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Abstract— In this paper, an evaluation of four
different Walficsh-Bertoni path loss model tuning
methods for a cellular network in a timber market
located on the outskirts of Uyo in Akwa Ibom
state is presented. The study used empirically
measured signal strength intensity data obtained
within the market for a 1800GHz 3G cellular
network to compare the prediction performance
of the different model optimization methods.
Particularly, the received signal strength
intensity,
the
transmitting
base
station
information and other relevant information
required for the study are collected with the use
of G-NetTrack Lite 8.0 wireless network site
surveying android app installed on Samsung
Galaxy S8 phone. The four tuning methods
considered are the root mean square (RMSE)based tuning, the coefficient of the path lengthbased tuning, the coefficient of the logarithm of
the path length-based tuning, the composition
function of residue-based tuning. The results
show that the composition function-tuned
Walficsh-Bertoni model has the best prediction
performance with the least RMSE of 1.5 dB, least
MAPE of 1.2 dB and the highest prediction
accuracy of 99.1%. It also maintained the best
prediction performance with the validation
dataset. The coefficient of the path length-based
method is the second, followed by the popular
RMSE-tuned Walficsh-Bertoni model. In all, this
paper has demonstrated that while the RMSE
method is popular, there are other simple tuning
methods that can perform better.

models are more popular. However, the semiempirical models are particularly useful for combining
some
site-specific
features
and
empirical
measurements in determining the expected path loss
in the given environment [18,19,20,21,22].
In all, studies have shown that no single path loss
model
can
fit
all
environments
[23,24,25,26,27,28,29]. Rather, the models are
optimized for any given environment based on field
measurements conducted within the environment of
interest. Accordingly, in this paper, an empirical field
measure path loss data is used to optimize WalficshBertoni model [30,31,32,33,34] for a timber market.
The choice of Walficsh-Bertoni model is particularly
important as it is a semi-empirical model includes the
building height and the space between buildings as
part of the parameters it uses to estimate the path
loss in a given environment. The case study timber
market has rows of buildings for the timber shops
along with a series of frames for hold timbers in front
of the timber shops.
More importantly, the focus of this paper is to
examine the effectiveness of different WalficshBertoni model optimization methods. The essence of
the study is to present different methods that can be
used to obtain better path loss prediction accuracy
than the popularly used root mean square error
(RMSE) based model optimization approach.
Accordingly, four different optimization methods are
considered and their prediction accuracy is examined
in respect of the RMSE, the prediction accuracy and
maximum absolute prediction error. The relevant
mathematical expressions and model development
and evaluation procedures are presented.

Keywords— Path Loss, Path Loss Model, SemiEmpirical Path Loss Model, Cellular Network,
Walficsh-Bertoni Model.

II. THE WALFICSH-BERTONI PATH LOSS
MODEL
Among the various semi-empirical path loss models,
the Walficsh-Bertoni model is particularly suitable for
characterizing path loss in an area with much building
obstruction in the signal path.The Walfisch-Bertoni
model is expressed as [30,31,32,33,34];

I. INTRODUCTION
Accurate prediction of the expected path loss is
essential in wireless network system planning
[1,2,3,4,5,6]. As such, several analytical expressions
have been developed over the years for estimating
the path loss that wireless signals will experience
when propagating through a given environment
[7,8,9,10,11,12,13]. The path loss models are
classified
as
empirical,
semi-empirical
and
deterministic models [14,15,16,17]. Among the three
categories, the empirical and the semi-empirical

𝜌1 𝑅 0.9

𝑃𝑊𝐵 (𝑑𝐵) = 89.5 − 10 (log10 ((𝐻

2
𝐵 −ℎ𝑚 )
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ℎ𝑏 is the transmitter antenna height in meters; R:
Space between buildings in meters; 𝐻𝐵 is the building
height in meters, 𝑓𝑚 is the frequency in MHz; ℎ𝑚 is the
mobile height in meters and d: is the distance
between base station transmitter and the mobile
station in Km.
III. THE EMPIRICAL DATA COLLECTION
The field measurement is carried out along within a
timber market on the outskirts of Uyo. market lies
within the signal coverage area of a 1800GHz 3G
cellular network. The buildings in the timber market
are about 5 meters high with an average distance of 6
meters between the buildings. The received signal
strength intensity (RSSI), the transmitting base station
information and other relevant information required for
the study are collected with the use of G-NetTrack Lite
8.0 wireless network site surveying android app
installed on Samsung Galaxy S8 phone. The field
measurement was conducted in November 2018. The
RSSI data was used to compute measured path loss.
The entire measured path loss dataset was divided
into two parts and a part was used for the model
training while the other part was used for validating
the optimized models developed in this paper. The
measured path loss are versus path length are shown
in Figure 1 for the training and the validation datasets.
Field Measured Path Loss…
Field Measured Path Loss…
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Figure 1 The measure path loss are versus path
length for the training and the validation
datasets
The prediction performance of the model is evaluated
using the root mean square error (RMSE)
,
prediction accuracy (PA) and maximum absolute
prediction error (MAPE) where;
2

1

2

𝑛
RMSE = √{ [∑𝑖𝑖 =
= 1 | 𝑃𝑚(𝑖) − 𝑃𝑊𝐵(𝑖) | ]}
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(3)
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(4)
for all i ≥)1
(5)
Where 𝑃𝑚(𝑖) is the measured path loss at data point i
and𝑃𝑊𝐵(𝑖) is the Walficsh-Bertoni model path loss
prediction for data point i.

In order to select the parameters to be adjusted
for the model tuning, the correlation between the
Walficsh-Bertoni model path loss prediction error and
three other parameters were determined as shown in
Table 1
Table 1 The correlation between the WalficshBertoni model path loss prediction error and
three other parameters (path length, log of the
path length and the Walficsh-Bertoni model
predicted path loss
Correlation
(r) coefficient
Walficsh-Bertoni model path
loss prediction error (e)
1
0.882027569

Log(d)

0.940557428

The result showed very strong correlation between the
error, e and Log(d) followed y the correlation between
the error, e and d. Consequently, the model prediction
error can be effectively reduced by a tuning method
that adjust the coefficient of d, or the coefficient of
Log(d). Also, a composite function that estimates
prediction error as a function of the distance, d will
also provide good result. As such, four tuning
approaches or options are considered.
(I) The RMSE-based tuning approach
This is the common path loss model
tuning technique and for the case study
path loss model it is given as;
𝑃𝑊𝐵_𝑅𝑀𝑆𝐸(𝑖) =
𝑃𝑊𝐵(𝑖) + 𝑅𝑀𝑆𝐸 𝑓𝑜𝑟 ∑( 𝑃𝑚(𝑖) − 𝑃𝑊𝐵(𝑖) ) ≥ 0
{
(6)
𝑃𝑊𝐵(𝑖) − 𝑅𝑀𝑆𝐸 𝑓𝑜𝑟 ∑( 𝑃𝑚(𝑖) − 𝑃𝑊𝐵(𝑖) ) < 0
The RMSE is determined from the field measured
path loss and the Walficsh-Bertoni model predicted
path loss values.
(II) The coefficient of d-based tuning, denoted as
(CD-tuning ) is given as
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝐶𝐷(𝑖) = 89.5 − 10 (log10 ((𝐻

2
𝐵 −ℎ𝑚 )

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) +
38(log10 (𝐾𝐶𝐷 (𝑑))) (7)
Where K CD is the coefficient of d that is adjusted
until the minimum RMSE value is realized. The value
of 𝐾𝐶𝐷 is determined from the field measured path
loss and the Walficsh-Bertoni model predicted path
loss values.
(III) The coefficient of Log(d)-based tuning, denoted
as (CLD-tuning ) is given as
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝐶𝐿𝐷(𝑖) = 89.5 − 10 (log10 ((𝐻

MAPE = maximum(| 𝑃𝑚(𝑖) − 𝑃𝑊𝐵(𝑖) |

IV OPTIMISATION OF THE WALFICSH-BERTONI
MODEL

d

2
𝐵 −ℎ𝑚 )

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) +
38(𝐾𝐶𝐿𝐷 )(log10 (𝑑)) (8)
Where 𝐾𝐶𝐿𝐷 is the coefficient of Log(d) that is
adjusted until the minimum RMSE value is realized.
The value of 𝐾𝐶𝐿𝐷 is determined from the field
measured path loss and the Walficsh-Bertoni model
predicted path loss values.
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(IV) The composition function of residue, denoted as
(CFR-tuning) is given as
𝑃𝑊𝐵_𝐶𝐹𝑅(𝑖) = 𝑃𝑊𝐵(𝑖) + 𝑓(𝑒 𝑜𝑓 𝑑) (9)
Where 𝑓(𝑒 𝑜𝑓 𝑑) is the composition function of
residue that is used to estimate the prediction error
which when added to the Walficsh-Bertoni model
predicted path loss will minimize the RMSE. The
function 𝑓(𝑒 𝑜𝑓 𝑑) is developed from the field
measured path loss and the Walficsh-Bertoni model
predicted path loss values.
V. RESULTS AND CONCLUSION
The results for the predicted path loss versus path
length for the original Walficsh-Bertoni model and the
various tuned Walficsh-Bertoni models are shown in
Figure 2 for case where the training dataset is used
for the evaluation. Similar results of the predicted path
loss versus path length for the original WalficshBertoni model and the various tuned Walficsh-Bertoni
models are shown in Figure 3 for case where the
validation dataset is used. The prediction
performance, RMSE (dB) and MAPE (dB), for the
original Walficsh-Bertoni model and the various tuned
Walficsh-Bertoni models for case where the training
and validation datasets are used is shown in Figure 4
while the prediction accuracy is shown in Figure 5.
The results show that the CFR-Tuned WalficshBertoni model has the best prediction performance
with the least RMSE of 1.5 dB, least MAPE of 1.2 dB
and the highest prediction accuracy, PA of 99.1%. It
also maintained the best prediction performance with
the validation dataset. The CD-tuned
WalficshBertoni model is the second, followed by the popular
RMSE-tuned Walficsh-Bertoni model. Among the four
tuning methods considered, the CLD-tuned WalficshBertoni model had the least prediction performance.
The tuned models are then derived based on the
tuned parameters. Now, the RMSE = 16.1 dB, then ,
the RMSE-based tuning model becomes;

𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝑅𝑀𝑆𝐸(𝑖) = 89.5 − 10 (log10 ((𝐻

𝐵 −ℎ𝑚 )

2

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) +
38(log10 (𝑑)) +16.1 (10)
When the constants are added, the RMSE-tuned
model becomes;
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝑅𝑀𝑆𝐸(𝑖) = 105.6 − 10 (log10 ((𝐻

𝐵 −ℎ𝑚 )

2

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) + 38(log10 (𝑑))
(11)
In the case of the CD-tuning method, the parameter,
𝐾𝐶𝐷 = 2.58 , then,
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝐶𝐷(𝑖) = 89.5 − 10 (log10 ((𝐻

𝐵 −ℎ𝑚 )

2

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) +
38(log10 (2.58𝑑)) (12)
In the case of the CLD-tuning method, the
parameter, 𝐾𝐶𝐿𝐷 = 0.1 , hence,
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝐶𝐿𝐷(𝑖) = 89.5 − 10 (log10 ((𝐻

2
𝐵 −ℎ𝑚 )

)) +

21(log10 (𝑓𝑚 )) − 18(log10 (ℎ𝑏 − 𝐻𝐵 )) + 3.8(log10 (𝑑))
(13)
Finally, the composition function of residue, 𝑓(𝑒 𝑜𝑓 𝑑)
is given as;
𝑓(𝑒 𝑜𝑓 𝑑) = 161.1(d) -99.56
(14)
Hence;
𝜌1 𝑅 0.9

𝑃𝑊𝐵_𝐶𝐹𝑅(𝑖) = 89.5 − 10 (𝑙𝑜𝑔10 ((𝐻

𝐵 −ℎ𝑚 )

2

)) +

21(𝑙𝑜𝑔10 (𝑓𝑚 )) − 18(𝑙𝑜𝑔10 (ℎ𝑏 − 𝐻𝐵 )) +
38(𝑙𝑜𝑔10 (𝑑))+161.1(d) -99.56 (15)
In all, while the RMSE is the most popular method
used for tuning path loss models, the results have
shown that there are also simple methods that can
give better prediction accuracy than the RMSE
method.
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Figure 2 The predicted path loss versus path length for the original Walficsh-Bertoni model and the various tuned
Walficsh-Bertoni models for case where the training dataset is used
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Figure 3 The predicted path loss versus path length for the original Walficsh-Bertoni model and the various tuned
Walficsh-Bertoni models for case where the validation dataset is used
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Figure 4 The prediction performance, RMSE (dB) and MAPE (dB), for the original Walficsh-Bertoni model and the
various tuned Walficsh-Bertoni models for case where the training and validation datasets are used
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Figure 5 The percentage accuracy, PA(%), for the original Walficsh-Bertoni model and the various tuned WalficshBertoni models for case where the training and validation datasets are used
VI. CONCLUSION
Four different methods for optimizing the WalficshBertoni path loss model are presented and their path
loss prediction performances are compared. The
prediction performance is based on empirical path
loss data collected through field measurement
conducted in a timber market located on the outskirts
of Uyo in Akwa Ibom State. Specifically, the 3G
cellular network was considered in the study and the
received signal strength intensity (RSSI), the
transmitting base station information and other
relevant information required for the study were
collected with the use of G-NetTrack Lite 8.0 wireless
network site surveying android app installed on
Samsung Galaxy S8 phone. The results showed that
among the four different model optimization methods
considered, the composition function of residue tuning
method gave the best prediction performance. The
popularly used root mean square error (RMSE)
method was third in the prediction performance
ranking. In all, this paper has demonstrated that while
the RMSE method is popular, there are other simple
tuning methods that can perform better.
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