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Abstract 
Improving radio coverage and quality of service (QoS) is a major challenge for 
4G LTE mobile networks, particularly in developing countries characterized 
by highly heterogeneous propagation environments. This study presents a 
comparative analysis of the Okumura-Hata and COST-231 Hata propagation 
models as applied to modeling the radio performance of 4G LTE networks. 
Both models were enhanced by incorporating spatially correlated log-normal 
shadowing to better represent the local fluctuations in the radio channel ob-
served in real-world environments. The methodology adopted involves simu-
lating propagation losses, received power, the signal-to-interference-plus-noise 
ratio (SINR), analytical coverage probabilities, and the performance of multi-
cellular LTE networks in urban, suburban, and rural environments. Two-di-
mensional coverage maps were also generated to evaluate the spatial distribu-
tion of radio performance. Internal verification of the consistency of the sim-
ulations was performed using complementary statistical metrics, including 
RMSE, MAE, Pearson’s correlation coefficient, the Nash-Sutcliffe index (NSE), 
and the Bland-Altman plot. The results show a gradual degradation in radio 
performance as obstacle density and interference levels increase. Rural envi-
ronments generally offer more favorable propagation conditions, whereas ur-
ban environments impose greater constraints on LTE coverage and quality of 
service. A comparative analysis of the Okumura-Hata and COST-231 Hata 
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models highlights the value of using them depending on the propagation con-
ditions and frequencies under consideration. In the context of this study, the 
enhanced COST-231 Hata model appears, at first glance, to be a relevant ap-
proach for LTE networks operating at 1800 MHz, particularly due to its fre-
quency range of application and the ability to incorporate corrections related 
to local propagation characteristics. However, its superiority over the Oku-
mura-Hata model cannot be asserted in general terms and must be confirmed 
by experimental validation based on independent field measurements. Subject 
to this caveat, it constitutes a promising basis for the modeling and automatic 
optimization of LTE networks in Guinea. 
 

Keywords 
LTE-4G, Radio Propagation, Network Coverage, COST-231 Hata,  
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1. Introduction 

The 4G LTE mobile network is the radio technology that offers increased peak 
data rates (up to 50 Mbps and 100 Mbps for the uplink and downlink, respectively, 
at 20 MHz of bandwidth (BW)); and spectral efficiency (up to 2.5 bps/Hz and 5 
bps/Hz for the uplink and downlink, respectively) [1]. In Guinea, as in many sub-
Saharan African countries, the expansion of mobile networks has improved access 
to the Internet and digital services, thereby creating new economic and social op-
portunities [2]. Despite the expansion of mobile networks, Guinea faces persistent 
challenges regarding mobile network coverage and quality of service (QoS) [3]. A 
model of LTE network radio coverage, tailored to the Guinean context, is needed 
to better predict radio performance. Propagation models are commonly used in 
the planning of communication systems. They make it possible to predict signal 
coverage and calculate other parameters such as temporal dispersion or channel 
capacity [4]. They make it possible to measure the strength of the signal received 
by a mobile device, assess coverage areas, and determine the number of cells needed 
to cover a given area [5]. It also depends on the following factors: environments 
(urban, suburban, and rural), the distance between the transmitter (Tx) and re-
ceiver (Rx), operating frequency, atmospheric conditions, and altitude. 

The objective of this article is to propose a mathematical framework that is both 
simple and rigorous, enabling the modeling of radio propagation, the estimation 
of RSRP, and the derivation of the associated geographic coverage. It also aims to 
compare the two proposed hybrid models by validating them using the MAE and 
RMSE error metrics, as well as radio quality expressed by the SINR, in order to 
identify the model best suited for future optimization mechanisms based on arti-
ficial intelligence. To provide a solid foundation for the modeling, this paper is 
organized as follows: the first section presents a general introduction; the second 
describes the modeling methodology adopted; and finally, the third section is de-
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voted to the analysis and discussion of the results obtained. 
A thorough analysis of the existing literature reveals that, to the best of our 

knowledge, no published academic study has specifically addressed the mathe-
matical modeling of LTE propagation in Guinea. However, several studies con-
ducted in various West African countries and other regions of the world address 
the modeling of LTE propagation using a variety of methodological and technical 
approaches. This literature review presents the main studies identified, along with 
their contributions and limitations. 

The work by Noh Sun-Kuk and Choi Dong You (2019) proposed two LTE prop-
agation models tailored for indoor and outdoor environments based on RSRP 
measurements. The results show better performance than the COST-231 model, 
with a prediction range of up to 400 m indoors and 200 m outdoors. However, the 
study is limited to urban microcellular environments and does not account for 
rural areas or 5G networks, with experiments restricted to a maximum speed of 
120 km/h [6]. In the same context, Nuagah, Gadze-Dzisi, and Ahmed (2019) in 
Ghana studied improvements to LTE propagation models by comparing six mod-
els—namely SUI, ECC-33, Hata, COST-231, Free Space, and Ericsson—using 
MATLAB, artificial neural networks, and RMSE as the evaluation metric. The re-
sults showed that the Ericsson model performs best at 800 MHz in urban environ-
ments, while the SUI model is better suited for suburban areas. At 2.6 GHz, the 
ECC-33 model performed best. The authors also reduced prediction errors by ap-
plying the least-squares method. However, the study remains limited to six cities 
in Ghana and to urban and suburban environments [7]. In Nigeria, Nkordeh, 
Atayero, Idachaba, and Oni (2014), in their study titled “LTE Network Planning 
using the Hata-Okumura and the COST-231 Hata Pathloss Models”, conducted a 
comparative analysis using MATLAB of the Okumura-Hata and COST-231 Hata 
models for LTE network planning. The results show that the Okumura-Hata model 
is better suited for low frequencies (150 - 1500 MHz), while the COST-231 Hata 
model offers better performance in dense urban environments between 1500 and 
2000 MHz. The models were validated for distances ranging from 1 to 30 km and 
antenna heights between 30 and 200 m. However, the study is limited to simula-
tions without experimental validation in the field [8]. In addition, Le Hachemi 
Mohammed Hicham (2017), in Algeria, studied the optimization of LTE/LTE-A 
network performance by analyzing the RSRP and SINR parameters using the VSS-
LMS algorithm and the MATLAB simulator. The authors proposed two approaches 
for handover optimization: FSS-LMS for normal conditions and VSS-LMS for 
femtocell environments. The results show a significant improvement in perfor-
mance compared to conventional methods. However, the study is limited to mac-
rocell and femtocell environments, with no experimental validation or consider-
ation of propagation models [9]. In Togo, Tossou Kodjo (2025) proposed an ap-
proach to optimizing the quality of service (QoS) of 4G networks based on mod-
eling subscriber distribution, classifying areas of attractiveness, and generating 
traffic data in the absence of real-world data. The study uses combinatorial opti-
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mization methods and metaheuristics (greedy algorithm, tabu search, and genetic 
algorithms) for dynamic resource allocation and antenna configuration. The re-
sults indicate improvements in coverage, throughput, and traffic adaptability. 
However, this approach relies solely on simulated data and requires validation 
using field data to confirm its robustness. [10]. Finally, Stephen Jeswinde Nuagah, 
in collaboration with James Dzisi Gadze and Abdul-Rahman Ahmed (2019), in 
Ghana, also studied improvements to LTE propagation models. The results indi-
cate that the Ericsson model offers the best performance at 800 MHz in urban 
environments, while the SUI model is better suited for suburban environments at 
the same frequency. At 2.6 GHz, the ECC-33 model proved to be the most effec-
tive. Furthermore, optimizing the models reduced the RMSE from 7.42 dB to 5.20 
dB. However, the experiments were limited to six Ghanaian cities, and no valida-
tion was conducted in remote rural areas [11]. 

This literature review thus highlights the diversity of approaches used for mod-
eling and optimizing LTE networks. However, it also reveals a lack of studies spe-
cific to the Guinean context, particularly with regard to rural, suburban, and ur-
ban environments, as well as the integration of real-world data from field meas-
urement campaigns. This observation underscores the importance of the present 
research, which aims to propose a modeling approach adapted to the geographic 
and environmental realities of Guinea, using hybrid models such as Okumura-
Hata + shadowing or COST-231 Hata + shadowing, tailored to the LTE frequen-
cies used by telecommunications operators. 

2. Methodology 

The propagation loss model is an empirical mathematical formulation used to char-
acterize the behavior of radio waves as a function of frequency, environment, and 
distance [12]. As part of this study, a MATLAB simulation was conducted to model 
radio wave propagation and coverage of 4G LTE networks in urban, suburban, and 
rural environments. To ensure that the results are representative and reliable, it is 
best to avoid using coefficients that are too high, as this could lead to an overesti-
mation of propagation losses. Guinea exhibits significant geographic diversity 
(dense urban areas such as Conakry, the mountainous regions of Fouta-Djalon, the 
forested areas of Nzérékoré, and vast, sparsely urbanized rural areas). The coeffi-
cients must therefore remain consistent with the empirical propagation models used 
in 4G LTE networks. All of these parameters are presented in Table 1 and Table 2. 

 
Table 1. Simulation parameters. 

Parameters Okumura-Hata Values COST-231-Hata Values 

f 1800 MHz, 1800 MHz, 

hb 30 m 30 m 

hm 1.5 m 1.5 m 

d 0.1 et 20 km 0.1 et 20 km 
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Continued  

Pt 43 dBm 43 dBm 

Gt 12 dBi 12 dBi 

Gr 0 dBi 0 dBi 

BW 20 MHz 20 MHz 

L 0 0 

Lm 3 3 

Cm - 3 (Urban), 0 (Suburban and Rural) 

RSRP threshold −105 dBm −105 dBm 

SINR_threshold = −5 dB = −5 dB 

Dcorr 20, 30, 50 m 20, 30, 50 m 

Number of samples 500 sampling points 500 sampling points 

Campsites distances/locations/grid distances/locations/grid 

 
Table 2. Parameters for correcting for environmental factors. 

Parameters Values Interpretations 

K_vegetation 
2 + 1.5 

log10(d)dB 
Correction Factors for dense vegetation 

K_forest +3 dB 
Correction Factors for moderately dense 

vegetation 

K_relief +3 dB Correction Factors for 

K_climate +2 dB Correction Factors for Tropical humidity 

K_infrastructure −2 dB 
Correction Factors for Low infrastructure 

density correction 

Xσ_urban 8 dB Standard deviation of urban shadowing (dB) 

Xσ_suburban/ 
Xσ_rural 

6 dB 
Standard deviation of rural/suburban 

shadowing (dB) 

 
Guinea has a humid tropical climate, with annual rainfall that can exceed 4,000 

mm in some regions [13]. Atmospheric humidity does not significantly affect the 
LTE bands between 1 and 2 GHz, but it can cause moderate additional losses. A 
correction of +2 dB appears reasonable. The expression 2 + 1.5log10(d) dB allows 
for modeling a gradual increase in losses as distance increases. As for terrain cor-
rection, a coefficient of +3 dB is sufficient to account for the topographical effects 
observed in mountainous regions without systematically overestimating losses 
across the entire country. Regarding shadowing, the proposed values are con-
sistent with the literature on cellular networks; these values prevent an overesti-
mation of shadowing that would artificially lead to a significant reduction in the 
coverage radius. 

These parameters represent a good compromise between Guinea’s specific en-
vironmental conditions and the values typically used in LTE modeling based on 
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the Okumura-Hata and COST-231 Hata hybrid models with log-normal shadow-
ing. They enable more realistic estimates of propagation loss, radio coverage, and 
quality-of-service indicators without introducing excessive model penalization. 

2.1. Mathematical Modeling of Propagation 

In mobile networks, the suitability of a propagation model depends on the specific 
site and is influenced by terrain obstacles, operating frequency, mobile device 
speed, sources of interference, and other constraints. Radio propagation is essen-
tial for emerging technologies, with design, deployment, and management strate-
gies tailored to any wireless network. [14]. To minimize propagation losses during 
transmission, several path loss models have been proposed in the literature. In this 
study, two empirical propagation models are considered: the Okumura-Hata 
model and the COST-231-Hata model with shadowing.  

These models are used to represent radio propagation conditions in urban, sub-
urban, and rural environments. Comparisons between simulated values and syn-
thetic reference data are considered in this study as an internal check of the con-
sistency of the simulations and not as experimental validation or independent pre-
dictive validation. Indeed, since the reference data are generated numerically from 
the simulation framework, they do not constitute independent observations that 
can, on their own, establish the absolute accuracy or superiority of a propagation 
model. The RMSE, MAE, Pearson correlation coefficient, Nash-Sutcliffe index 
(NSE), and Bland-Altman plot are therefore used to characterize the internal con-
sistency of the results obtained under the simulation conditions considered. Ex-
ternal validation based on actual radio measurements taken in the field remains 
necessary to assess the generalizability of the proposed models. 

2.1.1. Mathematical Modeling of the Okumura-Hata Model + Shadowing 
1) The Okumura-Hata Model 
The Okumura-Hata model is an empirical radio propagation model used to 

predict path loss in mobile networks in outdoor environments, such as urban, 
suburban, or rural areas. This model typically applies only to frequencies between 
150 and 1,500 MHz, with base station antenna heights hb (30 - 200 m) and mobile 
antenna heights hm (1 - 10 m) [15]. The equation for the Okumura-Hata path loss 
model (𝑃𝑃𝐿𝐿𝑂𝑂𝑂𝑂) is written as follows: [16]: 

( ) ( ) ( )
( )( ) ( )

10 10

10 10

69.55 26.16log 13.82log

44.9 6.55log log
OH b m

b

PL f h a h

h d

= + − −

+ −
        (1) 

where: 
 ( )OHPL d : Calculated path loss, 
 69.55: Empirical constant of the model for urban areas, 
 f: Frequency of the LTE/3G/4G radio signal, 
 ( )1026.16log f : Decimal logarithm of the frequency, 
 ( )1013.82log bh : Decimal logarithm of the base station height, 
 bh : Height of the base station antenna (BTS/eNodeB), 
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 mh : Height of the mobile antenna (user), 
 ( )ma h : Correction factor related to the mobile’s height and the environment, 
 d: Distance between the base station and the user, 
 ( )10log d : Decimal logarithm of the distance, 
 ( )( )1044.9 6.55log bh− : Factor representing the effect of distance and BTS 

height on attenuation. 

2.1.2. Mathematical Modeling of the COST-231 Hata + Shadowing Model 
1) COST-231 HATA Model 
The COST-231 Hata model is widely used to calculate propagation losses in 

wireless mobile systems. The COST-231 Hata model is designed for use in the 
frequency band ranging from 500 MHz to 2000 MHz. It also includes corrections 
for urban, suburban, and rural (flat) environments [17]. The propagation loss of 
the COST-231 Hata model is calculated as follows [18]: 

( ) ( )
( )( ) ( )

10 10

10 10

46.3 33.9 log 13.82log

44.9 6.55log log
COST b

b m

PL f h

h d C

= + −

+ − +
          (2) 

with: 
 3mC =  dB in dense urban areas;  
 0mC =  dB elsewhere. 
where 
 COSTPL : Calculated path loss; 
 f: frequency in MHz; 
 hb: base station height (m); 
 hm: mobile height (m); 
 a(hm): correction factor for the mobile; 
 d: distance in km; 
 mC : terrain correction factor (0 dB for suburban areas, 3 dB for urban areas). 

2.1.3. Correction Model for the Mobile Device 
For urban, suburban, or rural areas, the correction factors related to the height of 
the receiver antenna are [19]:   
 In urban areas for medium-sized or small cities: 

( ) ( )( ) ( )( )1.1log 0.7 1.56log 0.8a hm f hm f= − − −          (3) 

 In urban areas for large cities, f ≥ 300 MHz:  

( ) ( )( )2
3.201 log 11.75 4.97a hm hm= −              (4) 

 In suburban areas: 

( ) ( )
2

20 20suburban urban 2 log 5.4
28
fL L

  = − −     
          (5) 

 In rural areas (open environment): 

( ) ( ) ( )( ) ( )2
20 20rural urban 4.78 log 18.33log 40.94L L f f= − + −      (6) 
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2.1.4. Log-Normal Model 
The log-normal propagation model is a generic model that extends the Friis model 
or the free-space model. It is used to predict propagation losses in a wide range of 
environments, whereas the Friis free-space model is limited to an unobstructed 
path between the transmitter and the receiver. The general form of the model is 
as follows [20]: 

( ) ( )0 0
0

10 log10 dPL d PL d n Xdf d d
d

 
= + + ≤ ≤ 

 
         (7) 

where 
 ( )PL d : propagation loss at distance 𝑑𝑑(dB); 
 ( )0PL d : loss at a reference distance (dB);  
 n: propagation exponent (environment-dependent); 
 d0: reference distance (m); 
 d: distance between the transmitter and the receiver (m, Km) 

To account for the shading effect, a Gaussian random variable with a mean of 
zero and a standard deviation of −σ is added to the equation [21]. 

Shading is modeled by a spatially correlated Gaussian process. The covariance 
between two positions id  and jd  is defined by: 

( ) 2 exp
corr

d
C d

D
σ

 ∆ 
∆ = − 

 
                    (8) 

with: 

i jd d d∆ = −  

where: 
 σ : represents the standard deviation of shadowing 
 corrD : the decorrelation distance. 

Synthetic reference data is then generated according to: 

( ) ( )ref ,modeli r i iP d P d= +  ,                    (9) 

with: 

( )2
mes0,i σ  , 

where:  
 ( )ref iP d : represents the synthetic reference data at point di; 
 ( ),modelr iP d : represents the power received as calculated by the model; 
 i : is additive Gaussian noise; 
 mesσ : is the standard deviation of the synthetic reference data noise. 
 ( )20,i σ  : is the Gaussian random variable with a mean of zero. 

In this context, this equation can be expanded to account for environmental 
factors: 

,Guinea corr climat vegetation relief infraPL PL X K K K Kσ= + + + + +        (10) 

where: 
 GuineaPL : Total propagation loss in Guinea; 
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 PL : Propagation loss for the models; 
 ,corrXσ : represents the log-normal shadowing; 
 vegetationK : correction factors for dense vegetation; 
 reliefK : correction factors for mountainous terrain; 
 infraK : correction factors for low infrastructure density; 
 climatK : correction factors for tropical humidity. 

2.1.5. Modeling the Received Signal Strength (RSRP) 
RSRP (Reference Signal Received Power) represents the received power of the LTE 
signal. The received signal strength for the Okumura, Hat, and COST-231 models 
can be calculated as follows [22]: 

r t t r predictsP P G G PL L= + + − −                 (11) 

where: 
 rP : received power at the receiver (user’s mobile device) (dBm); 
 tP : transmit power of the base station (eNodeB) (dBm); 
 tG : gain de l’antenne émettrice (dBi); 
 rG : Receiving antenna gain (phone/mobile) (dBi); 
 predictsPL : predicted total propagation loss (dB); 
 L: loss at the connector and in the cable, in dB. 

Estimated received power based on the link balance: 

( ) ( ) ( ),r model t t rP d P G G PL d X d Lσ= + + − − −           (12) 

where: 
 ( ),r model iP d : represents the estimated power received based on the link balance; 
 mesσ : is the standard deviation of the synthetic reference data noise; 
 ( )X dσ : Correlated log-normal shadowing caused by natural and artificial ob-

stacles (dB). 
The Reference Signal Received Power (RSRP) is an essential indicator for as-

sessing radio coverage and reception quality in LTE networks. In particular, it 
makes it possible to evaluate the power level of the signal received by the mobile 
terminal and to identify areas with satisfactory or degraded coverage. Thus, Table 
3 presents the thresholds used for RSRP classification. 

 
Table 3. The RSRP power classification thresholds, as well as their interpretation in terms 
of LTE coverage quality [23]. 

RSRP Range (dBm) Interpretation Coverage Quality 

RSRP ≥ −66 Excellent signal, very strong reception Excellent 

−94 ≤ RSRP ≤ −66, Very good signal, strong coverage Very good 

−122 ≤ RSRP ≤ −94, Average signal, general service Acceptable 

RSRP < −122 Weak signal, poor coverage Bad 

2.1.6. Modeling Radio Coverage 
1) Multi-cell network 
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In a real network, multiple base stations contribute to the received signal; the 
mobile device connects to the cell that provides the best received signal strength. 
[24]. This approach makes it possible to map cell boundaries, overlapping areas, 
and radio shadow zones. 
 LTE coverage requirements 

Coverage and capacity requirements result in what are known as inequalities 
(signal-to-interference ratio), which must be satisfied for each user. These ine-
qualities, which are at the heart of our model, take the following form [25]: 

An area is considered covered only if: 
 The received signal is strong enough: 

( ) threshold,rP x y P≥                     (13) 

and 
 the radio quality is adequate: 

( ) thresholdSINR , SINRx y ≥                  (14) 

Otherwise, the location is considered an area with poor coverage or a radio dead 
zone. 
where: 
 ( ),rP x y : Received signal power at point ( ),x y ; 
 Pthreshold: Minimum acceptable received power threshold; 
 SINR(x, y): Ratio of the received useful power to interference from other cells 

and thermal noise; 
 SINRthreshold: Minimum acceptable SINR value. 
 Coverage radius 

This equation provides an estimate of the cell’s maximum service radius. 
( )0 threshold
10

0 10
t t r mP G G L d L P

nd d
+ + − − −

= ⋅                 (15) 

where: 
 tP : Transmission power of the base station (eNodeB) (dBm); 
 tG : Gain of the transmit antenna (dBi); 
 rG : Gain of the receive antenna (phone/mobile) (dBi); 
 ( )0L d : Propagation loss at the reference distance 0d  (dB); 
 mL : Additional losses (cables, connectors, building penetration, vegetation, 

rain.) (dB); 
 d: Maximum coverage distance (cell coverage radius) (Km ou m); 
 do: Reference distance used to calculate propagation losses (m); 
 thresholdP : Receiver sensitivity, i.e., the minimum signal power required for 

proper reception (dBm); 
 N: Path loss exponent, characterizing the rate of signal attenuation with dis-

tance. 
 Probability of coverage: 

This is the probability that the received power will exceed the minimum re-
quired threshold [26] [27]: 
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( )cov threshold

threshold
cov

r

r

P P P P

P P
P Q

σ

= >

 −
=  

 

                    (16) 

where: 
 covP : Coverage probability, i.e., the probability that the received power ex-

ceeds the minimum required threshold (%); 
 thresholdP : Minimum received power threshold guaranteeing successful com-

munication (e.g., an RSRP threshold) (dBm); 
 rP : Power of the signal received by the user terminal (dBm); 
 ( )P : Probability function; 
 Q(⋅): Q-function of the standard normal distribution, representing the prob-

ability that a standard normal random variable exceeds a given value; 
 σ: Standard deviation of log-normal shadowing, representing signal fluctua-

tions due to the environment. 
 Coverage rate  

This spatial coverage rate represents the proportion of the study area where the 
received power exceeds the required threshold [28]: 

( )( )threshold,
cov

d

d
rP x y PT ≥Ω

Ω

Ω
=

Ω
∫

∫

1
                   (17) 

where: 
 covT : Spatial coverage rate, representing the proportion of the study area 

where the received power exceeds the required threshold (%); 
 thresholdP : Minimum received power threshold guaranteeing satisfactory com-

munication (dBm); 
 ( ),rP x y : Received power at the point with coordinates (x, y) (dBm); 
 Ω: Study area or geographic region (coverage area) (m2 ou km2); 
 (Pr(x, y) ≥ Pthreshold): Indicator function equal to 1 if the condition Pr (x, y) 

≥ Pthreshold is satisfied, and 0 otherwise; 
 dΩ: Infinitesimal area element of the study area (m2 ou km2); 
 ( )( )threshold, d

rP x y P≥Ω
Ω∫ 1 : Area covered where the received power exceeds the 

threshold (m2 ou km2); 
 d

Ω
Ω∫ : Total area of the study area (m2 ou km2). 

2.1.7. SINR Modeling (Radio Quality) 
In 4G, performance depends in part on the signal-to-interference-plus-noise ratio 
(SINR), as shown in the following equations [29]: 

SINR S
I N

=
+

                        (18) 

Or in dB: 

( )dBSINR 10log10rP I N= − +                   (19) 

With: 
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N kTB=                          (20) 

where: 
 SINR: signal-to-interference-plus-noise ratio; 
 S: useful signal; 
 I: intercell interference; 
 N: thermal noise; 
 k: Boltzmann constant (1.3807 × 10−23 [J·k−1]); 
 T: absolute temperature (290˚k); 
 B: bandwidth (20 MHz); 
 SINR: signal-to-interference-plus-noise ratio in (dB) (The higher the SINR, 

the better the quality of the radio link); 
 Pr: power of the signal received by the user from the base station (dBm) (The 

higher Pr, the better the coverage). 
The Signal to Interference plus Noise Ratio (SINR) is a key indicator of radio 

link quality in LTE networks. Unlike the RSRP presented in Table 3, which mainly 
provides information on the received signal power level, Table 4 shows the differ-
ent SINR ranges and their corresponding radio link quality levels. 

 
Table 4. The various SINR ranges and how they correspond to radio link quality levels, 
ranging from very poor to excellent [30]. 

SINR Interval 
(dB) 

Interpretations 
Radio Link 

Quality 

SINR < −5 Very severe degradation, dominant interference Very low 

−5 - 0 A usable but unstable signal Low 

0 - 13 Service available but limited Average 

13 - 20 Generally reliable transmission Good 

SINR ≥ 20 Highly reliable connectivity, good 4G performance Excellent 

2.1.8. Model Validation 
 Root Mean Square Error (RMSE) 

The root means square error (RMSE) is commonly used as a standard statistical 
metric for evaluating model performance [31]. It is used to evaluate the error be-
tween field measurements and simulated values. The formula for RMSE is as fol-
lows [32]: 

( )2
, ,1

1 N
ref i sim iiRMSE P P

N =
= −∑                 (21) 

where: 
 RMSE: Mean squared error between measured and predicted values 
 N: Total number of measurement points;  
 Pref: power measured at point i; 
 Psim: power predicted/simulated by the model at point i. 
 Erreur absolue moyenne (MAE) 
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MAE represents the average absolute difference between the simulation and the 
measurement. The lower the MAE, the better the accuracy. Equation (24) illus-
trates the calculation of the mean absolute error (MAE) [33] [34]. 



1

1 n

i i
i

MAE y y
n =

= −∑                      (22) 

where: 
 iy : observed values at point i 
 

iy : modeled values 
 n: number of values 
 Pearson’s correlation 

It measures the linear relationship between summary statistics and simulations. 
Pearson calls this method the “product moments” method. The formula can be 
expressed most simply as follows [35]: 

( ) ( )
( ) ( )

1

22
1 1

ˆ

ˆ

n
i ii

n n
i ii i

y y y y
r

y y y y

=

= =

− −
=

− −

∑

∑ ∑
               (23) 

With: 
1 1r− ≤ ≤  

where: 
 r: Pearson’s correlation coefficient 
 y : mean of the measured values 
 ŷ : mean of the simulated values 
 Nash-Sutcliffe Efficiency Measure (NSE) 

The NSE (unitless) measures the relative magnitude of the residual variance 
(noise) compared to the variance of the fluxes (information); the optimal value is 
1.0, and values must be greater than 0.0 to indicate a minimally acceptable perfor-
mance. It is widely used for validating physical models. The equation is as follows 
[36]: 

( )
( )

2

1

2
1

1
n

i ii

n
ii

y y
NSE

y y
=

=

−
= −

−

∑
∑

                   (24) 

where: 
 NSE: Nash-Sutcliffe efficiency measure. 
 Bootstrap avec intervalle de confiance 95% 

Bootstrapping is a statistical method used to assign precision measures to sta-
tistical estimates. Typical values of B, the number of bootstrap samples, range 
from 50 to 200 for estimating the standard error. [37]. It (asymptotically) correctly 
estimates the variance of the sample median [38]. 

We generate B bootstrap samples: 
Random draws with rebuys: 

1 2, , BD D D∗ ∗ ∗
  
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For each sample: 

( )b bf Dθ ∗ ∗=                        (25) 

The 95% confidence interval: 

( ) ( )95% 2.5 97.5,IC P Pθ θ∗ ∗ =                    (26) 

where: 
 2.5P : 2.5th percentile 
 97.5P : 97.5th percentile 

Now, let’s analyze and compare the two hybrid models-Okumura-Hata and 
COST-231—using spatially correlated log-normal shadowing, a multicellular model, 
environmental corrections tailored to the Guinean context, and statistical valida-
tion. 

3. Results and Discussion 
3.1. Analysis of the Okumura-Hata Method Using Shadowing 
3.1.1. Analysis of Propagation Loss Using the Okumura-Hata Model 
Figure 1 shows how propagation loss varies with distance in urban, suburban, and 
rural environments. This increase reflects the gradual attenuation of the radio sig-
nal as it propagates between the base station and the user equipment. 

 

 
Figure 1. Propagation loss in the Okumura-Hata model. 

 
The results in Figure 1 show that the urban environment experiences the great-

est signal losses, a direct consequence of the high density of obstacles (buildings, 
infrastructure, and multiple reflections) that further degrade the propagation of 
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radio waves. Conversely, the rural environment exhibits the lowest losses due to a 
lower density of obstacles, despite the inclusion of corrections for tropical climate, 
terrain, and vegetation. Suburban environments exhibit intermediate performance. 
These observations confirm that geographic characteristics significantly influence 
the radio performance of LTE networks. They also justify the use of propagation 
parameters specific to each environment in the context of mobile network opti-
mization. 

3.1.2. Effect of Log-Normal Shadowing on Propagation 
Figure 2 illustrates the total propagation loss after accounting for spatially corre-
lated log-normal shadowing. Unlike the previous theoretical curves, the observed 
fluctuations reflect the random variations caused by physical phenomena encoun-
tered in real-world networks (shadowing by buildings, vegetation, terrain, or user 
mobility). 

 

 
Figure 2. Total propagation loss due to shadowing. 

 
The results in Figure 2 also show that fluctuations are greater in urban envi-

ronments (σ = 8 dB) than in suburban and rural areas (σ = 6 dB), reflecting greater 
variability in propagation conditions in heavily urbanized areas. These results in-
dicate that this figure is more realistic than the previous one because it better re-
flects actual propagation conditions in a non-homogeneous environment. 

3.1.3. Analysis of the Estimated Received Power Based on the Link  
Budget 

Figure 3 shows the variation in LTE received signal strength as a function of dis-
tance, while incorporating the quality thresholds used in LTE networks as defined 
in the specifications of mobile network operators in Guinea; see Table 3. 
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Figure 3. Received signal strength.  

 
The results in Figure 3 show a gradual decrease in Received Signal Strength 

as distance increases. This trend is consistent with the fundamental principles 
of radio propagation. Rural areas maintain higher power levels compared to ur-
ban areas due to lower propagation losses. Analysis of the LTE thresholds high-
lights three distinct regions: excellent radio coverage, acceptable service quality, 
and significant degradation of radio performance. The results indicate that re-
ceived power remains highly dependent on environmental conditions. Urban 
areas reach acceptable coverage limits more quickly than suburban and rural 
areas, underscoring the need for a higher density of base stations in large met-
ropolitan areas. 

3.1.4. Signal-to-Interference-Plus-Noise (SINR) Analysis 
Figure 4 shows the evolution of the signal-to-interference-plus-noise ratio (SINR) 
for the three environments studied. 

Figure 4 shows a gradual decrease in SINR with distance, resulting from both 
the attenuation of the desired signal and the presence of intercellular interfer-
ence. The urban environment remains the most susceptible to interference, as it 
was modeled at a level higher than thermal noise (+3 dB), unlike suburban (−3 
dB) and rural (−5 dB) environments. The comparative analysis also shows that 
rural areas are better able to maintain a SINR above the minimum LTE thresh-
old (−5 dB), thereby ensuring more robust radio communications. These results 
confirm that radio quality depends on both coverage and interference levels, 
justifying the combined use of RSRP and SINR metrics for evaluating LTE per-
formance. 
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Figure 4. SINR as a function of distance for the Okumura-Hata Model. 

3.1.5. Analytical Coverage Probability of the Okumura-Hata Model  
Figure 5 shows the analytical coverage probability calculated based on the statis-
tical properties of log-normal shadowing. 

 

 
Figure 5. Probability of coverage. 

 
The curves shown in Figure 5 highlight a gradual decrease in coverage proba-

bility as distance increases. Rural areas naturally have the highest coverage prob-
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abilities, while urban areas experience a more rapid decline. The 50% and 90% 
thresholds identify the minimum and optimal limits of radio coverage, respec-
tively. A probability greater than 90% is generally a relevant target for ensuring 
good service quality in LTE networks. This probabilistic approach provides par-
ticularly relevant additional information, as it allows for the incorporation of the 
uncertainty inherent in radio propagation phenomena. 

3.1.6. Analysis of Spatial Coverage Maps 
Figure 6 shows two-dimensional coverage maps of urban and rural areas, in 
which red indicates strong signal strength, yellow indicates good signal strength, 
green indicates fairly good signal strength, and blue and black indicate weak signal 
strength; white represents the coverage boundary. 

 

 
(a) Urban 

 
(b) Rural 

Figure 6. Maps of estimated received power based on the 2D link budget (Okumura-Hata 
Model). 
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An analysis of Figure 6 highlights the influence of shadowing phenomena on 
the spatial homogeneity of coverage. Rural areas exhibit larger and more homo-
geneous coverage zones than urban areas. This behavior is primarily due to lower 
propagation losses and reduced interference levels. These results demonstrate the 
value of spatial representations for identifying areas with potentially poor cover-
age that may require radio optimization. 

3.1.7. Performance Analysis of a Multi-Cell Network 
Figure 7(a) shows the spatial distribution of the SINR in a network consisting of 
seven base stations arranged in a simplified hexagonal architecture, while Figure 
b illustrates the dynamic assignment of users to the base station offering the best 
received power, as estimated from the link budget. 

 

 
(a) Multi-cell SINR 

 
(b) BS (Voronoi) association 

Figure 7. Multi-cell network performance (Okumura-Hata Model). 
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The results presented in Figure 7 highlight the combined influence of inter-cell 
interference, user association mechanisms, and radio design parameters on the 
overall performance of the LTE network. The achieved multi-cell coverage is esti-
mated at 45.5%, reflecting a degradation in performance in certain areas located 
primarily at cell boundaries where interference is more pronounced. These re-
gions constitute critical areas that can simultaneously affect both the received 
power and the perceived radio quality experienced by users. 

However, dynamically assigning users to the base station offering the best re-
ceived power level improves local radio performance by optimizing the use of 
available resources. The results obtained nevertheless show that coverage im-
provement depends not only on the number of deployed base stations, but also on 
the selected radio parameters such as transmit power, inter-site distance, antenna 
tilt, and interference management mechanisms. These observations highlight the 
value of self-organizing network (SON) techniques for simultaneously improving 
coverage and quality of service in LTE networks. 

3.1.8. Comparative Analysis of Propagation Media 
Figure 8 presents a comparative summary of the average RSRP and SINR values 
obtained in the three environments studied. 

 

 
(a) Average power received by environment 
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(b) Average SINR by environment 

Figure 8. Comparative analysis of propagation media. 

 
An analysis of Figure 8 shows that radio performance generally decreases in the 

following order: Rural, Suburban, and Urban. The observed average values remain 
above the minimum LTE thresholds, reflecting the overall effectiveness of the pro-
posed model in ensuring satisfactory coverage. This summary representation al-
lows for the rapid identification of environments requiring greater optimization 
efforts when designing future mobile networks. 

3.1.9. Validation of Simulations Using Synthetic Measurements for the 
Okumura-Hata Model 

Figure 9 compares the simulation results with the synthetic reference data gener-
ated for each of the environments studied. 

The results in Figure 9 show strong agreement between the simulation predic-
tions and the synthetic reference data generated for the three environments. The 
low RMSE values observed (1.91 dB in urban areas, 2.07 dB in suburban areas, 
and 2.14 dB in rural areas) indicate good internal consistency between the simu-
lated results and the synthetic reference data generated under the conditions con-
sidered. However, they do not constitute an independent predictive validation of 
the model, as this requires experimental field measurements. 
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(a) Urban 

 
(b) Suburban 

 
(c) Rural 

Figure 9. Comparison of simulations with generated synthetic reference data (Okumura-
Hata Model). 
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3.1.10. Statistical Validation of the Model 
Several complementary statistical indicators were used to assess the robustness of 
the proposed model. 
 Pearson’s correlation 

Figure 10 shows the relationship between the synthetic reference data and the 
simulations. Pearson’s correlation coefficient is close to 1, indicating excellent 
agreement, and the p-value is < 0.05, indicating a statistically significant relation-
ship. 

 

 
Figure 10. Pearson’s correlation coefficient. 

 
Analysis of Figure 10 shows a correlation coefficient that is substantially equal 

to 1; this result indicates a strong linear relationship between the synthetic refer-
ence data and the predictions obtained through simulation. This statistical valida-
tion reinforces the descriptive quality of the proposed model. 
 Bland-Altman plot 

Figure 11 shows the Bland-Altman plot, which assesses the agreement between 
the synthetic reference data and the simulations. Three lines are plotted: the mean 
bias, the upper limit (+1.96σ), and the lower limit (−1.96σ). 

The results in Figure 11 show that the majority of the data points (samples) 
remain concentrated around the mean bias-hat is, between the upper and lower 
limits of σ. This not only indicates agreement between the synthetic reference data 
and the simulations but also serves as a positive indicator of the statistical validity 
of the proposed model. 
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Figure 11. Bland-Altman plot for the Okumura-Hata Model. 

 
Correlation  
Pearson R = 0.9933 (p = 0.00000) 
MAE = 1.52 dB 
NSE = 0.9867 
The Pearson correlation coefficient obtained (R = 0.9933; p < 0.05) indicates a 

very strong linear relationship between the synthetic reference data and the sim-
ulated values. This statistically significant correlation reflects the model’s ability 
to accurately reproduce the observed variations in received power levels. Further-
more, the low MAE value (1.52 dB) indicates that the mean absolute errors in 
prediction remain limited, while the Nash-Sutcliffe index (NSE = 0.9867) con-
firms the excellent consistency between the observations and the simulations. The 
results of the Bland-Altman plot reveal a very low mean bias (0.09 dB) associated 
with relatively narrow limits of agreement (−3.66 dB; +3.85 dB), indicating good 
statistical stability of the predictions obtained. Taken together, these statistical in-
dicators demonstrate the internal robustness of the proposed model and its ability 
to reproduce the propagation phenomena considered in this study. However, this 
validation is still based on synthetic reference data and will need to be corrobo-
rated by in-the-field radio measurements. 

Let us now analyze the COST-231 Hata model adapted to LTE frequencies 
around 1800 MHz, incorporating spatially correlated log-normal shadowing, a 
multicell model, environmental corrections tailored to the Guinean context, and 
a comprehensive statistical validation of the radio predictions. 

3.2. Analysis of the COST-231 Hata Model with Shadowing 
3.2.1. Analysis of Propagation Loss Using the COST-231 Hata Model 
Figure 12 shows the variation in propagation loss obtained from the COST-231 
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Hata model in urban, suburban, and rural environments. Although both the Oku-
mura-Hata and COST-231 Hata models were evaluated at a frequency of 1800 
MHz, the COST-231 Hata model is particularly well-suited for modeling LTE net-
works operating in this frequency band. This choice thus reinforces its relevance 
for analyzing the coverage and quality of service of the 4G networks considered in 
this study. 

 

 
Figure 12. Propagation loss cost-231. 

 
The results in Figure 12 show a logarithmic increase in propagation loss with 

distance, consistent with empirical radio propagation models. The dense urban 
environment exhibits the highest losses due to the combined effects of infrastruc-
ture density, diffraction, and multiple reflections of electromagnetic waves. Sub-
urban and rural environments exhibit lower losses after applying specific correc-
tions related to the tropical climate, vegetation, and terrain. These observations 
highlight the significant influence of environmental characteristics on the perfor-
mance of LTE networks and justify the introduction of the proposed corrective 
parameters for the Guinean context. 

3.2.2. Effect of Spatially Correlated Log-Normal Shadowing 
Figure 13 illustrates the effect of log-normal shadowing on the total propagation 
loss. The inclusion of spatially correlated shadowing represents a significant im-
provement to the model, as it allows for the reproduction of the local fluctuations 
observed in real-world radio environments. 

The irregularities observed in Figure 13 result from shadowing effects caused, 
in particular, by buildings, vegetation, or topographic variations found in the var-
ious regions studied. The standard deviations used (8 dB for urban areas versus 6 
dB for suburban and rural areas) adequately reflect the greater variability of radio 
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channels in heavily urbanized environments. The use of spatially correlated shad-
owing also improves the spatial consistency of radio predictions, a particularly 
important aspect in two-dimensional coverage analyses. 

 

 
Figure 13. Total loss with shadowing. 

3.2.3. Analysis of Radio Performance Based on Estimated Received  
Power Derived from the Link Budget 

Figure 14 shows the variation in estimated received power, calculated from the 
LTE link budget, as a function of distance for the three environments studied. 

 

 
Figure 14. Estimated received power derived from the link budget. 

 
The results shown in Figure 14 indicate a gradual decrease in the received 
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power level as the distance between the user and the base station increases. This 
degradation is directly related to the increase in propagation losses predicted by 
the COST-231 Hata model. Analysis of the various LTE thresholds indicates that 
rural areas maintain higher average received power levels estimated from the link 
budget than urban environments, thanks to more favorable propagation condi-
tions. Conversely, urban environments reach critical radio coverage thresholds 
more quickly, underscoring the importance of cell sizing in densely populated ar-
eas. These results confirm that received power estimated from the link budget re-
mains an essential indicator for evaluating LTE radio coverage, but that it must be 
combined with complementary radio quality indicators such as SINR. 

3.2.4. Comparative Analysis of the SINR 
Figure 15 shows how the signal-to-interference-plus-noise ratio (SINR) changes 
as a function of distance. 

 

 
Figure 15. SINR as a function of distance for the COST-231 Hata Model. 

 
The results in Figure 15 show that radio performance gradually decreases as 

distance increases due to the combined effect of signal attenuation and the relative 
increase in intercellular interference. Urban environments are naturally more sus-
ceptible to interference due to modeled interference levels that are +3 dB above 
thermal noise. Suburban and rural environments exhibit better performance due 
to lower interference levels. Maintaining a SINR above the minimum LTE thresh-
old (−5 dB) is a particularly important indicator, as it directly determines the per-
formance of the modulation and coding schemes used by the network. These ob-
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servations confirm that satisfactory radio coverage does not automatically guar-
antee good quality of service. Simultaneous optimization of RSRP and SINR there-
fore remains essential when designing LTE networks. 

3.2.5. Analytical Coverage Probability of the COST-231 Hata Model 
Figure 16 shows the variation in the analytical coverage probability derived from 
the statistical properties of log-normal shadowing. The 50% and 90% thresholds 
identify the minimum and optimal LTE coverage limits, respectively. 

 

 
Figure 16. Coverage probability. 

 
The results in Figure 16 show that the coverage probability gradually decreases 

with distance in all three environments studied. Rural areas naturally maintain 
the highest coverage probabilities due to their favorable propagation conditions, 
while urban environments exhibit a more rapid decline in radio performance. A 
probability greater than 90% is generally sought during radio optimization oper-
ations to ensure excellent quality of service for users. This probabilistic approach 
is a particularly relevant complement to deterministic analyses, as it allows for the 
explicit incorporation of the uncertainty inherent in radio propagation phenom-
ena. 

3.2.6. Spatial Analysis of Radio Coverage 
Figure 17(a) and Figure 17(b) show the two-dimensional RSRP maps obtained 
in urban and rural environments, respectively. The white contours represent the 
coverage boundaries that simultaneously satisfy the constraints imposed on the 
RSRP and the SINR. 
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(a) Urban 

 
(b) Rural 

Figure 17. Maps of estimated received power based on the 2D link budget (COST-231 
Hata Model). 

 
Figure 17(a) shows the spatial distribution of the SINR in a network consisting 

of seven base stations deployed in a simplified hexagonal architecture, while Fig-
ure 17(b) illustrates the mechanisms for dynamically associating users with the 
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base station offering the highest received power level. 
A visual analysis of Figure 17 shows that rural areas have larger coverage areas 

and greater spatial homogeneity compared to urban areas. The fluctuations ob-
served in the coverage maps result directly from the spatially correlated shadow-
ing introduced into the simulations. This feature allows for a more accurate re-
production of the irregularities observed in real mobile networks. These results 
highlight the value of spatial analyses in identifying areas of poor coverage that 
may require radio optimization. 

3.2.7. Analysis of the LTE Multicellular Network 
The results presented in Figure 18 show that, under the selected simulation con-
ditions, the COST-231 Hata model yields a multicell coverage rate of 68.3%, which 
is higher than that obtained with the Okumura-Hata model (45.5%). However, this 
difference depends on the assumptions used to calculate coverage, the multicell ge-
ometry, the radio thresholds, and the environmental corrections applied. The spatial 
analysis of the SINR also shows that areas located at cell boundaries remain the most 
susceptible to intercellular interference. Despite these constraints, the performance 
achieved remains generally satisfactory in areas with actual coverage, thanks to dy-
namic user association mechanisms and improved spatial allocation of radio re-
sources. These results underscore the value of multicellular architectures combined 
with modern optimization techniques for simultaneously improving radio cover-
age and quality of service in LTE networks. 

 

 
(a) Mult-cell SINR 
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(b) Association of UE with BS 

Figure 18. Multi-cell network performance (COST-231 Hata Model). 

3.2.8. Comparative Analysis of Propagation Environments 
Figure 19 presents a comparative summary of the average performance results 
obtained for RSRP and SINR in the three environments studied. 

 

 
(a) Average power received by environment 
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(b) Average SINR by environment 

Figure 19. Comparative analysis of environments. 

 
The results presented in Figure 18 show that, under the selected simulation 

conditions, the COST-231 Hata model yields a multicell coverage rate of 68.3%, 
which is higher than that obtained with the Okumura-Hata model (45.5%). However, 
this difference depends on the assumptions used to calculate coverage, the multicell 
geometry, the radio thresholds, and the environmental corrections applied. 

3.2.9. Validation of Simulations Using Synthetic Measurements for the 
COST-231 Hata Model 

Figure 20 compares the simulation results with the synthetic reference data gen-
erated for each of the environments studied. 

The results presented in Figure 20 highlight a strong similarity between the 
synthetic reference data and the simulation results obtained in the three environ-
ments. The relatively low RMSE values observed (1.91 dB in urban areas, 2.07 dB 
in suburban areas, and 2.14 dB in rural areas) indicate good accuracy in the radio 
predictions obtained using the COST-231 Hata model enhanced with spatially 
correlated log-normal shadowing. The small discrepancies observed between the 
synthetic reference data and the simulations reflect the model’s ability to repro-
duce the spatial variations of the radio channel while incorporating the combined 
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effects of propagation phenomena, shadowing, and the proposed environmental 
corrections. These results are a positive indicator of the model’s suitability for 
evaluating LTE radio performance at 1800 MHz in the environments under con-
sideration. 

 

 
(a) Urban 

 
(b) Suburban 

https://doi.org/10.4236/jemaa.2026.1810010


K. A. Barry et al. 
 

 

DOI: 10.4236/jemaa.2026.1810010 208 Journal of Electromagnetic Analysis and Applications 
 

 
(c) Rural 

Figure 20. Comparison of simulations with generated synthetic reference data (COST-231 
Hata Model). 

3.2.10. Statistical Validation of the COST-231 Hata Model 
This model was statistically validated using several complementary metrics, namely: 
Pearson’s correlation coefficient, mean absolute error (MAE), the Nash-Sutcliffe 
index (NSE), and the Bland-Altman plot. These metrics allow for an assessment 
of the internal consistency between the simulated results and the synthetic data 
generated under the conditions under consideration. 
 Pearson’s correlation 

Figure 21 evaluates the relationship between the synthetic reference data and 
the simulations. 

 

 
Figure 21. Pearson’s correlation. 
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Figure 21 shows a regression line close to the diagonal, indicating a strong cor-
relation. The Pearson correlation coefficient ≈ 1 and p < 0.05 indicate a statistically 
significant p-value, reflecting excellent agreement between the synthetic reference 
data and the predictions obtained through simulation. The closer the Pearson co-
efficient is to one, the more accurately the model reproduces the observed varia-
tions in received power levels. 
 Bland-Altman plot 

Figure 22 shows the Bland-Altman plot, which assesses the agreement between 
the synthetic reference data and the simulation. The limits—mean, +1.96σ, and -
1.96σ enclose the observations. 

 

 
Figure 22. Bland-Altman plot for the COST-231 Hata Model. 

 
Figure 22 shows a high concentration of samples around the mean bias (0.09 

dB), combined with narrow agreement limits, indicating good stability and excel-
lent precision of the model. These results support those obtained using the RMSE 
and Pearson’s correlation coefficient, thereby confirming the statistical robustness 
and predictive reliability of the proposed COST-231 Hata model. 

Correlation  
Pearson R = 0.9933 (p = 0.00000) 
MAE = 1.52 dB 
NSE = 0.9867 
The statistical results indicate good internal consistency of the COST-231 Hata 

model, enhanced by spatially correlated log-normal shadowing. The strong Pear-
son correlation (R = 0.9933; p < 0.05), low RMSE (1.52 dB), high NSE (0.988), and 
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low Bland-Altman bias (0.09 dB) demonstrate satisfactory agreement between the 
simulations and the synthetic reference data. However, these metrics result from 
an internal evaluation based on simulated data and do not constitute independent 
experimental validation. The multicell coverage rate of 63.3% confirms the model’s 
consistency within the studied framework, but field measurement campaigns are 
still necessary to verify its predictive accuracy and operational applicability to 
Guinean LTE networks operating around 1800 MHz. 

3.3. Comparative Analysis of the Okumura-Hata and COST-231  
Hata Models 

Both the Okumura-Hata and COST-231 Hata models can be used to model radio 
coverage in LTE networks by incorporating the effects of spatially correlated log-
normal shadowing as well as a multicellular architecture. However, their areas of 
validity and performance differ significantly, which affects their relevance for stud-
ies on the optimization of 4G LTE networks. Table 5 presents a comparative sum-
mary of the main results obtained and highlights the criteria justifying the choice 
of the COST-231 Hata model for simulations conducted at 1800 MHz. The most 
notable differences concern the frequency adaptation to 1800 MHz LTE networks 
and the multicellular coverage results obtained. 

 
Table 5. Comparison of the results from the propagation models. 

Comparison Criteria Okumura-Hata COST-231 Hata Comparative Analysis 

Frequency band ≤1500 MHz 1500 à 2000 MHz 
COST-231 Hata is better suited for 1800 

MHz LTE networks 

Propagation loss Good modeling Very good modeling 
Both models show a logarithmic increase 

consistent with propagation theory 

RSRP 
Gradual decrease with 

distance 
Gradual decrease 

with distance 
Both models accurately simulate the 

attenuation of the radio signal 

SINR 
Good representation 

of interference 
Good representation 

of interference 
COST-231 Hata is better suited for dense 

LTE networks 

Probability of Coverage Gradual decline Gradual decline 
Both models correctly distinguish between 
urban, suburban, and rural environments 

Spatially Correlated 
Shadowing 

Oui Oui 
Both models enhance the realism of radio 

simulations 

Multi-cell coverage 45.5% 68.3% 
COST-231 Hata offers better coverage, with 
a gain of 22.8 percentage points compared 

to Okumura-Hata. 

Environmental Remedial 
Measures Tailored to Guinea 

Oui Oui 
Both models take into account Guinea’s 

specific geographic characteristics 

Pearson’s correlation 0.9933 0.9933 
Very strong agreement between simulations 

and synthetic reference data 
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Continued 

MAE 1.52 dB 1.52 dB Low average absolute error for both models 

NSE 0.9867 0.9882 
Both models demonstrate excellent 

predictive power 

Bland-Altman Plot Bias = 0.09 dB Bias = 0.09 dB 
Very good statistical stability of the 

predictions 

Statistical validation Very satisfactory Excellent 
COST-231 Hata offers slightly better 

performance 

Compatibility with 1800 MHz 
LTE Networks 

Limited Excellent 
A significant advantage of the COST-231 

Hata model 

Recommended Model 
A good reference 

model 
Best Choice 

COST-231 Hata is the most relevant for this 
study 

 
Both the Okumura-Hata model and the COST-231 Hata model perform well in 

modeling LTE radio propagation phenomena. The statistical metrics obtained 
(Pearson > 0.99, MAE = 1.52 dB, and NSE > 0.98) demonstrate their robustness 
and predictive capability. However, the COST-231 Hata model stands out for its 
significantly higher multi-cell coverage (68.3% versus 45.5%) as well as its better 
adaptation to LTE frequencies around 1800 MHz. The inclusion of spatially cor-
related log-normal shadowing and environmental corrections specific to the 
Guinean context further reinforces the relevance of this model for radio planning 
and optimization studies. Based on the results obtained, the COST-231 Hata model 
is the most appropriate choice for the analysis and optimization of 4G LTE net-
works in the geographical context of Guinea. 

4. Conclusions 

This study compared the Okumura-Hata and COST-231 Hata models for simu-
lating LTE propagation in urban, suburban, and rural environments. The incor-
poration of spatially correlated log-normal shadowing allows for a more realistic 
representation of spatial variations in the radio channel within the chosen simu-
lation framework. The statistical metrics calculated from synthetic reference data 
show good internal consistency between the simulated results and the numerical 
references used. However, these results do not constitute independent experi-
mental validation. 

At 1800 MHz, the COST-231 Hata model appears theoretically more appropri-
ate than the Okumura-Hata model due to its operating frequency range. Never-
theless, confirming this suitability in Guinean environments requires a campaign 
of real-world LTE measurements, including, in particular, RSRP, SINR, distance 
to the base station, antenna height, load conditions, and local topographical and 
vegetation characteristics. 

The results presented should therefore be considered as a comparative model-
ing study and as a methodological basis for future experimental validation cam-
paigns in Guinea. 
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2D 2-Dimensional 

4G-LTE 4th generation-Long Term Evolution 

5G 5th generation 

6G 6th generation 

BS Base Station 

BTS Base Transceiver Station 

COST European Cooperation in Science and Technology 

ECC-33 Electronic Communications Committee-Model 33 

eNodeB Evolved Node 

FSS-LMS Fixed Satellite Service-Land Mobile Service 

FSPL Free Space Path Loss 

ISD Inter-Site Distance 

LTE-A Long Term Evolution-Advanced 

MAE Mean Absolute Error 

NSE Nash-Sutcliffe Efficiency 

QoS Quality of Service 

RMSE Root Mean Square Error 

RSRP Reference Signal Received Power 

Rx Receive 

SIG Système d’Information Géographique 

SINR Signal to Interference plus Noise Ratio 

SUI Stanford University Interim 

Tx Transmit 

UE User Equipment-terminal mobile 

VS-LMS Vehicular Service-Land Mobile Service 
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