and that of the models’ output was
determined as 1.98, 1.40, 0.78,0.88, and 1.84dB for Hata, Cost 231, ECC-33, Ericson, and
SUI models, respectively. A comparative study shows that the ECC-33 model was found to
be the best model and was adopted, modified, and optimized for quality signal propagation.
The path loss of the area was also reduced by 1.9dB which represents a meaningful
enhancement in reduced call drop, improved voiced call quality and enhanced data
throughput. The optimized model can be deployed by network engineers. It can also be used
in designing the network architecture of the study area for good signal propagation.
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INTRODUCTION

Path loss constitutes a fundamental analytical
instrument employed by telecommunications
company to forecast the attributes of radio
communication channels, particularly focusing
on the network's coverage area and the signal
attenuation encountered between BTS and MS
(Base Transceiver Station and the Mobile
Station) in ensuring quality of service (QoS) is
essential (Oluwafemi et al., 2020). In
summary, telecommunications  industries
utilize path loss models to enable more precise
network designs and to optimize the
distribution of their network resources using
various techniques (lsabona et al., 2016;
Isabona et al., 2013; Danladi et al., 2017;
Danladi et al., 2016). Path loss is typically
analyzed using models in Urban or Suburban
area that consider various environmental
factors, such as terrain features, vegetation
density, human impact, and specific
characteristics like the locations of BTS and
MS (Isabona et al., 2016). These factors,
including the distance between antennas and
their elevation and gain, are crucial. If not
properly managed, they can negatively affect
the spectral efficiency and (QoS) in GSM
(Global System for Mobile
Telecommunications) (Danladi et al., 2019;
Onipe et al., 2021; Oluwafemi et al., 2020;
Nadir and Ahmad, 2014). Surveys by Seretis
and Sarris (2021), Kim et al., (2022), Bechere
et al., (2025), and Sonny et al., (2024) report a
1-5 dB improvement in RMSE of the neural
networks in urban and millimeter Wave
settings. These surveys distinguish between
two types of machine learning algorithm:
regression (e.g., KNN, SVR, RF) and deep
learning (e.g., CNNs, LSTMs, GANS).

This study primarily aims to improve the
precision of radio frequency propagation
predictions for the MTN network. This will be
achieved through the following targeted
objectives: measurement of Path Loss of the
assessment area, to evaluate the performance
of five key empirical propagation models
(Hata model, COST-231 model, SUI model,
ECC-33 model and Ericsson model) by
comparing their predictions result against the
field measurement of the study area, to
identify the best fit model with least error
using RMSE to modified and optimized the
best fit model by further introducing
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Smoothing Spline Interpolation in reducing
errors or unwanted signal in the signal
propagation.
The relevance of this study lies in its ability to
improve network planning by minimizing
coverage gaps and overlaps, which can lead to
network interference. It will also enhance the
quality of service (QoS) and reduce dropped
calls. The study provides valuable
contributions to the knowledge base by
offering empirical data on the performance of
standard models in a specific area, thereby
enriching the research on radio wave
propagation. Ultimately, subscribers  will
benefit from a more reliable and higher-quality
network service, resulting in better call clarity,
faster data speeds, and a more consistent user
experience (Oluwafemi et al., 2020).
MATERIALS AND METHODS
Adamawa State University, Mubi, is a
suburban area that is located at 10.27° N
latitude and 13.27° E longitude. hence, it
provides an ideal suburban situation for fine-
tuning MTN’s network path loss prediction
model  within a typical  semi-urban
environment that poses high  much
complications to RF propagation problems
such as multipath terrain conditions, seasonal
precipitation factors, a blend of open grass
lands and forested landscapes among others.
The campus has low- to mid-rise structures
(academic halls, hostels and towers) causing
multipath  scattering and non-line-of-sight
pathlosses with indigenous trees for aesthetic
shade for students and staff.

B. Method of Data Collection
The RSSI of MTN GSM operators was
measured using Network Signal Information
Software (NSIS) installed on Mobile
Equipment (ME). The device is configured to
access MTN 2G,3G and 4G networks with
factory calibrated to measure RSSI with
accuracy tolerance of £1.5dB. The
measurement is limited only to the MTN
network  within  the university. The
measurement was performed in two sections:
Rainy and Dry Seasons. In the raining season,
the RSSI was measured for the period of three
months from 1st July to 31st September, and
dry Season, the RSSI was taken for the period
of three months starting from 1st December to
29th February. The two season was consider
so that the optimized model can accommodate
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both seasons. From the BTS to the campus, an
initial distance of 1000m with subsequent
intervals of 50m up to 2500m measurement
was taken. The measurement was carried out
at exactly 12:00 where human activities
(communications) is expected to be at the
height.
A. Method of Data Analysis

The method of data analysis involves
analyzing the output of each model with the
average RSS measured and the frequency of
operation at a distance of 1000-2500m at an
interval of 50m. The BS antenna height of
32m and MS antenna height of 1m were all
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considers in each model based on the model
equations.
i. Hata Model

Hata is an extension of the Okumura Hata
model. It has the ability to predict different
equation of Pathloss involving different types
of clusters. Its limitation requires that carriers'
operating frequency should be between
(150Hz-1500MHz), mobile antenna height of
(Im-10m), BTS height ranges from (30m-
200m) with link distance from the BTS from
(1km-20km), (Hata,1987; Kale, 2013). The
model equation is expressed as given by
equation (1).

LA = 69.55 + 26.16l0g,(f.) — 13.82logyo(hy) + a(hy,) + (44.9 —

2
65510010 (hy))logiod — 2 {fogm G—;)}
(1)
a(h,,) = {1.1log(f.) — 0.7}.
h,, —{1.56log,,(f.) — 6.8} (2)

Where f. is the carrier operating frequency, h;, is the heigh of the BTS, h,, is the MS height and

ah,, is the correction factor of the antenna given by

a(h,y,) = {1.1logyo(f.) — 0.7}
h,, = {1.56log,,(f.) — 6.8} ()
ii. COST 231 Model
This is a modified version of Hata model that
is used in improving the quality of signal by
calculating the Pathloss of a wireless mobile

communication and it’s designed to use
frequency band of (150-200MHz), with

distance from the BTS up to (20,000m), MS
height of (1-10m) and BTS height of (30-
200m). The model of the signal is expressed
by equation (4) as

L =463+ 33.9log,(f.) — 13.82log(h,) — a(h,,f.) + [44.9 — 6.55log (h;)logd + C]

(4)

a(hy,f) = (1.1log(f) — 0.7)h,, — (1.56log(f) — (0.8)) (5)

Where C Is the constant of propagation, and
a(h,,f.) is the correction factor of the
antenna for the rural and the suburban areas.
Ideally, h,, must be in proportional to the

coverage areas (Akinwale and Biebuma, 2017;
Julia et al., 2017).

iii. Ericson Model
Ericson's model is one of the adjustments of
the Hata model that studied patterns according
to the behavior of the propagation parameters
given by

L =a, + a;log(d) + aslog(hy)log(d) — 3.21(!03(11.75hm))2 + g(f.) (6)

g(f.) = 44.491log(f.) — 4.78log (f.)? (7)

ap; = 36.2,a, = 30.2,a, = —12,a; = 0.4 are the propagation constants of suburban cities at

specific propagation conditions (kale, 2013).
iv. ECC-33 Model

ECC-33 is another expansion from the

optimization of the Okumura Hata model. The

model is featured by MS height of (2-10m),

L=A;+An— Gy — G (8

with link distance from BTS of (100-800m),
with frequency range up to 3500MHz, and
BTS height of (1-80m), and is given by
equation (8) as
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where A; is the attenuation factor of the free space, ‘A4, is the median path loss, G;, is the BTS gain,
and G,, is the MS gain (Kiran and Vishal, 2015)

A; =924+ 20log,o(d) + 20log,o(f) (9)

A, = 2041 +9.38logo(d) + 7.894log(f.) + 9.56[log,0(8)]? (10)

For medium-sized city areas,

G, = [4257 +13.7log(f)]llog(h,,) — 0.585] (12)
where f is the frequency in GHz.

v. SUI Model requires that the BTS height should be
SUI was developed by IEEE (Institute of between (10-80m) with a distance of 9100-
Electrical and Electronics Engineers (IEEE) as 8000m, MS height of (2-10m). The frequency
a wireless connectivity broadband group. It is is expected to be upgraded to 1900Hz with a
an alternative expression of the Hata model carrier frequency range from (0-3500MHz) as
through the optimization process. The model given by equations (12-18)

L =A+ 108log (12)
[d/do] + X+ X, +K (13)
A = 20log,,(4md,) (14)
K=U—yhh+:—b (15)
X, = 6log(f/2000) (16)
X, = —10.8log(h,,/2000) (17)
X, = —20.0log(h,,/2000) (18)

vi. Root Mean Square Error Determination (RMSE)
The RMSE of the measured and predicted Path Losses from the adopted model given by equation (8)
is computed using equation (19).

2
PL,—PL,
RMSE = \/ ZL ( ) (19)
N

Where PL,, is the measured Path Loss, PL.is the calculated Model Path Loss, and N is the number
of measured data points (Chai and Draxler, 2014).

vii. Smoothing Spline Interpolation (SSI)
The modified model output is then interpolated by equation (20)

P, =pYw(h, — S(h,))? + [1 +pj[%;]]dz (20)

where p represent the interpolation parameter piecewise, w represent the weight of the measured data,

S represent the interpolation parameter, and ‘Z’ is the path loss modified (Danladi and Vasira, 2018).
The RMSE of the modified path loss and SSI is obtained using equation (21) as

z-Pp\2

RMSE =[x, (=) (21)

Where ‘PI’ is the interpolation values, ‘Z’ is output of the five different models used
the path loss modified and ‘n’ represent the against different intervals of distance. The
number of data points relationship shows that, as the distance
RESULTS AND DISCUSSIONS increased, the pathloss also increases vice-
Figure 1 present the relationship between the versa, as reported by (Nadir and Ahmad, 2014;
average measured path loss and the model Danladi et al., 2017; Danladi et al., 2016).
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Figure 1: Relationship between average measured and model predicted Path Loss

Table 1. Results from the RMSE obtained between the measured path loss and the predicted models

path loss.

Models RMSE
Hata 1.98
Cost 231 1.40
ECC 33 0.78
Ericson 0.88
SuUI 1.84

Table 1 present the RMSE obtained from the
different used. ECC-33 record the lowest
RMSE, followed by Ericson Model, and Cost
231 Model. Hata model and SUI shows poor
relationship with the measured path loss.

However, ECC-33 is adopted as the best fit
model to modified the measured pathloss of
the area with RMSE=0.78 as giving by
Equation (26).

A; = 91.6 + 20logyo(d) + 20logyo(f.) + 20.41 4+ 9.38log,o(d) + 7.894log(f.) +
9.56[log,,(8)]* — [42.57 + 13.7log(f)][log(h,,) — 0.585]

(26)

Thus, the statistical confidence intervals were
computed with n=31, x=72.17,
and STD (5)=4.65.

95% (Cl) = (70.46, 73.87), which implies
having a 95% confidence level that the actual
population mean falls between 70.46 and

73.87 based on the sample data. This indicates
that the genuine mean value would be present
in approximately 95% of the intervals if the
same measurements were made repeatedly
under similar situations.

However. Figure 2 presents the graphical relationship between the ECC-33 model output and the

modified pathloss
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Figure 2: Modified path loss and predicted path loss (ECC-33 model output) against distance.

In other to eliminate or reduce unwanted
signal or to recover the missing information
during  propagation, Smoothing  Spline
Interpolation techniques been employed. The
RMSE of 1.90 obtained from equation (21)
evaluates the updated path loss model's
accuracy by comparing measured and
predicted path loss values which is then used
to optimized the modified PL of equation (26)
to provide an optimized model given by
equation (27) which shows that the model
effectively  captures  the  propagation

characteristics, as validated by its close
alignment with the smoothed data in Figure 3.
The mathematical rationale is based on the
spline's capacity to strike a balance between
smoothness and accuracy, thus ensuring
reliable signal modeling with applications in
performance optimization and  wireless
network design.

The relationship between the modified
pathloss and the smoothing  spline
interpolation against distance is also presented
in figure (3)

A, = 89.7 + 21.9l0g,0(d) + 20logyo (£.) + 20.41 + 9.38log,(d) + 7.894log(f.) +
9.56[log,,(8)]? — [42.57 + 13.7log(f)]1[log(h,,) — 0.585]

(27)

82 -
¢ Modfied Pathioss
%0 = Smoothing Spline Interpolation

Modified Pathloss (dB)

1000 1500

2000 2500

Figure 3: Modified path loss smoothing interpolation

Figure 4 also compares the relationship
between the average measured and optimized
Path Loss. The comparisons clearly shows that

the pathloss of the study area is reduced to a
bearable stage so as to enhance good
communication and good signal propagation.
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Figure 4: Optimized and measured path losses comparison

As reported by (Danladi et al., 2018), many
authors make an effort in optimizing different
environments path losses as presented in table
2 which shows different contexts, error
strategies, approaches and updated models.
Contrasts with the approach of path loss
assessing in many settings and error methods,
it is clear that the propagation errors measured
in this study were less than 5.131 dB,
24.60dB, 17.16 dB, 8.400dB and 15.31dB as
reported by (Danladi et al.,, 2018). The
techniques adopted for assessing error, may be

the reason of this difference and other
environmental factor such as trees, terrain,
buildings etc

CONCLUSION

The path loss models study in the suburban
region of Adamawa State University reveals
the new developments in the field of the path
loss model optimization, specifically of the
ECC-33 model optimization, which is based
on the local terrain and environmental
conditions. The systematic comparison of
several models (Hata, Cost 231, ECC-33,
Ericson and SUI) through RMSE establishes a
strong foundation in the future research as it
shows that the modified ECC-33 model is able
to result in the lowest RMSE and prove the
significant path loss of 1.9dB, This
optimization implies in the practice of network
design and deployment as it offers a starting
point in improving the quality of services in
similar suburban surroundings and promotes
further studies in path loss modelling. Further
study can also employ the use of ANN, RNN,
ANFIS with smoothing spline interpolation to
further reduce the error in the propagation and
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particle swarm optimization to enhanced

network signal efficiency.
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