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ABSTRACT 

 
The attenuation of microwave signals can be used for 

meteorological observations. For example, the received signal level 

(RSL) of backhaul links of cellular systems, which usually has a 

quantization error of 0.1 dB or more for commercial systems, has 

been used to measure rainfall. In this work, through the mean square 

error (MSE) analysis of an ideal RSL estimator, it is found that the 

estimation error can be lower than 0.01 dB for high signal-to-noise 

ratio (SNR), thereby making it feasible to measure other 

meteorological variables such as water vapor and clouds. However, 

the RSL-based estimator has poor performance in low SNR. To 

improve the performance, we propose a new path attenuation 

measurement method based on SNR estimation. Although the 

performance of the SNR-based estimator is better than the RSL 

based one for low SNR, it becomes worse in high SNR when the 

path attenuation is small. To solve the problem, another method is 

proposed based on estimating the signal power (SP) only. Both MSE 

analysis and simulation results show that the SP-based method is 

superior to both RSL and SNR based estimators for most scenarios.  
 

Index Terms— Microwave attenuation, RSL, SNR estimation, 

signal power estimation, MSE 

 
1. INTRODUCTION 

Rainfall observation by using microwave links, including backhaul 

links of the commercial wireless communication networks 

(CWCNs) [1] and the communication links of satellites [2], is a 

complement to traditional methods of rainfall measurement (e.g., 

rain gauge, weather radar, and meteorological satellites). The 

microwave-based method can also be used to measure other 

meteorological variables such as clouds [3] and dust storm [4]. The 

well-known K-R relationship [5] is fundamental to measure rainfall. 

The relationships between microwave attenuation and clouds [3] or 

dust storm [4] have also been established. However, the attenuation 

caused by those weather phenomena is less than that caused by 

precipitation. For example, the water content of the water vapor in 

the cloud ranges from 0.4 g/m3 to 1 g/m3 [3], and in some non-

precipitating clouds, it is even lower than 0.1 g/m3 [6]. The 

attenuation caused by such low water content is between 0.01 dB/km 

and 0.1 dB/km for a 35 GHz signal [7], which is much lower than 

that caused by rainfall. For measuring such low attenuation, higher 

resolution is required.   

Many works have investigated the rainfall observation by using 

the RSL of backhaul links of CWCNs [1], [8] – [10]. However, the 

RSL data are stored digitally with a typical quantization error of 1 

dB or 0.1 dB [11], and there is no work dedicated to analyzing the 

performance of the RSL-based attenuation estimator that can be 

achieved if the quantization error is not a limitation. Besides the 

RSL, a method of rainfall measurement using the carrier-to-noise 

ratio (CNR) estimation of satellite communication links was 

proposed in [12]. The CNR is essentially the signal-to-noise ratio 

(SNR) of a modulated signal. An SNR-based method was proposed 

by Shen et al. [2] for rain field reconstruction using microwave 

signals from low earth orbit satellites. However, the performance of 

the SNR estimator on the rain attenuation estimation has not been 

analyzed.  

In this paper, firstly, we analyze both the RSL-based and the 

SNR-based path attenuation estimation methods. With the use of an 

ideal model of the RSL estimator, the performance limit of the RSL-

based method is analyzed. For the SNR-based method, we derive the 

theoretical limit using the maximum likelihood (ML) estimator with 

the transmitted data known at the receiver [13] – [14]. Secondly, we 

propose a new method of path attenuation measurement based on 

signal power (SP) estimation. The theoretical limit of its 

performance is also given. For all the three methods, the path 

attenuation is obtained by measurements in clear and unclear (i.e., 

‘unclear’ (‘clear’) means affected (not affected) by rainfall, fog, 

clouds or other weather events) weather situation, separately. 

Aspects of the impact on the performance of the path attenuation 

estimation are discussed in this work, which includes the observed 

signal window length, the value of the path attenuation, and the SNR 

operating points at the receiver. According to the results, the SP-

based method shows the best performance for most cases. These 

improvements may make it feasible to use the microwave links to 

measure other meteorological variables other than rain in the future. 

 
2. SIGNAL MODEL 

Consider an MPSK signal for a microwave link modeled by an 

AWGN channel and the equivalent baseband signal �̃� is given by:  

�̃� = 𝑎𝐼 + 𝑗𝑎𝑄                                           (1) 

where 𝑎𝐼, 𝑎𝑄 are the transmitted data of in-phase and quadrature 

components. The transmitted RF signal is:  

𝑠(𝑡) = √
2

𝑇
𝑅𝑒[�̃�𝑒𝑗2𝜋𝑓𝑐𝑡], 0 ≤ 𝑡 < 𝑇                  (2) 

where 𝑓𝑐  is the carrier frequency, and 𝑇 is the symbol duration. At 

the receiver, the received signal is given by:  

𝑟(𝑡) = √𝑃𝑠𝑠(𝑡) + 𝜔(𝑡)                                 (3) 
where 𝑃𝑠 denotes the signal power, and 𝜔(𝑡) is bandlimited white 

Gaussian process with zero-mean and variance of 𝑁0𝐵 (𝑁0 is the 

power spectral density of the AWGN, and 𝐵 is the bandwidth of the 

MPSK signal). 𝜔(𝑡) can also be expressed as [15]:  

𝜔(𝑡) = 𝜔1𝜙1(𝑡) + 𝜔2𝜙2(𝑡) + 𝜔3𝜙3(𝑡)                  (4) 

where 𝜙1(𝑡) and 𝜙2(𝑡) are two normalized basis functions defined 

by:  
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𝜙1(𝑡) = √
2

𝑇
𝑐𝑜𝑠 2𝜋𝑓𝑐𝑡 , 0 ≤ 𝑡 < 𝑇 

𝜙2(𝑡) = −√
2

𝑇
𝑠𝑖𝑛 2𝜋𝑓𝑐𝑡 , 0 ≤ 𝑡 < 𝑇                  (5) 

and 𝜙3(𝑡) is a normalized basis function orthogonal to 𝜙1(𝑡) 

and 𝜙2(𝑡). The coefficients 𝜔𝑖 , 𝑖 = 1, 2, 3 are Gaussian variables 

with zero mean and variance of 𝜎2 = 𝑁0𝐵.  

Then, Eq. (3) can be represented by the orthonormal basis 

functions 𝜙𝑖(𝑡), 𝑖 = 1, 2, 3:  

              𝑟(𝑡) = (√𝑃𝑠𝑎𝐼 + 𝜔1)𝜙1(𝑡) 

                          +(√𝑃𝑠𝑎𝑄 + 𝜔2)𝜙2(𝑡) + 𝜔3𝜙3(𝑡)                      (6) 

3. PATH ATTENUATION MEASUREMENT 

3.1. RSL-based attenuation estimator  

Using Eq. (6) and the property of  ∫ 𝜙𝑖(𝑡)𝜙𝑗(𝑡)𝑑𝑡
∞

−∞
= 0 

for 𝑖 ≠ 𝑗, the received power for one symbol at the RF or 

intermediate frequency (IF) is given by:  

          �̂�𝑠𝑦𝑚 = ∫ |𝑟(𝑡)|2𝑑𝑡
𝑇

0

 

= (√𝑃𝑠𝑎𝐼 + 𝜔1)
2

+ (√𝑃𝑠𝑎𝑄 + 𝜔2)
2

+ 𝜔3
2                  (7) 

The time window for measuring an instantaneous RSL value 

often ranges from tens to hundreds of microseconds. Assume that a 

signal sequence consisting of 𝐿 symbols is received to measure the 

RSL within the time window. The average received power of the 𝐿 

symbols is given by:  

�̂� =
1

𝐿
∑ [(√𝑃𝑠𝑎𝐼,𝑛 + 𝜔1,𝑛)

2
𝐿

𝑛=1

+(√𝑃𝑠𝑎𝑄,𝑛 + 𝜔2,𝑛)
2

+ 𝜔3,𝑛
2 ]   (8) 

where the subscript 𝑛 is the index corresponding to the n-th 

transmitted symbol. The output instantaneous RSL value in decibels 

can be expressed as:  

𝑅𝑆�̂� = 10 ∙ log10(�̂�)                                  (9) 

In this paper, we assume that the path attenuation is obtained 

by measuring the received signals twice, one in the clear weather 

situation and another in the unclear weather situation. Note that such 

an approach has often been used in rain measurement using CWCNs 

[16]-[17]. It is also assumed that the transmitted powers and the 

noise powers are the same for the transmissions during the two 

weather situation.  

Let 𝑅𝑆�̂�𝑐 denote the estimated RSL in the clear weather 

situation and 𝑅𝑆�̂�𝑢 denote that in the unclear weather situation. The 

path attenuation �̂� can be retrieved by:  

                              �̂� = 𝑅𝑆�̂�𝑐 − 𝑅𝑆�̂�𝑢                                               (10) 

3.2. SNR-based attenuation estimator 

The third term in Eq. (6) can be removed by using a matched filter 

at the receiver, and the output of the matched filter �̃� = [�̃�1, �̃�2]𝑇  is 

given by [15]:  

�̃� = √𝑃𝑠�̃� + �̃�                                       (11) 

where �̃� = [𝑎𝐼 , 𝑎𝑄]
𝑇
 and �̃� = [ω1 , ω2]𝑇.  

Assume that the transmitted data is known at the receiver and a 

total of 𝐿 symbols are received, the log-likelihood function:  

ln 𝐹(�̃�𝑛, 𝑛 = 1,2, … , 𝐿|𝑃𝑠, 𝜎2) = −𝐿 ln(2𝜋𝜎2) − 

1

2𝜎2 [∑(�̃�1,𝑛 − √𝑃𝑠𝑎𝐼,𝑛)
2

𝐿

𝑛=1

+ ∑(�̃�2,𝑛 − √𝑃𝑠𝑎𝑄,𝑛)
2

𝐿

𝑛=1

]  (12) 

where �̃�𝑛 = [�̃�1,𝑛, �̃�2,𝑛]
𝑇

 is the output of the matched filter 

corresponding to the n-th symbol [𝑎𝐼,𝑛, 𝑎𝑄,𝑛]
𝑇

.   

By differentiating Eq. (12) with respect to 𝑃𝑠 and 𝜎2, and 

setting the derivative equal to zero, separately, we obtain �̂�𝑠 and �̂�2: 

�̂�𝑠 = [
∑ (�̃�1,𝑛𝑎𝐼,𝑛 + �̃�2,𝑛𝑎𝑄,𝑛)𝐿

𝑛=1

∑ (𝑎𝐼,𝑛
2 + 𝑎𝑄,𝑛

2 )𝐿
𝑛=1

]

2

                  (13) 

�̂�2 =
∑ (�̃�1,𝑛 − √�̂�𝑠𝑎𝐼,𝑛)

2
𝐿
𝑛=1 + ∑ (�̃�2,𝑛 − √�̂�𝑠𝑎𝑄,𝑛)

2
𝐿
𝑛=1

2𝐿
 (14) 

The estimated SNR in decibel is then given by:  

𝑆𝑁�̂� = 10 log10 (
�̂�𝑠

�̂�2)                               (15) 

Let 𝑆𝑁�̂�𝑐 denote the estimated SNR in clear weather situation 

and 𝑆𝑁�̂�𝑢 denote that in the unclear weather situation. Then, the 

path attenuation can be estimated by:  

�̂� = 𝑆𝑁�̂�𝑐 − 𝑆𝑁�̂�𝑢                                  (16) 

3.3. SP-based attenuation estimator 

For the SNR-based estimator in Section 3.2, the signal power and 

noise power are estimated separately. As the noise is assumed to be 

unaffected by the path attenuation, it is natural to estimate the rain 

attenuation using only the estimated signal power given by Eq. (13). 

Let �̂�𝑠,𝑐 denote the estimated signal power in clear weather situation 

and �̂�𝑠,𝑢 denote that in the unclear situation. Then, the path 

attenuation can be estimated by:  

�̂� = 10 log10 (
�̂�𝑠,𝑐

�̂�𝑠,𝑢

)                                 (17) 

4. THE BIAS AND MEAN SQUARE ERROR (MSE) OF THE 

PATH ATTENUATION ESTIMATION 

The bias and MSE are defined as:  

𝑏𝑖𝑎𝑠(�̂�) = 𝐸[�̂� − 𝛼]                                  (18) 

𝑚𝑠𝑒(�̂�) = 𝐸[(�̂� − 𝛼)2]                               (19) 

where 𝐸[∙] denotes the expectation, and 𝛼 is the path attenuation in 

decibel. Let 𝜉 denotes the attenuation ratio along the path in linear 

scale, then 𝛼 = 10 log10 𝜉.  

For the same system setup, the CNR (or SNR of modulated 

signal) for the RSL-based estimator in clear weather situation is 

defined as 𝜌1 =
2𝑃𝑠

3𝜎2; for the SNR-based estimator and the SP-based 

estimator, the corresponding SNR is defined as 𝜌2 =
𝑃𝑠

𝜎2. As the 

transmitted powers for clear weather and unclear weather are the 

same, the CNR for the unclear weather situation is given by 𝜌1 𝜉⁄  

for the RSL-based estimator and 𝜌2 𝜉⁄  for the SNR-based estimator 

and the SP-based estimator. Note that the SNR for the RSL-based 

path attenuation estimator is lower than the SNR-based and the SP-

based estimator because the noise component is reduced by the 

matched filter for the SNR-based and SP-based estimators.  

In the following, to derive the bias and the MSE of each 

attenuation estimator, the first-order Taylor expansion of the 

logarithm function is used to approximate 𝐸[log10 𝑋] and 

𝐸[(log10 𝑋)2]. The Taylor expansion of log10 𝑋 at 𝐸[𝑋] is given by:  

log10 𝑋 ≈ log10 𝐸[𝑋] +
𝑋 − 𝐸[𝑋]

𝐸[𝑋] ln 10
 

and therefore we have:  

𝐸[log10 𝑋] ≈ log10 𝐸[𝑋]                           (20) 
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For 𝐸[(log10 𝑋)2], the Taylor expansions of (log10 𝑋)2 

at 𝐸[𝑋] is given by:  

(log10 𝑋)2 ≈ (log10 𝐸[𝑋])2 +
2 log10 𝐸[𝑋]

𝐸[𝑋] ln 10
(𝑋 − 𝐸[𝑋]) 

Then, we have:  

                   𝐸[(log10 𝑋)2] ≈ (log10 𝐸[𝑋])2                       (21) 

4.1. Performance of the RSL-based path attenuation estimator 

Let 𝑏𝑖𝑎𝑠1(∙,∙) and 𝑚𝑠𝑒1(∙,∙) denote the bias and the MSE of the RSL-

based path attenuation estimator, respectively. By substituting Eq. 

(8) - (10) into Eq. (18), and using the approximation of Eq. (20), the 

𝑏𝑖𝑎𝑠1 can be approximated as:  

𝑏𝑖𝑎𝑠1(𝜌1, 𝜉) ≈ 10 log10 (
𝜌1 + 1

𝜌1 + 𝜉
)                     (22) 

Using the approximation of Eq. (21), the MSE can be 

approximated as:  

                         𝑚𝑠𝑒1(𝜌1, 𝜉) ≈ [10 log10 (
𝜌1 + 1

𝜌1 + 𝜉
)]

2

                     (23) 

4.2. Performance of the SNR-based path attenuation estimator 

Let 𝑏𝑖𝑎𝑠2(∙,∙,∙) and 𝑚𝑠𝑒2(∙,∙,∙) denote the bias and the MSE of the 

SNR-based path attenuation estimator, respectively. Using the 

results in [18] regarding the expected value of the ML-based SNR 

estimation and the approximation of Eq. (20), the 𝑏𝑖𝑎𝑠2(∙,∙,∙) can be 

approximated as:  

𝑏𝑖𝑎𝑠2(𝜌2, 𝜉, 𝐿) ≈ 10 log10 (
2𝐿𝜌2 + 1

2𝐿𝜌2 + 𝜉
)                (24) 

Using Eq. (21), the 𝑚𝑠𝑒2(∙, 𝜉, 𝐿) is approximated as:  

        𝑚𝑠𝑒2(𝜌2, 𝜉, 𝐿) ≈ 𝑚𝑠𝑒𝑆𝑁𝑅(𝜌2, 𝐿) + 𝑚𝑠𝑒𝑆𝑁𝑅 (
𝜌2

𝜉
, 𝐿) 

−2𝑏𝑖𝑎𝑠𝑆𝑁𝑅(𝜌2, 𝐿)𝑏𝑖𝑎𝑠𝑆𝑁𝑅 (
𝜌2

𝜉
, 𝐿)            

                 ≥ 𝑐𝑟𝑙𝑏𝑆𝑁𝑅(𝜌2, 𝐿) + 𝑐𝑟𝑙𝑏𝑆𝑁𝑅 (
𝜌2

𝜉
, 𝐿) 

−2𝑏𝑖𝑎𝑠𝑆𝑁𝑅(𝜌2, 𝐿)𝑏𝑖𝑎𝑠𝑆𝑁𝑅 (
𝜌2

𝜉
, 𝐿)     (25) 

where 𝑚𝑠𝑒𝑆𝑁𝑅(∙,∙) denotes the MSE of the ML-based SNR 

estimation, and 𝑐𝑟𝑙𝑏𝑆𝑁𝑅(∙,∙) denotes the well-known Cramer-Rao 

lower bound (CRLB) [19] of the SNR estimator, which is given by:  

𝑐𝑟𝑙𝑏𝑆𝑁𝑅(𝑥, 𝐿) =
100

𝐿(ln(10))2 (
2

𝑥
+ 1)                 (26) 

The 𝑏𝑖𝑎𝑠𝑆𝑁𝑅(∙,∙) in Eq. (25) denotes the bias of the ML-based SNR 

estimation, which is given by:  

                    𝑏𝑖𝑎𝑠𝑆𝑁𝑅(𝑥, 𝐿) = 10 log10 [
2𝐿𝑥 + 1

(2𝐿 − 3)𝑥
]                    (27) 

        Note that for 𝐿 → ∞, the CRLB approaches the mean square 

error, as the SNR estimator is ML based and asymptotically 

unbiased. Similarly for the analysis of SP estimator in the following.  

4.3. Performance of the SP-based path attenuation estimator 

Let 𝑏𝑖𝑎𝑠3(∙,∙,∙) and 𝑚𝑠𝑒3(∙,∙,∙) denote the bias and the MSE of the 

SP-based path attenuation estimator, respectively. By using the 

approximation of Eq. (20), 𝑏𝑖𝑎𝑠3(∙) is approximated as:  

𝑏𝑖𝑎𝑠3(𝜌2, 𝜉, 𝐿) ≈ 10 log10 (
2𝜌2𝐿 + 1

2𝜌2𝐿 + 𝜉
) 

which is the same as Eq. (24). Using the approximation of Eq. (21), 

the 𝑚𝑠𝑒3(∙,∙,∙) is approximated as:  

             𝑚𝑠𝑒3(𝜌2, 𝜉, 𝐿) ≈ 𝑚𝑠𝑒𝑆𝑃(𝜌2, 𝐿) + 𝑚𝑠𝑒𝑆𝑃 (
𝜌2

𝜉
, 𝐿) 

−2𝑏𝑖𝑎𝑠𝑆𝑃(𝜌2, 𝐿)𝑏𝑖𝑎𝑠𝑆𝑃 (
𝜌2

𝜉
, 𝐿)         

         ≈ 𝑐𝑟𝑙𝑏𝑆𝑃(𝜌2, 𝐿) + 𝑐𝑟𝑙𝑏𝑆𝑃 (
𝜌2

𝜉
, 𝐿) 

−2𝑏𝑖𝑎𝑠𝑆𝑃(𝜌2, 𝐿)𝑏𝑖𝑎𝑠𝑆𝑃 (
𝜌2

𝜉
, 𝐿)           (28) 

where the 𝑚𝑠𝑒𝑆𝑃(∙,∙) is the MSE of the signal power estimator, and 

the 𝑐𝑟𝑙𝑏𝑆𝑃(∙,∙) is the CRLB of the SP estimator, which is given by:  

𝑐𝑟𝑙𝑏𝑆𝑃(𝑥, 𝐿) =
200

𝐿(ln 10)2 (
1

𝑥
)                        (29) 

𝑏𝑖𝑎𝑠𝑆𝑃(∙,∙) in Eq. (28) denotes the bias of the SP estimator, which is 

given by:  

                   𝑏𝑖𝑎𝑠𝑆𝑃(𝑥, 𝐿) = 10 log10 (1 +
1

2𝐿𝑥
)                        (30) 

5. NUMERICAL RESULTS 

The QPSK signal is applied to all the results in this section. All the 

simulation results are obtained by 10,000 trials. To demonstrate the 

performance of the three path attenuation estimators, simulations 

have been carried out for 𝛼 = 0.5 dB, 3 dB, and 18 dB, respectively. 

Note that for a carrier frequency of 35GHz, 𝛼 = 0.5 dB is about the 

specific rain attenuation per kilometer for light rain, 𝛼 = 3 dB is 

about the specific rain attenuation per kilometer for heavy rain, and 

𝛼 = 18 dB is about the path attenuation of several kilometers in the 

case of heavy rain [20]. In the following, for a fair comparison, when 

the MSEs of the RSL-based, the SNR-based, and the SP-based 

estimators are plotted on the figure, the SNR (i.e., 𝜌2) is applied to 

the SNR-based and the SP-based estimators, and the corresponding 

CNR (i.e., 𝜌1) is applied to the RSL-based estimator. As mentioned 

in Section 4, for the same system setup, the SNR is about 1.8 dB 

larger than the CNR.  

 
Fig. 1 MSE of the RSL-based attenuation estimator at CNR=-11.8 

dB (*), 8.2 dB (o) and 28.2 dB (∆) for 𝛼 = 0.5 dB.  

 
Fig. 2 MSE of the SNR-based attenuation estimator at SNR = -10 

dB (*), 10 dB (o) and 30 dB (∆) for 𝛼 = 3 dB.  

To demonstrate the effect of the using the approximations of 

Eq. (20) and (21), Figs. 1-3 show the MSEs of the RSL-based, the 

SNR-based, and the SP-based path attenuation estimators for 𝛼 =
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0.5 dB, 3 dB, and 18 dB, respectively. It can be seen from the three 

figures that the simulated MSEs get close to the theoretical MSE 

approximations with the increase of 𝐿. For the RSL-based estimator, 

the approximation is poor for small 𝐿, as can be seen in Fig. 1. 

Nonetheless, the approximation is very accurate for the SNR-based 

estimator and the SP-based estimators, in particular for large 𝐿. Note 

that the poor performance for small 𝐿 is due to the error of the Tylor 

expansion for small 𝐿 is relatively large.  

 
Fig. 3 MSE of the SP-based attenuation estimator at SNR = -10 dB 

(*), 10 dB (o) and 30 dB (∆) for 𝛼 = 18 dB.  

Fig. 4 shows the MSEs with different SNR for the three path 

attenuation estimators for 𝐿 = 10,000 and 100,000, respectively. As 

an example, if the symbol rate of a QPSK system is 100 Mb/s, 𝐿 =
100,000 corresponds to an observation window length of 2 ms. For 

the RSL-based estimator, as can be seen from Fig. 4 (a), the 

simulated 𝑚𝑠𝑒1 with larger 𝐿 is closer to the theoretical 

approximation of 𝑚𝑠𝑒1, which is consistent with Fig. 1; From Fig. 

4(b) and (c), it can be seen that the approximation accuracy improves 

with the increase of 𝛼. When the 𝛼 is small, the performance of the 

RSL-based path attenuation estimator can be better than 0.01 dB for 

high SNR or CNR (i.e., the MSE is lower than 10-4 dB2). However, 

its performance becomes worse as 𝛼 increases. By comparing the 

three sub-figures in Fig. 4, with the increase of 𝛼, the advantage of 

the SNR-based method and the SP-based method becomes more 

significant. The performance of the SNR-based method is very close 

to that of the SP-based method when the SNR is low but degrades 

as the SNR increases. When 𝛼 = 0.5 dB and 𝐿 = 10,000, compared 

with the RSL-based estimator, the SP-based path attenuation 

estimator shows performance advantage when the SNR is lower than 

20 dB. When 𝐿 increases to 100,000 symbols, the SP-based method 

has the best performance, for the SNR of consideration in this paper.  

6. CONCLUSION 

In this work, the path attenuation estimations based on RSL, SNR, 

and SP are investigated. The theoretical biases and MSEs are given 

by using first-order Taylor approximation. Both the theoretical and 

the simulated results show that the error of the RSL-based method 

can be lower than 0.01 dB for high SNR without considering 

quantization errors. The SNR-based method has good performance 

for low SNR region, but the performance becomes worse as SNR 

increases. The proposed SP-based method shows the best 

performance in most cases. The effects of the observation window 

lengths and the values of the path microwave attenuation are also 

studied in this work. Numerical results also show that a longer 

observation window length can improve the performance of SNR-

based and SP-based attenuation estimators.  
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Fig. 4 The simulated MSE (*) and the theoretical MSE (o) of the 

three path attenuation estimators with different SNR when 𝛼 = 0.5 

dB, 3 dB and 18 dB, respectively.  
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