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Abstract: Wavelet transform has become a popular tool for signal denoising due to its ability to analyze signals 

effectively in both time and frequency domains. This is important because the information that is not visible in the time 

domain can be seen in the frequency domain. However, there are many wavelet families and thresholding techniques 

(such as haar, Daubechies, symlets, coiflets, meyer Gaussian, morlet, etc) thatare available for the analysis of signals, 

and choosing the best out of them all is usually time-consuming, thus making it a difficult task for researchers. In this 

article, we proposed and applied a stepwise expository-based approach to identify the wavelet family and thresholding 

technique using real-time signal power data acquired from Long-Term Evolution (LTE). We found out from the results 

that Rigrsure thresholding with the Daubenchies family outperforms others when engaged in practical signal processing. 

The stepwise expository-based approach will be a relevant guide to effective signal processing over cellular networks, 

globally. For validation, different datasets were used for the analysis and Rigrsure outperforms the other thresholding 

techniques. 

 

Index Terms: Path Loss, wireless communication, wavelet transform, noise, LTE signal 

 

 

1. Introduction 

The growth of wireless networks, especially cellular network has been exponential due to their importance in our 

day-to-day activities.  However, the signal produced and afterwards transmitted is always sullied with different types of 

noise [1]. This is a major limitation to the quality of signal received at the receiver. This is an established problem in 

signal processing devices [2-4]. Consequently, understanding the properties and effects of noise on wireless 

communication links is vital for the development of reliable path loss models for accurate planning of the network by 

engineers and designers [2]. 

Concerning signal processing, noise is an undesired form of energy or signal that tends to corrupt the needed signal. 

According to [3], noise can limit the distance of transmission for given transmitter power, can affect the sensitivity of 

receivers and may compel a bandwidth reduction of a system. As a result of the aforementioned, noise mitigation is 

very vital for improving the performance of the wireless systems and network planning. 

In [3], the sources of noise in telecommunication were classified into internal and external noise. Internal noises 

are the ones that originated from the components in the communication system and, some of its examples are thermal 

noise, shot noise, transit time noise. Meanwhile, atmospheric, extra-terrestrial and man-made noise is some of the 

examples of external noise. These noises hamper the performance of wireless communication. 
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Meanwhile, researchers have developed different algorithms and transforms to reduce the effects of noise on 

signals in other to enhance the overall quality of the received signal. Some examples of signal denoising techniques are 

discussed in [5], however, prominent among them is the wavelet transform [6],  

2. Literature Review 

There exist many literatures [7-9] that have attempted to denoise a signal in other to enhance the signal quality.  

The author of [10] used a hybrid slantlet transform, which is a combination of wavelet discrete transform (WDT) and 

Slantlet transform to mitigate the noise effects on the transmitting signal of the primary user that is received by the 

secondary user. In [11] the authors termed their approach to signal reduction technique “a new concept”. In their 

approach, they put into consideration some properties of the human auditory system combined with neural network and 

rough sets. And, they used their technique to reduce non-stationary noise in audio signal. 

In [12], the authors combined wavelet transform and generalized regression neural network and called it Wavelet-

GRNN. He used three decomposition levels of discrete wavelet transform for the prediction of spatial electric field 

strength and argued that his approach – Wavelet-GRNN outperformed median filter and neural networks (MF-GRNN) 

and GRNN. In [8], the authors argued that noise is a major factor affecting ultraviolet optical communication, and they 

used wavelet transform to reduce the noise on both simulated data and from a physical experiments. They concluded 

coif2 of the coiflet family performed better than other wavelet families. Meanwhile, the authors of [13] did a 

comparative study of discrete wavelet transform (DWT) and discrete Fourier transform (DFT) for signal smoothing and 

noise removal. And, they conclude through the values of their respective information cost that wavelet transform 

outperforms Fourier transform. 

Meanwhile, in [14], the authors tried to compare the impact of soft and hard thresholding on a voice signal. They 

concluded that hard thresholding contains more discontinuous shocking points and the signal may lose more useful 

information if soft thresholding is employed. This made them to develop an algorithm that they claimed is the best 

compromise between hard and soft thresholding of discrete wavelet transforms. 

It is in view of these claims that we make the following contributions: 

 

 Detailed expository of commonly used wavelets families and thresholding techniques has been given  

 To find the best wavelet thresholding techniques for enhancing LTE RSS for a robust path loss analysis, and 

 

The remaining of this article is arranged as follows: Section 2 presents the model for a received signal. In section 3 

we present a wavelet transform background, and the denoising techniques while in 4, a brief discussion of the 

performance metrics was discussed. The methodology, result and analysis were presented in section 5 and 6 

respectively. Finally, the conclusion was drawn in section 7. 

3. Noisy Signal 

Noise is one of the factors limiting the performance of the communication system. And, noisy signal is a signal 

that has been corrupted by unwanted modifications of the original signal before and after transmission. 

Assuming that the transmitted signal from an antenna is 𝑡(𝑛), the noisy received signal 𝑟(𝑛)  is expressed as: 

 

( ) ( ) ( ) 0,1,...( 1)r n t n e n n N                                                               (1a) 

 

where 𝑒(𝑛) is an Additive White Gaussian noise (AWGN) with zero mean and variance of 𝜎2. It is a combination of the 

thermal noise 𝑁𝑡 generated by the components of the electronic devices and the external noise power 𝐹𝑒 [15]. 

 

( ) t ee n N F                                                                                 (1b) 

 
N is the number of samples. Using 𝑟(𝑛) to develop any path loss model will affect the accuracy of the model, 

hence the need for signal denoising. 

4. Wavelet Transform (WT) 

A wavelet denoiser estimates the clean signal from the corrupted signal however; its effectiveness is dependent on 

the choice of mother wavelets and thresholding applied. Wavelet transform can present signals in both time domain and 

frequency domain. This ability is what makes it standout from other de-noising techniques [6]. 

The mathematical representation is given in equation (2): 

 

   *1
,

t b
P b a r n dt

aa





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                                                               (2) 
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where 𝑎 is the dilation parameter, b is the translational parameter and 1

a
 is a weighting function. 𝜓∗(t) is a complex 

conjugate of the mother wavelet 𝜓(𝑡) and 𝑟(𝑛)is the signal. 

   

 ,

1
a b

t b
t

aa
 

 
  

 
                                                                         (3) 

 

Meanwhile, there exist several wavelets families such as Haar, Daubenchies, Coiflets, Symlets, Morlets, Meyer, 

Mexican hat, complex wavelets etc. 

To accurately apply wavelet transform for the noise reduction process the following steps are followed:  

 

 Select wavelet type: there are countless number of wavelet transform, but the four popular ones are: the Haar, 

doublets, coiflets, and symmlets 

 

 Select Threshold: the thresholding techniques available in wavelet transform are sqtwolog [16], rigisure, 

heursure, minimaxi. We shall apply all in this article and present the best.  

 

 Thresholding Methods. Though there exist the hard, soft threshoding methods but, for the sake of this paper, 

we shall employ the soft thresholding methord. 

Soft threshoding   
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Hard thresholding 
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Where 𝑥𝑖  𝑎𝑛𝑑 𝑥𝑖

∗ are respectively the wavelet coefficients before and after thresholding. Meanwhile to recover 

back the original signal from the wavelet transform, also known as reconstruction the inverse wavelet transform is 

employed.  

In summary, a signal can be denoised by applying discrete wavelet transform (DWT) on the signal; estimate the 

noise level, apply soft thresholding to the DWT and take the inverse discrete wavelet transform (IDWT). 

5. Performance Measure 

The performance of the thresholding methods is estimated with the following statistical metrics: root mean square 

error (RMSE), mean absolute error (MAE) and the standard deviation (STD). 

 

RMSE: it is the square root of the mean square error. It tells how close the measured received signal strength 

(RSS), 𝑓(𝑥) values are to the values predicted 𝑓(̅𝑥𝑖) by the fitted models. It is given as    

 

1

( ( ) ( ))
n

i

f x f x

RMSE
n








                                                                       (6) 

 

where n = total number of measured data 

The interpretation of RMSE is a lot easier because its output has same unit as the expected output variables  

MAE gives the absolute difference between measured data that is the received signal strength (RSS) values and the 

predicted values. It is defined as: 

 

   
1

1
  

n

i

i

MAE f x f x
n 

                                                                      (7) 

 

MAE metric is good at handling outliers.  

STD is the measure of the amount of dispersion of a set of data. A low STD is an indication that the result is closed 

to the mean of the data set. 



Enhancing Lte Rss for a Robust Path Loss Analysis with Noise Removal 

Volume 15 (2023), Issue 3                                                                                                                                                                       63 

( ) ( )

1
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STD

n


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
                                                                           (8) 

6. Methodology 

Fig 1 is the blocks diagram of the methodology that guilded this article. The expository work starts by conducting 

a field measurement of LTE signal around a base station. This is followed by applying the data collected to some 

wavelets family and thresholding techniques. And, their performance analysis were compared.    

 

 

Fig. 1. Block diagram for methodology 

A. LTE Data Campaign 

The RSS data used in this article is obtained from a drive test (DT) measurement campaigns carried out in Lokoja, 

the capital city of Kogi State Nigeria around a commercial LTE system network transmitting at a carrier frequency of 

2600MHz. The process was accomplished with the help of a laptop preinstalled with TEst Mobile System (TEMS) 

software, Mobile phone, and a Global Positioning System (GPS) module. The GPS was connected to the laptop to 

determine the coordinates at every point during the drive test.  The mobile phone sends the measured data to the laptop 

which was stored as log files. The log files were later retrieved for interpretation and analysis. 

B. Wavelet Analysis: Signal Decomposition, Thresholding and Reconstruction 

The four thresholding techniques – Rigrsure, Sqtwolog, Minimax and Heursure were employed for denoising the 

measure data so as to compare their impacts on the noisy signal. The process was carried out for the soft threshold 

methods. The three (3) performance evaluation metrics used to ascertain the performance of the thresholding techniques 

are, Root mean square error (RMSE), Standard deviation (STD), and mean absolute error (MAE)  

7. Result and Discussion 

The wavelet analysis and graphing of the original signal (fig 2) used for this work is accomplished using MatLab 

R2018a.  The original signal data were decomposed into three level (N=3) of frequencies employing Daubenchies (db2, 

db3, db4), the Symlets (sym2, sym3, sym4) and the Coiflets (coif2, coif3, coif4). The soft thresholding method was 

used, and the results were compared. 

 

 

Fig. 2. Original RSS data plot 

Fig 3(a-l) displayed the denoising capability of the Rigrsure, Sqtwolog, Minimax and Heursure threshold 

techniques in a column under the following wavelets families: db2, sym2 and coif2. Table 1 show the performance 

summary of the 2
nd

 order wavelet families based on the four chosen thresholding techniques. The values of the MAE 

ranges from (0.7700 - 0.8164), the STD is in the interval of (0.5533 – 0.5638). Fig 4 presents the performance analysis 
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plot. It will be observed from either Table 1 or fig 4 that the Rigrsure techniques outperformed the other techniques 

under the 2
nd

 order wavelet families. 

Table 1. Performance summary of db2, sym2, coif2 

Metrics  Thresholding 

Techniques  

db2 sym2 

 

coif2 

 

MAE Rigrsure 
Heursure  

Minimax 

Sqtwolog 

0.8164 

1.2750 

1.1469 

1.2943 

0.8164 

1.2750 

1.1469 

1.2943 

0.7700 

1.2689 

1.1056 

1.2862 

STD Rigrsure 
Heursure  

Minimax 

Sqtwolog 

0.5638 

1.0338 

0.8574 

1.0674 

0.5638 

1.0338 

0.8574 

1.0674 

0.5533 

1.0501 

0.8693 

1.0794 

RMSE Rigrsure 

Heursure  

Minimax 

Sqtwolog 

0.9921 

1.6414 

1.4320 

1.6777 

0.9921 

1.6414 

1.4320 

1.6777 

0.9481 

1.6471 

1.4065 

1.6791 

 
Doublets (db2) Symlets (sym2) Coiflets (coif2) 

 

(a) 

 

(b) 

 

(c) 

 

(d) 

 

(e) 

 

(f) 

 

(g) 

 

(h) 

 

(i) 

 

(j) 

 

(k) 

 

(l) 

Fig. 3. Comparing of denoising effects of db2, sym2, coif2 

 

Fig. 4. Error plots of db2, sym2 and coif2
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 Shown in fig 6(a-l) are the plots of 3
rd

 order wavelets – db3, sym3 and coif3 with the different wavelets methods.  

Their computed performance summaries are displayed in Table 2 and also shown in fig 5. It is revealed that the 

Rigrsure performs better than other methods under the soft thresholding. 

Table 2. Performance summary of db3, sym3, coif3 

Metrics  Thresholding 

Techniques  

db3 sym3 

 

coif3 

 

MAE Rigrsure 
Heursure  

Minimax 

Sqtwolog 

0.9038 

1.2804 

1.1534 

1.2943 

0.9038 

1.2804 

1.1534 

1.2943 

0.9703 

1.2669 

1.1353 

1.2831 

STD Rigrsure 

Heursure  

Minimax 
Sqtwolog 

0.6472 

1.0988 

0.9012 
1.1266 

0.6472 

1.0988 

0.9012 
1.1266 

0.7034 

1.0354 

0.8665 
1.0596 

RMSE Rigrsure 

Heursure  

Minimax 
Sqtwolog 

1.1116 

1.6872 

1.4638 
1.7159 

1.1116 

1.6872 

1.4638 
1.7159 

1.1985 

1.6362 

1.4282 
1.6640 

 

 

Fig. 5. Error plots of db3, sym3 and coif3 
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(j) 

 

(k) 

 

(l) 

Fig. 6. Comparing of denoising effects of db3, sym3, coif3 

Likewise, from Table 3 and the plots in figure 7 and figure 8, we can conclude that rigrsure is the best denoising 

techniques under soft threshoding.  

 

 

Fig. 7. Error plots of db4, sym4 and coif4  

Table 3. Performance summary of db4, sym4, coif4 

Metrics  Thresholding 

Techniques  

`db4 sym4 coif4 

MAE Rigrsure 
Heursure  

Minimax 

Sqtwolog 

0.7482 

1.2685 

1.1094 

1.2876 

0.8906 

1.2709 

1.1456 

1.2795 

0.9080 

1.2607 

1.1135 

1.2722 

STD Rigrsure 
Heursure  

Minimax 

Sqtwolog 

0.5377 

1.0610 

0.8599 

1.0973 

0.6464 

1.0483 

0.8714 

1.0676 

0.6769 

1.0446 

0.8818 

1.0647 

RMSE Rigrsure 

Heursure  

Minimax 
Sqtwolog 

0.9213 

1.6538 

1.4036 
1.6917 

1.1005 

1.6474 

1.4394 
1.6664 

1.1325 

1.6373 

1.4204 
1.6590 

Table 4. Performance summary of db2, sym2, coif2 

Metrics  Thresholding 

Techniques  

`db2 Sym2 Coif2 

MAE Rigrsure 
Heursure  

Minimax 
Sqtwolog 

1.5445 

2.0071 

1.7041 
2.1061 

1.5445 

2.0071 

1.7041 
2.1061 

1.5884 

2.0765 

1.8193 
2.1432 

STD Rigrsure 

Heursure  

Minimax 
Sqtwolog 

0.9235 

1.4470 

1.0706 
1.5860 

0.9235 

1.4470 

1.0706 
1.5860 

1.0052 

1.5771 

1.3074 
1.6656 

RMSE Rigrsure 

Heursure  
Minimax 

Sqtwolog 

1.7996 

2.4743 
2.0125 

2.6365 

1.7996 

2.4743 
2.0125 

2.6365 

1.8797 

2.6076 
2.2403 

3.7144 

 

To verify the outcome of the test dataset on the thresholding techniques, we employed another dataset for analysis 

of db2, sym2 and coif2. Table 4 presents the results. Rigrsure still performs better than the other thresholding 

techniques affirming the outcome of the test datasets.    
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Doublets (db4) Symlets (sym4) Coiflets (coif4) 
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Fig. 8. Comparing of denoising effects of db4, sym4, coif4 

8. Conclusion 

To develop a reliable path loss model, there is a need to reduce the noise in the training data set. Wavelets 

transform is a popular tool that can be used to ‘clean’ the data. But, there are many available wavelet families which 

makes it difficult to know the one to choose. In this work, four wavelets denoising techniques namely, Rigrsure, 

Sqtwolog, Minimax and Heursure under soft thresholding for Daubenchies (db2, db3, db4), the Symlets (sym2, sym3, 

sym4) and the Coiflets (coif2, coif3, coif4) were examined on an LTE signal dataset. The MAE, STD and RMSE were 

used to ascertain their performances, and it is found that the rigrsure outperforms the other three and Sqtwolog 

performed the least. 
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