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Abstract

Radio refractivity plays a significant role in the development and design of radio systems for

attaining the best level of performance. Refractivity in the troposphere is one of the features

affecting electromagnetic waves, and hence the communication system interrupts. In this

work, a modified artificial neural network (ANN) based model is applied to predict the refrac-

tivity. The suggested ANN model comprises three modules: the data preparation module,

the feature selection module, and the forecast module. The first module applies pre-pro-

cessing to make the data compatible for the feature selection module. The second module

discards irrelevant and redundant data from the input set. The third module uses ANN for

prediction. The ANN model applies a sigmoid activation function and a multi-variate auto

regressive model to update the weights during the training process. In this work, the refrac-

tivity is predicted and estimated based on ten years (2002–2011) of meteorological data,

such as the temperature, pressure, and humidity, obtained from the Pakistan Meteorological

Department (PMD), Islamabad. The refractivity is estimated using the method suggested by

the International Telecommunication Union (ITU). The refractivity is predicted for the year

2012 using the database of the previous ten years, with the help of ANN. The ANN model

is implemented in MATLAB. Next, the estimated and predicted refractivity levels are vali-

dated against each other. The predicted and actual values (PMD data) of the atmospheric

parameters agree with each other well, and demonstrate the accuracy of the proposed ANN

method. It was further found that all parameters have a strong relationship with refractivity,

in particular the temperature and humidity. The refractivity values are higher during the rainy

season owing to a strong association with the relative humidity. Therefore, it is important to

properly cater the signal communication system during hot and humid weather. Based on

the results, the proposed ANN method can be used to develop a refractivity database,

which is highly important in a radio communication system.
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1 Introduction

Radio wave propagations are influenced by the characteristics of the atmosphere and can be

scattered, absorbed, reflected, or refracted owing to various atmospheric behaviors. The tropo-

sphere is the part of the atmosphere that is closest to human life, and starts from the earth’s

surface to a height of about 10 km at the poles and 17 km at the equator. The basic parameters

that affect the radio links in the troposphere are the pressure, temperature, and relative humid-

ity [1]. These parameters disturb the frequency and power of a signal. Radio waves have signif-

icant importance in radio communications, disaster forecasting, aerospace applications, and

environmental monitoring. For example, poor propagations reduce the proper functioning of

the communication links and finally bring about a signal decline at the receiver end [2, 3]. The

propagation of waves is not limited to the troposphere, and is important to the biomedical

fields [4], [5]. Radio refractivity, denoted by n, can be defined as the “ratio of radio wave prop-

agation velocity in free space to its velocity in a specified medium” [2]. It can be mathemati-

cally written as

n ¼
Vf
Vm

: ð1Þ

Here, the signal velocity in a free space is denoted as Vf, and Vm describes its velocity

with respect to a specified medium. In the troposphere, radiowave propagation is

evaluated based on variations in the air refractivity [6]. Variations in the refractivity can

determine the path of the radio waves. The radio refractive index varies by temperature,

humidity, and atmospheric and water vapor pressures. Furthermore, the air temperature,

pressure, and humidity also depend on the height at a point above the ground surface.

Small variations in these parameters can bring about a substantial effect on the propagation

of radio waves, which is due to the fact that the radio signals are refracted over a complete

signal path [7]. The refractivity is approximately equal to unity, (i.e., 1.0003) near the

earth’s surface [2]. The difference in refractivity from unity depends on two important fac-

tors [8]:

• Air is composed of molecules of oxygen, nitrogen, carbon dioxide, and water vapors. These

air molecules are polarized when electromagnetic signals pass through them. The interaction

between air molecules and electro-magnetic waves is affected by certain atmospheric vari-

ables such as the pressure, humidity, and temperature.

• The quantum-mechanical molecular resonance lies within the range of 22 to 60 GHz [8].

The radio refractivity, denoted by N, has been used in many studies, and can be expressed

mathematically as Radio refractivity denoted by N, used in many researches, and can be

expressed mathematically as:

N ¼ 10� 6ðn � 1Þ ð2Þ

Here, N is a dimensionless number and is shown in N units. The radio refractivity relies on

the absolute air temperature, T (K); vapor pressure, e (mbar); and pressure, p (mbar). The

refractivity N can be calculated with the help of the following formula [6, 9].

N ¼
77:6p
T
þ 3:75:105 e

T2
ð3Þ
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The water vapor pressure (e) can be quantified using the equation given below:

e ¼
RH
100

a exp
bt
t þ c

� �

ð4Þ

where RH% represents the relative humidity, t and is the temperature (˚C). Moreover, the

coefficients are given as: a = 6.1121, b = 17.502, and c = 240.97. These coefficients are valid

from −20 to 50 ˚C with an accuracy level ±0.20%.

The refractivity varies based on changes in meteorological parameters [10]. Multiple paths

incur larger changes in the atmospheric radio refractive index, for instance, the refractivity is

different for different horizontal layers [11]. The same radio wave signals use different paths,

and therefore have different arrival times at the target. Moreover, radio signals interfere with

each other during their propagation in the troposphere and consequently, the propagation of

radio waves makes a curved path towards the earth. Therefore, the refractivity of the atmo-

sphere will change the height as well as the radio signal waves. The performance of a radio

signal wave depends on the index of the refractive gradient, which is a function of the atmo-

spheric parameters.

The radio signals in the troposphere are influenced by the changes in meteorological

parameters for example, the temperature, pressure, and humidity. These are associated with

the changes in weather during different different seasons of the year. These changes in the

aforementioned parameters bring about variations in the refractivity [12, 13]. Radiowave prop-

agation is determined by variations in the refractivity of air in the troposphere. Variations in

the radio refractivity can curve the path of the propagating radio wave. Moreover, the meteo-

rological parameters are based on altitude. A small variation in any of these parameters can

have a significant effect on the radio signals, because they refract over the entire path [14]. The

change in refractive index is due to the different phenomena influencing the radio signal, for

example, ducting, scintillation, bending, refraction and station interference [2, 11, 15, 16, 17].

Various researchers have studied the effects of meteorological variables on the attenuation of

micro or radio waves [18, 19]. It was found that a 10% increase in the temperature and humid-

ity profiles can magnify the attenuation of radio waves by 72.73 × 10−5 dB/km and 2.51 × 10−2

dB/km, respectively. Researchers have indicated that a refractivity database is required for

readings observed in air [6, 20, 21]. In general, wireless service providers rely on International

Telecommunication Union (ITU) to provide refractive and other relevant databases, owing to

the unavailability of accurate local data. These databases are obtained using world meteorolog-

ical charts and global numerical predictions. Currently, in Pakistan, an accurate local radio

refractive database is unavailable. In 2012, S. Ali et al. presented a statistical analysis of the

radio refractive index deviations resulting from radio data from 2000 to 2009 for Lahore, Paki-

stan [8]. In this work, the radio refractivity was calculated with the help of an artificial neural

network (ANN) for Islamabad, Pakistan.

ANN models are used to predict a function from the given observations. These are usually

applied where unstructured and large data are involved. ANNs can perform different tasks

e.g., approximate functions, time series forecasting, data processing, sequence classification,

pattern reorganization and numerical control using computers [22–30]. They have many prac-

tical fields of application, for instance, system identification and process control, resource

management, quantum chemistry, financial applications, medical diagnoses, decision-making,

and data mining [31]. Various researchers have already applied ANNs in the prediction of

meteorological parameters, [9, 32]. Although the proposed technique was implemented on a

smart grid [33], it remains a novel method for the prediction of meteorological parameters

and consequently, radio refractivity.
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The refractivity changes in the troposphere depends on different factors, and consequently,

radio waves effects, such as refraction, bending, and interference from radio stations. The pur-

pose of this research is to analyze meteorological data and develop an efficient tool to predict

the effects of temperature, pressure and humidity on a radio link system. To do so, the radio

refractivity is predicted. The local meteorological data of Islamabad for the years of 2002 to

2012 were used in calculations of the radio refractivity and prediction. These meteorological

data include the temperature, humidity and pressure. The system was trained considering

weather data from 2002 to 2011, allowing weather data on the temperature, humidity and pres-

sure to be prediticted for 2012. Afterward, using all predicted values, i.e., temperature, pressure

and humidity, the radio refractivity values for 2012 were forecasted. Finally, the predicted

refractive values were validated based on the calculated refractive data using real meteorologi-

cal data for the year 2012.

The objective/importance of this work is to provide a reliable tool for the preparation of a

refractivity database. In Pakistan, reliable data at the local level related to atmospheric refrac-

tivity are inaccessible. Because the refractivity plays a significant role in a radio communication

system, this work presents an ANN method for predicting the different meteorological param-

eters and radio refractivity.

The remainder of this paper is organized as follows. In Section 2, the proposed ANN model

along with the forecast strategies and the data preparation are presented. In addition, data-

selection and forecast modules are given to further illustrate the use of artificial neural net-

work. In Section 3, implementation of neural networks for the current problem is described.

Next, the results and a discussion are provided in Section 4. In Section 5, some concluding

remarks and areas of future research are discussed.

2 ANN-based forecast method

Radio refractivity prediction is an application of science and technology. Engineers predict

the state of the atmosphere at any given location for the planning and design of a radio link

system. They calculate the radio refractivity using meteorological data, i.e., the temperature,

pressure and humidity. For the purpose of radio refractivity prediction, we have to predict

the weather parameters first. Weather forecasting is one of the most challenging problems

globally. The motive behind the current research is to predict the output more accurately.

Various prediction strategies are able to handle nonlinearities in the data. ANN can be

applied to the forecasting of the nonlinear behaviors. This work employs ANNs to predict the

radio refractivity through the use of meteorological parameters, i.e., the temperature, pres-

sure and humidity. The ANN model is implemented in MATLAB. The model was trained

using the past ten years of actual data (2002–2011) and validated based on the results of the

following year’s data.

The ANN model described herein contains following three modules:

1. Data preparation module

2. Feature selection module

3. Forecast module

The first module is used in pre-processing for the sake of creating compatibility between

the input data and the other two modules. The second module is responsible for eliminating

unnecessary segments in the data. Finally, the third module is based on an ANN model, and is

used to predict the future data.
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2.1 Data preparation module

As already discussed, the data preparation module receives the input data. Suppose the input

data show the following matrix:

P ¼

pd1

h1
pd1

h2
pd1

h3
� � � pd1

hm

pd2

h1
pd2

h2
pd2

h3
� � � pd2

hm

pd3

h1
pd3

h2
pd3

h3
� � � pd3

hm

..

. ..
. ..

. . .
. ..

.

pd1

hn
pd1

hn
pd1

hn
� � � pdnhm

0

B
B
B
B
B
B
B
B
B
B
B
B
B
@

1

C
C
C
C
C
C
C
C
C
C
C
C
C
A

; ð5Þ

where hm and dn denote the days of themth month and nth year, respectively. Moreover, pdnhm
represents the historical data.

The value ofm is equal to the days of the months, and the value of n is based on the choice

of the designer. When n is higher, a finer tuning is applied in the training process (for the third

module), which is due to the availability of more samples. However, it will take more time in

terms of execution. The data preparation module conducts the following functions.

1. Receives input matrix p

2. Computes the local maxima

3. Computes the local normalization

4. Computes the local median

5. Performs the binary encoding

6. Sends the encoded data to the forecast module

Before feeding the ANN using the input matrix p, the following functions are executed by

the module meant for the data preparation.

1. Local maximum: At the initial stage, the maximum value at each local column of the matrix

p is computed as follows:

pcjmax ¼ maxfpd1

hj
; pd1

hj
; pd1

hj
; � � � ; pd1

hj
g;8 j � f1; 2; � � � ; ng: ð6Þ

2. Local normalization: The columns of the pmatrix are normalized based on their respective

local maximum value, and the consequent matrix is named as pnrm. The entries of pnrm
range from zero to 1.

3. Local median: The local median value is computed for the columns of the pnrm matrix, i.e.,

medj.

4. Binary encoding: A normalized matrix p is compared with its respectivemedj value. The

medj will be treated as threshold for the values of matrix P. The new values of matrix P will

be considered as “0”if the value of matrix pnrm is less than correspondingmedj value. Simi-

larly the new values of matrix P will be considered as “1”if the value of matrix pnrm is greater

than corresponding medj value. Now a Pmatrix with binary values is obtained.
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2.2 Feature selection module

This module applies for the following functions.

1. Removes redundant features

2. Removes irrelevant features

Irrelevant and redundant samples need to be eliminated from the binary encoded data. The

execution time of the ANN training process is reduced through the removal of redundant fea-

tures in the data. This also removes the irrelevant features and improves the forecast accuracy

of the network. A mutual-information method based on entropy is applied for the removal of

such irrelevant and redundant features [34].

Mutual information between input L and targetM can be calculated using the equation

given below:

MIðL;MÞ ¼
X

i

X

j

PðLi;MjÞlog2

PðLi;MjÞ

PðLiÞPðMjÞ

 !

8 i; j � f0; 1g:

ð7Þ

For a greater value of MI, input L and output M have a strong relationship. For a lower MI,

input L and output M have a weaker relationship. An MI value of zero indicates that L andM
are not dependent on each other. Thus, the inputs are associated with the MI values between

the input and target candidates. Among the training samples, the values are taken as the last

samples for every month of the year considered. However, this can propagate serious errors in

forecasting because it does not consider the average behavior. We consider both the last sam-

ple and the average behavior.

Thus, Eq (7) can be modified for three variables as

MIðL;M;NÞ ¼
X

i

X

j

X

k

PðLi;Mj;NkÞ�

log2

PðLi;Mj;NkÞ

PðLiÞPðMjÞPðNkÞ

 !

8 i; j; k � f0; 1g:
ð8Þ

For three discrete random samples, we use the eight binary input values given in Table 1.

Table 1. Eight binary input values.

L M N
0 0 0

0 0 1

0 1 0

0 1 1

1 0 0

1 0 1

1 1 0

1 1 1

https://doi.org/10.1371/journal.pone.0192069.t001
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Eq (8) can be expanded as

MIðL;M;NÞ ¼

PðL ¼ 0;M ¼ 0;N ¼ 0Þ � log2

PðL ¼ 0;M ¼ 0;N ¼ 0Þ

PðL ¼ 0ÞPðM ¼ 0ÞPðN ¼ 0Þ

� �

þPðL ¼ 0;M ¼ 0;N ¼ 1Þ � log2

PðL ¼ 0;M ¼ 0;N ¼ 1Þ

PðL ¼ 0ÞPðM ¼ 0ÞPðN ¼ 1Þ

� �

þPðL ¼ 0;M ¼ 1;N ¼ 0Þ � log2

PðL ¼ 0;M ¼ 1;N ¼ 0Þ

PðL ¼ 0ÞPðM ¼ 1ÞPðN ¼ 0Þ

� �

þPðL ¼ 0;M ¼ 1;N ¼ 1Þ � log2

PðL ¼ 0;M ¼ 1;N ¼ 1Þ

PðL ¼ 0ÞPðM ¼ 1ÞPðN ¼ 1Þ

� �

þPðL ¼ 1;M ¼ 0;N ¼ 0Þ � log2

PðL ¼ 1;M ¼ 0;N ¼ 0Þ

PðL ¼ 1ÞPðM ¼ 0ÞPðN ¼ 0Þ

� �

þPðL ¼ 1;M ¼ 0;N ¼ 1Þ � log2

PðL ¼ 1;M ¼ 0;N ¼ 1Þ

PðL ¼ 1ÞPðM ¼ 0ÞPðN ¼ 1Þ

� �

þPðL ¼ 1;M ¼ 1;N ¼ 0Þ � log2

PðL ¼ 1;M ¼ 1;N ¼ 0Þ

PðL ¼ 1ÞPðM ¼ 1ÞPðN ¼ 0Þ

� �

þPðL ¼ 1;M ¼ 1;N ¼ 1Þ � log2

PðL ¼ 1;M ¼ 1;N ¼ 1Þ

PðL ¼ 1ÞPðM ¼ 1ÞPðN ¼ 1Þ

� �

ð9Þ

The independent and joint probabilities need to be computed for the MI value between the

input and target to determine the joint and independent probabilities. Moreover, we introduce

a supplementary variable Bv as

Bv ¼ 4M þ 2N þ L 8 L;M;N � f0; 1g: ð10Þ

It is clear that the range of Bv lies between zero and 7. In addition, Bov, B1v, � � �,B7v count the

sample points out of a total of l points, where Bv = 0, Bv = 1, Bv = 2, Bv = 3, � � �, and Bv = 7,

respectively.

The independent and joint probabilities are given as follows:

PðL ¼ 0;M ¼ 0;N ¼ 0Þ ¼
Bov
l

PðL ¼ 0;M ¼ 0;N ¼ 1Þ ¼
B2v

l

PðL ¼ 0;M ¼ 1;N ¼ 0Þ ¼
B4v

l

PðL ¼ 0;M ¼ 1;N ¼ 1Þ ¼
B6v

l

PðL ¼ 0;M ¼ 0;N ¼ 0Þ ¼
B1v

l

PðL ¼ 1;M ¼ 0;N ¼ 1Þ ¼
B3v

l

PðL ¼ 1;M ¼ 1;N ¼ 0Þ ¼
B5v

l

PðL ¼ 1;M ¼ 1;N ¼ 1Þ ¼
B7v

l

ð11Þ
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PðL ¼ 0Þ ¼
B0v þ B2v þ B4v þ B6v

l

PðL ¼ 1Þ ¼
B1v þ B3v þ B5v þ B7v

l

PðM ¼ 0Þ ¼
B0v þ B1v þ B2v þ B3v

l

PðM ¼ 1Þ ¼
B4v þ B6v þ B5v þ B7v

l

PðN ¼ 0Þ ¼
B0v þ B1v þ B4v þ B5v

l

PðN ¼ 0Þ ¼
B2v þ B3v þ B6v þ B7v

l

ð12Þ

The MI between the input and target is computed and irrelevancy and redundancy are

eliminated from the input data points. The MI method has a reasonable execution time and

accuracy.

2.3 Forecast module

A study of the refractivity and its effects on the troposphere is important because it helps in

planning communication links. This study is aimed at an estimation and prediction of the

refractivity through the use of meteorological parameters, i.e., the temperature, pressure, and

humidity, in Islamabad. The main purpose of the forecast module is to predict the tempera-

ture, pressure, and humidity for an estimation of the refractivity. Thus, ANNs are applied by

considering the nonlinear characteristics of the weather parameters because an ANN is a pow-

erful modeling technique capable of providing an accurate prediction of the non-linear and

complex process of weather forecasting. The data forecast module conducts the following step-

wise functions:

1. Receives matrix P (binary)

2. Computes the training sample

3. Computes the validation sample

4. Computes the initial output

5. Executes the training process

6. Computes the final output

7. Performs the decoding

8. Performs the de-normalization

The ANN method was chosen for the current study because of the aforesaid reasons. At the

initial level, the forecast module gains the selected features, sf. Next, the training samples ts is

constructed. Furthermore, validation samples vs is constructed. This relationship is as follows:

ts ¼ sf ði; jÞ 8 i � f2; 3; � � � ;mg

and 8 j � f2; 3; � � � ; ng
ð13Þ

vs ¼ sf ði; jÞ 8 j � f2; 3; � � � ; ng ð14Þ

From Eqs (13) and (14), it is clear that the ANN is trained using all historical data
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candidates, except the last candidate, which is meant for the purpose of validation. Thus, the

training procedure is as previously described, which is based on an ANN. An ANN, which is

devised based on a pattern of the human nervous system, comprises a set of artificial neurons

to perform different types of tasks (in this study, we want a prediction of the meteorological

parameters, i.e., the temperature, pressure, and humidity). In general, artificial neurons apply

non-linear mapping ranging from RI to [0,1] depending on the activation function used.

hANact : RI ! ½0; 1� ð15Þ

In the above function, I = {I1, I2� � �In} is an input signal vector to an AN. To deplete or

strengthen an input signal, Ij is linked with weight RI to wj. The ANN computes I, and also

uses hANact for computing an output signal, y. Any bias value b (threshold) can influence the

strength of y. In addition I can be computed as follows:

I ¼
Xjmax

j¼1

Ijwj ð16Þ

Here, hANact is the mapping and obtains I and b to calculate y. Moreover, hANact ð� 1 ¼ 0Þ and

hANact ðþ1 ¼ 1Þ. In addition hANact uses the sigmoidal, which is given as

hANact ðI; bÞ ¼
1

1þ e� aðI� bÞ
ð17Þ

The sigmoid hANact ϵð0; 1Þ and parameter α control the steepness of hANact . Sigmoid hANact makes

AN capable of capturing the non-linear characteristics. Since, this work aims at forecasting of

meteorological parameters for the estimation of refractivity. Thus, the ANN consists of sepa-

rate models for temperature, humidity and pressure using corresponding 2002–2011 values.

All of these models predict the temperature, pressure and humidity of the following year. In

other words, 36 models are handled individually instead of a single model (because there are

12 months in a year, 12 models are used for the temperature, pressure and humidity, respec-

tively). Moreover, values of the wj and b are determined through learning. In the current

study, prior knowledge of the meteorological parameters is available. We supervised the learn-

ing by adjusting the wj and b values until the specified termination criteria were no longer ful-

filled. The main purpose of supervised training is to adjust the values of wj and b in order to

minimize the error signal ‘ee(k)’ between the target ‘ẑðkÞ’ and real neuron output ‘z(k)’ values.

Minimize eeðkÞ ¼ zðkÞ � ẑðkÞ 8 k � f1; 2; 3; � � � ;mg ð18Þ

Herein, the multivariate auto regressive model is used for adjusting the weights during the

training process [24]. This method is utilized because of its relative accuracy and requires less

execution time than other algorithms, for example the gradient descent and Widrow-Holfand

delta algorithms [25]. Next, the output matrix is binary decoded, and is de-normalized to

obtain the target output.

3 Implementation of ANN model

An ANN is generally employed to make a prediction through model training while consid-

ering previous datasets. In this work, the proposed ANN model described in Section 2 is

employed. Our proposed ANN model consists of neurons, and is organized into three lay-

ers: 1) input, 2) hidden, and 3) output layers. The hidden layer is connected to both the

input and output layers. Each single node of one layer is partially or fully linked with the

nodes in the next layer. The link of the nodes has a particular weight. The value of this
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weight changes when passing through a connection. A sigmoid activation function is used

as a transfer function, and provides the final output at the current node, which may be used

as the input for the next node in the next layer. The output layer is always composed of a sin-

gle node employing a log sigmoid activation function, and produces the predicted results.

An error is computed to quantify the difference between the ANN output and the target

value (ground truth). The multivariate auto regressive model is applied for adjusting the

weights [24]. After adjusting the weights, the entire procedure is repeated using new

weights. Adjustments in the weights are also made after every training pattern, and are

called a “learning event.” This loop repeats until the error rate becomes stable at a certain

acceptable point. Finally, our output layer gives us the final output, which may be treated as

a prediction. This ANN architecture has been used to train the given data on the tempera-

ture, pressure, and humidity, and has been used to predict the same parameters. Thirty-six

such models were formulated to predict the temperature, pressure, and humidity for each

month of every year.

Here, the suggested ANN method takes the input parameters, and then multiplies them

with the weights and forwards them to a hidden layer. In the hidden layer, the activation func-

tion evaluates the data and then forwards the data to the output layer through another activa-

tion function, where it finally computes the output of an artificial neuron. In this work,

supervised learning is employed, which means the model trains itself using the target values.

We provide the target data for every input set. Here, the proposed ANN model obtains the

input data using random weights and a sigmoid activation function using hidden layers, and

provides the predicted values. Next, the target values are compared with the predicted values,

and the error is computed by subtracting these values. Based on this error, the weights are set-

tled again, and the complete process is re-applied for multiple epochs until the error is reduced

to the desirable range.

The following procedure was adopted to solve this problem.

1. The network is initialized by setting the weights to random numbers.

2. The input pattern is implemented to obtain the output.

3. The errors for each neuron are computed.

4. An error correction algorithm’ is used to reduce the errors at each iteration.

5. Steps 2 though 4 are repeated to make the target values the actual values.

The radio refractivity is calculated using the predicted values of the temperature, pres-

sure and humidity and then compared with the estimated values of the meteorological data,

Fig 1.

4 Results & discussions

In this work, the Capital of Pakistan, Islamabad is taken into consideration. The geographical

location of Islamabad station is given in Table 2. The RF calculations were made using the

local data obtained through the PMD which can be found in the Supplementary Material (S1

File). The objective of this work was to develop a strategy to calculate the RF, which is highly

important for a radio wave communication system. In this section, the suggested ANN method

is implemented to simulate two different sets of observed values at two different times. The

pressure values were observed at the surface level. Moreover, the results are shown date-wise

for a two-month period, such as January and August.
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4.1 Test problem 1

To validate the predicted and actual results, the meteorological parameters were observed at

00:00 UTC with the maximum temperature. Fig 2 shows the prediction of temperature for the

year 2012 when employing the ANN method. The results are compared with the real-time data

for the same year. Fig 2 shows the good agreement between the predicted and original data.

The relative error is calculated with the help of the following formula:

Relative Error ¼ RE ¼
jactual values � predicted valuesj

jactual valuesj
ð19Þ

The predicted and original/actual values of the atmospheric parameters and relative errors

for January are presented in Table 3. The RE is less than 0.5%, which shows the high accuracy

of the proposed ANN method. The comparison between the predicted and actual values for

pressure is shown in Fig 3. The predicted and original values for pressure agree well with each

other even for the sharp changes at around day 85 and day 290. The predicted and actual rela-

tive humidity values are closer to each other, as presented in Fig 4. Finally, the refractivity is

computed using the predicted values of temperature, pressure, and humidity. The comparison

between the predicted refractivity and target refractivity is given in Fig 5. Next, the validation

between the actual and predicted refractivity is given in tabulated form, as shown in Table 3.

The error is again less than 0.5%, which guarantees the accuracy of the suggested ANN

Fig 1. ANN based meteorological forecast.

https://doi.org/10.1371/journal.pone.0192069.g001
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algorithm. One can expect more error in the refractivity as the errors in the temperature, pres-

sure, and humidity accumulate, as can be seen in Eq (3).

The refractivity is less from January to June, but increases from July to August, and after

which starts declining. This is due to the fact that the high refractivity can be expected in the

rainy season because the relative humidity is high. The correlation coefficients of the radio

refractivity with the considered meteorological parameters, temperature, pressure, and relative

humidity, in Islamabad are 0.72, 0.56, and 0.87 respectively. In August, the correlation coeffi-

cients are 0.45, 0.15, and 0.98 respectively. These coefficients demonstrate that all of the

parameters have a strong relationship with the refractivity, particularly the temperature and

humidity. The results further indicate that the relative humidity has greater effects on the

refractivity than the other two parameters for both months and seasons. Moreover, the relative

humidity has a significant influence on the refractivity during the rainy month of August.

Table 2. Validation of predicted (ANN) and actual atmospheric values at 00:00 UTC for January 2012.

Date Actual

Temp

˚C

ANN

Temp

˚C

RE Actual

Pressure

[hPa]

ANN

Pressure

[hPa]

RE Actual

Humidity

%

ANN

Humidity

%

RE

01 18.97 18.76 0.010 1020.3 1019.2 0.001 94.18 93.14 0.010

02 17.85 17.72 0.007 1020.5 1019.5 0.001 93.90 93.20 0.007

03 17.76 17.65 0.006 1021.5 1020.5 0.001 94.55 93.97 0.006

04 16.47 16.38 0.005 1022.3 1021.2 0.001 94.81 94.32 0.005

05 16.81 16.74 0.004 1020.6 1019.6 0.001 90.90 90.53 0.005

06 17.62 17.55 0.004 1021.6 1020.6 0.001 93.27 92.84 0.004

07 17.47 17.40 0.003 1021.9 1020.9 0.001 94.72 94.33 0.004

08 17.44 17.38 0.003 1022.6 1021.6 0.001 91.72 91.37 0.003

09 17.72 17.66 0.003 1021.4 1020.4 0.001 93.81 93.45 0.003

10 18.59 18.52 0.003 1020.7 1019.7 0.001 92.14 91.64 0.005

11 19.74 19.67 0.003 1021.0 1020.0 0.001 92.45 92.12 0.003

12 19.62 19.56 0.003 1020.2 1019.2 0.001 89.54 89.24 0.003

13 19.90 19.83 0.003 1019.8 1018.8 0.001 91.27 90.96 0.003

14 19.32 19.26 0.003 1020.0 1018.9 0.001 89.18 88.88 0.003

15 18.68 18.62 0.003 1018.3 1017.3 0.001 93.18 92.88 0.003

16 18.11 18.06 0.002 1018.8 1017.8 0.001 91.72 91.43 0.003

17 18.46 18.40 0.003 1017.8 1016.7 0.001 91.45 91.16 0.003

18 17.11 17.06 0.003 1017.9 1016.8 0.001 92.09 91.79 0.003

19 17.51 17.45 0.003 1019.7 1018.6 0.001 91.45 91.16 0.003

20 18.95 18.89 0.002 1019.9 1018.8 0.001 93.63 93.35 0.003

21 18.89 18.83 0.002 1020.1 1019.1 0.001 89.45 89.19 0.002

22 18.01 17.96 0.002 1019.1 1018.1 0.001 92.81 92.54 0.002

23 17.32 17.27 0.003 1018.8 1017.9 0.002 91.36 91.10 0.002

24 18.57 18.52 0.002 1019.7 1018.7 0.001 91.90 91.65 0.002

25 18.80 18.75 0.002 1018.7 1017.7 0.001 92.27 92.01 0.002

26 20.08 20.02 0.002 1019.5 1018.4 0.001 90.81 90.57 0.002

27 20.23 20.17 0.002 1018.6 1017.6 0.001 89.09 88.85 0.002

28 19.19 19.13 0.002 1018.1 1017.1 0.001 90.09 89.85 0.002

29 19.54 19.49 0.002 1019.3 1018.3 0.001 91.18 90.94 0.002

30 19.29 19.23 0.002 1019.5 1018.5 0.008 91.72 91.49 0.002

31 18.85 18.75 0.005 1019.9 1018.9 0.001 88.45 88.23 0.002

https://doi.org/10.1371/journal.pone.0192069.t002
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The actual and predicted values of refractivity for August 2012 are shown in Fig 5. literature

survey shows that higher refractivity lowers the signal strength and vice versa [35]. A high

refractivity has an effect on the radio signal, and consequently, the wireless communication

system may not function properly. The data is taken from geographical location of PMD with

latitude of 33.68o N, longitude of 73.06o E and Altitude of 540 meters.

4.2 Test problem 2

In this subsection, prediction of the meteorological values of the temperature, pressure, and

humidity observed at time 12:00 UTC with the minimum temperature is described. Fig 6

shows the temperature prediction for the year 2012 when employing the suggested ANN

method. The results are validated against the real time PMD data for the same year. The valida-

tion between the predicted and actual values for the pressure and humidity is shown in Figs 7

and 8, respectively. The figures show that the predicted and actual values are close to each

other. Moreover, the refractivity is estimated using the atmospheric database obtained using

PMD. Next, the predicted and estimated values of refractivity are calculated, and as demon-

strated in Fig 9, which shows a good agreement between the predicted and actual refractivity,

thereby illustrating the accuracy of the proposed method. The refractivity with an error is also

performed and found to be less than 0.5% for January 2012. The error less than 0.5%, verifies

strengths argument regarding the employment of the ANN algorithm. As the values observed

for 12:00 UTC indicate, the refractivity database trend shows a smaller value from January to

June, but increases from July to August, after which it starts declining. This is due to the fact

that a high refractivity can be expected during the rainy season. The refractivity for the month

of August is calculated and the RE value found to be insignificant which shows the validity of

the proposed method. It is worth dealing with a high refractivity to achieve a proper function-

ing of a communication system.

Fig 2. Test problem 1: Actual and predicted (ANN) temperature values.

https://doi.org/10.1371/journal.pone.0192069.g002
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5 Conclusion

Radio refractivity changes in the troposphere are important feature influencing electromag-

netic waves, and finally communication systems. The refractivity varies through changes in the

meteorological parameters. The focus of this work was to provide a reliable tool for preparing

a refractivity database. In Pakistan, local reliable data related to atmospheric radio refractivity

are unavailable and the refractivity is important in the planning and design of radio links. In

this work, ANN models that consider the temperature, pressure, and humidity are used to cal-

culate the refractivity. Meteorological data of eleven years from 2002 to 2012 were obtained

from PMD, Islamabad. Ten years of data from 2002 to 2011 was used for training the system

and data of 2012 was used to verify the results with real time values of refractivity index. The

refractivity was estimated using a method suggested by ITU. The refractivity was predicted

using ANNs and implemented in MATLAB. Next, the refractivity predicted whenemploying

ANNs was compared with the estimated refractivity obtained using the PMD database. The

Table 3. Validation of predicted (ANN) and actual refractivity at 00:00 UTC for January 2012.

Date Original Refractivity

[N-units]

predicted Refractivity

[N-units]

Relative

Error

01 358.5966558 357.3032355 0.0036

02 360.1198256 359.0117554 0.0031

03 361.1280077 360.1018744 0.0028

04 363.5921161 362.5986368 0.0027

05 358.9210021 357.9507057 0.0027

06 360.1786946 359.2377162 0.0026

07 361.8631692 360.9376305 0.0025

08 359.2642328 358.3820866 0.0024

09 360.4683403 359.5742551 0.0024

10 357.2654745 356.3930749 0.0024

11 356.0299676 355.1891191 0.0023

12 353.2988769 352.4948633 0.0022

13 354.3691739 353.5564918 0.0022

14 353.3391614 352.5285757 0.0022

15 357.5902174 356.7624538 0.0023

16 357.2307459 356.4020746 0.0023

17 356.1661665 355.3428191 0.0023

18 358.8403278 357.9958653 0.0023

19 358.1381129 357.2975487 0.0023

20 358.0134116 357.1850137 0.0023

21 354.2832295 353.4926109 0.0022

22 358.4740361 357.6543881 0.0022

23 358.1151224 357.3088668 0.0022

24 356.9399129 356.1410981 0.0022

25 356.6639553 355.8651627 0.0022

26 353.5927648 352.8227771 0.0021

27 351.5539546 350.7959796 0.0021

28 353.8966248 353.1282681 0.0021

29 354.6855124 353.9132697 0.0021

30 355.6244574 354.8509198 0.0021

31 353.4258512 352.6652588 0.0021

https://doi.org/10.1371/journal.pone.0192069.t003
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predicted and original/actual values of the atmospheric parameters agree well and demonstrate

the accuracy of the proposed ANN method even for the sharp changes in humidity, pressure,

and refractivity. The estimated and predicted refractivity was then validated. Moreover, the RE

was found to be less than 0.5% for all cases.

Fig 3. Test problem 1: Actual and predicted (ANN) pressure values.

https://doi.org/10.1371/journal.pone.0192069.g003

Fig 4. Test problem 1: Actual and predicted (ANN) humidity values.

https://doi.org/10.1371/journal.pone.0192069.g004
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The refractivity values were less from January to June and September to December, whereas

higher values were observed from July to August. This is due to the fact that a high refractivity

can be expected in the rainy season because the relative humidity is high. The correlation

results of refractivity with the considered meteorological parameters demonstrate that all of

Fig 5. Test problem 1: Actual and predicted (ANN) refractivity values.

https://doi.org/10.1371/journal.pone.0192069.g005

Fig 6. Test problem 2: Actual and predicted (ANN) temperature values.

https://doi.org/10.1371/journal.pone.0192069.g006
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the parameters have a strong relationship with the refractivity, particularly the temperature

and humidity. Furthermore, the relative humidity has a significant effect on the refractivity as

compared to the other two parameters for both months, particularly during the rainy season.

Therefore, it is important to properly take care of a signal communication system during hot

and humid weather.

Fig 7. Test problem 2: Actual and predicted (ANN) pressure values.

https://doi.org/10.1371/journal.pone.0192069.g007

Fig 8. Test problem 2: Actual and predicted (ANN) humidity values.

https://doi.org/10.1371/journal.pone.0192069.g008
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Based on the results obtained in this study, it can be concluded that the proposed ANN

method can be used for an estimation of the humidity, pressure, and refractivity. In general,

the proposed algorithm can be used for all types of relevant weather analysis.

Supporting information

S1 File. Supplementary material. Daily average value of temperature, pressure, and humidity

from 2002 to 2012. https://doi.org/21.1/journal.pone.2018.s0.

(XLSX)

Acknowledgments

The authors would like to extend their sincere appreciation to the Deanship of Scientific

Research at King Saud University for its funding of this research through the Research Group

Project No. RGP-VPP-293.

Author Contributions

Conceptualization: Shumaila Javeed.

Formal analysis: Shumaila Javeed, Wajahat Javed.

Funding acquisition: Wajahat Javed, Mueen Uddin.

Methodology: Shumaila Javeed, Khurram Saleem Alimgeer.

Resources: Mueen Uddin.

Supervision: Khurram Saleem Alimgeer, M. Atif.

Validation: Wajahat Javed.

Fig 9. Test problem 2: Actual and predicted (ANN) refractivity values.

https://doi.org/10.1371/journal.pone.0192069.g009

A modified artificial neural network based prediction technique for tropospheric radio refractivity

PLOS ONE | https://doi.org/10.1371/journal.pone.0192069 March 1, 2018 18 / 20

http://www.plosone.org/article/fetchSingleRepresentation.action?uri=info:doi/10.1371/journal.pone.0192069.s001
https://doi.org/21.1/journal.pone.2018.s0
https://doi.org/10.1371/journal.pone.0192069.g009
https://doi.org/10.1371/journal.pone.0192069


Visualization: Wajahat Javed.

Writing – original draft: Shumaila Javeed, Wajahat Javed.

Writing – review & editing: Khurram Saleem Alimgeer, M. Atif, Mueen Uddin.

References
1. Gao J, Brewster K, and Xue M. Variation of radio refractivity with respect to moisture and temperature

and influence on radar ray path. Advances in Atmospheric Sciences. 2008; 25 (6): 1098–1106. https://

doi.org/10.1007/s00376-008-1098-x

2. Freeman RL., Radio System Design for Telecommunication, John Wiley & Sons Inc., 2007.

3. Ihara T, Applicability of specific rain attenuation mode ls at millimeter Wavelengths. IEICE Transactions

on Communications. 1994; 77(10):1275–1278.

4. Pra ALD, Passoni LI, Sendra GH, Trivi M, Rabal HJ. Signal feature extraction using granular computing.

comparative analysis with frequency and time descriptors applied to dynamic laser speckle patterns.

International Journal of Computational Intelligence Systems. 2015; 8(2):28–40. https://doi.org/10.1080/

18756891.2015.1129589

5. ITU-R, Effect of Temporal Variations of Refraction on Radio wave Propagation. Rec P881, ITU,

Geneva. 2003:131–138.

6. Valma E, Tamo šiunaite M, Tamo šiunas S, Tamo šiuniene M, Zilinskas M. Determination of radio

refractive index using meteorological data. Elektronika ir Elektrotechnika. 2015; 106(10):125–128.

7. Falodun SE, Ajewole MO. Radio refractive index in the lowest 100-m layer of the troposphere in Akure

South Western Nigeria. Journal of Atmospheric and Solar-Terrestrial Physics. 2006; 68(2):236–243.

https://doi.org/10.1016/j.jastp.2005.10.002

8. Ali S, Mailk SA, Alimgeer KS, Khan SA, Ali RL. Statistical estimation of tropospheric radio refractivity

derived from 10 years meteorological data. Journal of Atmospheric and Solar-Terrestrial Physics. 2012;

77:96–103. https://doi.org/10.1016/j.jastp.2011.12.001

9. Agbo GA, Ibeh GF, Ekpe JE, Onah DU. Application of artificial neural in atmospheric refractivity profile

at Abuja, Nigeria. Journal of Basic Physical Research. 2012; 3:24–29.

10. Ibeh GF, Agbo GA. Estimation of tropospheric refractivity with artificial neural network at Minna, Nigeria.

Global Journal of Science Frontier Research. 2012; 12(1-E):1–7.

11. Grabner M, Kvicera V. Refractive index measurement at TV tower Prague. Radioengineering. 2003; 12

(1):5–7.

12. Okoro ON, Agbo GA. The effect of variation of meterological parameters on the tropospheric radio refrac-

tivity for minna. Global Journal of Science Frontier Research Physics & Space Science. 2016; 12(2-A).

13. Willoughby AA, Aro TO, Owolabi IE. Seasonal variations of radio refractivity gradients in Nigeria. Jour-

nal of Atmospheric and Solar-Terrestrial Physics. 2002; 64(4):417–425. https://doi.org/10.1016/S1364-

6826(01)00111-0

14. Priestley JT, Hill RJ. Measuring high-frequency humidity, temperature and radio refractive index in the

surface layer. Journal of Atmospheric and Oceanic Technology. 1985; 2(2):233–251. https://doi.org/10.

1175/1520-0426(1985)002%3C0233:MHFHTA%3E2.0.CO;2

15. Jan B, Ewa W. Empirical season’s fadings in radio communication at 6 GHz band. Journal of Telecom-

munications and Information Technology. 2009; 2:48–52.

16. Maitham A, Asrar VHS. Signal strength measurement at VHF in the eastern region of Saudi Arabia. Ara-

bian Journal for Science and Engineering. 2003; 28(2C):3–18.

17. Tom G. Microwave line of sight transmission engineering. White Paper No. AMSEL-IE-TS-06015.

2006.

18. Ihara T. Applicability of specific rain attenuation models at millimetre wave lengths. IEICE Transactions

on Communications. 1994; 77(10):1275–1278.

19. Tamo šiunaite M, Tamo šiunas S, Dauksas V, Tamo šiuniene M, Zilinskas M. Prediction of electromag-

netic waves attenuation due to rain in the localities of Lithuania. Elektronika ir Elektrotechnika. 2015;

105(9):9–12.

20. Nel JW, Erasmus SJ, Mare S. The establishment of a radio refractivity database for Southern Africa.

Communications and Signal Processing Proceedings, COMSIG88, Southern African Conference on

24. 1988.

21. Guanjun G, Shukai L. Study on the vertical profile of refractive index in the troposphere. International

Journal of Infrared Millimeter Waves. 2000; 21(7):1103–1111. https://doi.org/10.1023/A:1026452522574

A modified artificial neural network based prediction technique for tropospheric radio refractivity

PLOS ONE | https://doi.org/10.1371/journal.pone.0192069 March 1, 2018 19 / 20

https://doi.org/10.1007/s00376-008-1098-x
https://doi.org/10.1007/s00376-008-1098-x
https://doi.org/10.1080/18756891.2015.1129589
https://doi.org/10.1080/18756891.2015.1129589
https://doi.org/10.1016/j.jastp.2005.10.002
https://doi.org/10.1016/j.jastp.2011.12.001
https://doi.org/10.1016/S1364-6826(01)00111-0
https://doi.org/10.1016/S1364-6826(01)00111-0
https://doi.org/10.1175/1520-0426(1985)002%3C0233:MHFHTA%3E2.0.CO;2
https://doi.org/10.1175/1520-0426(1985)002%3C0233:MHFHTA%3E2.0.CO;2
https://doi.org/10.1023/A:1026452522574
https://doi.org/10.1371/journal.pone.0192069


22. Zurada JM. Introduction to Artificial Neural Systems, West Publishing Company, Saint Paul, Minn,

USA. 1992.

23. Palade V, Neagu D, Patton RJ. Interpretation of trained neural networks by rule extraction. Computa-

tional Intelligence: Theory and Applications, Springer, New York, NY, USA. 2206 of Lecture Notes in

Computer Science. 2001:152–161.

24. Anderson CW, Stolz EA, Shamsunder S. Multivariate autoregressive models for classification of spon-

taneous electroencephalographic signals during mental tasks. IEEE Transactions on Biomedical Engi-

neering. 1998; 45(3):227–286. https://doi.org/10.1109/10.661153

25. Engelbrecht AP. Computational intelligence an introduction. John Wiley & Sons, second edition. 2007.

26. McCulloch W, Pitts W. A logical calculus of ideas immanent in nervous activity. Bulletin of Mathematical

Biophysics, 1943; 5(4):115–133. https://doi.org/10.1007/BF02478259

27. Minsky M, Papert S. An Introduction to Computational Geometry. MIT Press. 1969.

28. Bishop CM. Neural Networks for Pattern Recognition, Oxford University Press, Oxford, UK. 1995.

29. Smith AB, Ronald WM, and Hoogenboom G, Improving air temperature prediction with artificial neural

net-works, International Journal of Computational Intelligence. 2007; 3(3):179–186.

30. Zheng J, Li J, Schmit TJ, Li J, Liu Z. The impact of AIRS atmospheric temperature and moisture profiles

on hurricane forecasts: Ike (2008) and Irene (2011). Advances in Atmospheric Sciences, 2015; 32

(3):319–335. https://doi.org/10.1007/s00376-014-3162-z

31. Balaji SA, Baskaran K, Design and development of artificial neural networking (ANN) system using sig-

moid activation function to predict annual rice production in Tamilnadu. International Journal of Com-

puter Science, Engineering and Information Technology. 2013; 3(1).

32. Adediji TA and Ajewole MO. Vertical profile of radio refractivity in Akure South-West Nigeria, Progress

in Electromagnetics Research C. 2008; 4(4):157–168.

33. Ahmad A, Javaid N, Alrajeh N, Khan ZA, Qasim U, Khan A. A modified feature selection and artificial

neural network-based day-ahead load forecasting model for a smart grid. Applied Sciences. 2015;

5(4):1756–1772. https://doi.org/10.3390/app5041756

34. Amjaday N, Keynia F. Day-ahead price forecasting of electricity markets by mutual information tech-

nique and cascaded neuro-evolutionary algorithm. IEEE Transactions on Power System. 2009; 24

(1):306–318. https://doi.org/10.1109/TPWRS.2008.2006997

35. Oluwole FJ, Olayinka OM. A test of the relationship between refractivity and radio signal propagation for

dry particulates. Research Desk, 2013; 2(4):334–338.

A modified artificial neural network based prediction technique for tropospheric radio refractivity

PLOS ONE | https://doi.org/10.1371/journal.pone.0192069 March 1, 2018 20 / 20

https://doi.org/10.1109/10.661153
https://doi.org/10.1007/BF02478259
https://doi.org/10.1007/s00376-014-3162-z
https://doi.org/10.3390/app5041756
https://doi.org/10.1109/TPWRS.2008.2006997
https://doi.org/10.1371/journal.pone.0192069

