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Abstract: Radio-frequency interference (RFI) present in 

microwave radiometry measurements leads to erroneous 

radiometric results. RFI addition to the radiometric signal 

modifies the detected power and the estimated antenna 

temperature from which the geophysical parameters will be 

retrieved. In recent years, techniques to detect the presence of 

RFI in radiometric measurements have been developed. They 

include time- and/or frequency domain analyses, or statistical 

analysis of the received signal which, in the absence of RFI, 

must be a zero-mean Gaussian process. The statistical analysis 

of the received signal can be performed by the normality study 

of the signal, as in statistical literature several normality tests 

are available. The motivation of this paper is the study of a set 

of normality tests applied to the received signal as the 

radiometric signal presents a Gaussian nature; observing the 

behavior of the different normality tests. A description of the 

normality tests and the RFI detection results are presented. 
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I. INTRODUCTION 

 

The performance of microwave radiometers can be 

seriously degraded by the presence of radio-frequency 

interference (RFI). Undetected RFI present in the 

radiometric measurement leads to an erroneous estimated 

power. Furthermore, RFI can be present even in the 

calibration, producing a systematic error in the whole data 

set. Nowadays, several RFI detection and mitigation 

methods have been developed, which are: time, frequency 

or statistical analyses of the received signal. Time analysis 

consists of the detection of power peaks in the received 

signal that are larger than the variance of the measured 

parameter. These values are discarded and only the RFI-

free data are left [1]. Frequency analysis is based on the 

study of the received signal spectrum, and consists of 

discarding sub-bands with power higher than the variance 

of the measured parameter [1]. Finally, statistical analysis 

is based on the fact that the radiometric signal (thermal 

noise) follows the probability distribution of a zero-mean 

random Gaussian variable; therefore, several statistical 

parameters such as the moments, and the probability 

density function are perfectly known. The best known 

statistical analysis in microwave radiometry is the 

Kurtosis [2], although, other algorithms [3-5] have also 

been studied. 

In this research, the suitability of several normality 

tests for RFI detection in microwave radiometry has been 

analyzed. The normality tests used in this study are: 

Saphiro-Wilk (SW), Anderson-Darling (AD), Lilliefors 

(L), Cramer-von Mises (CM) in addition to the Kurtosis 

(K) statistical parameter. The ultimate objective is to 

compare these normality tests to obtain the best test to 

detect RFI. Monte Carlo simulations have been used to 

compare tests performance. 

A brief description of these tests is given in Section II. 

Section III analyzes the validity of these tests in relation to 

its probability of false alarm. Section IV shows the results 

obtained in the different analyses of a thermal noise signal 

contaminated with RFI. Finally Section V summarizes the 

conclusions obtained in this work. 

 

II. NORMALITY TESTS 

 

The main idea of using normality tests to detect RFI in 

microwave radiometry is the fact that the thermal noise, 

follows a zero-mean Gaussian distribution, and in general, 

man-made RFI are not Gaussian. 

Normality tests used in this study have been widely 

used in statistical literature: 

- Kurtosis test: Kurtosis is a statistical parameter 

related to the shape of the probability density function 

(PDF) of a random variable. Assuming a random process 

X, the Kurtosis (K) follows:  
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where µ4 is the fourth moment about the mean, and σ is 

the standard deviation. In case that the random process is 

a zero-mean Gaussian process, the value of K tends to 3 as 

the number of samples increases. The Kurtosis test 

consists of comparing the estimated Kurtosis value of the 

received signal with tabulated values of the cumulative 

distribution function (CDF) of the Kurtosis of a Gaussian 

random variable of n samples. Kurtosis has been used in 



microwave radiometry RFI detection, although it exhibits 

some problems in detecting determined signals [2, 4]. 

- Lilliefors (L) test: L test is based on the empirical 

distribution function (EDF), which is defined as:  
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where I(·) is the indicator of the event, Xi is the i
th
 

element of the sample to be tested. EDF function is a step 

function that increases by 1/n at the value of each ordered 

data point. The L test is a slight modification of the 

Kolmogorov-Smirnov (KS) test [6]. L test consist of: 

( ) ( )
1

ˆL max i N i
i N

F X F X
≤ ≤

= − ,                   (3) 

where ( )ˆ
N iF X  is the value of the i

th
 element of the EDF 

of the sample X, and F(Xi) is the value of the i
th
 element of 

the normal CDF with mean and variance equal to: 
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A requisite of L test, and the following tests, is that 

their samples must be ordered; as all are EDF based tests. 

 L confidence values are obtained from 2
15
 Monte-

Carlo simulations [6] and are tabulated as the previous 

Kurtosis values. L test tends to be more sensitive near the 

center of the distribution than at the tails. 

- Anderson-Darling test (AD): AD test is a 

modification of the L test that gives more weight to the 

tails than the L test. This test consists of:  

( ) ( ) ( )( )( )*2

1

1

1
AD 2 1 ln ln 1

n

i n i

i

n i Y Y
n

+ −

=

= − − − Φ + − Φ∑ , (6) 

with:  
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Φ(·) represents the standard normal cumulative 

distribution function (CDF) operator. As it is described in, 

[7], AD
*2
 must be adjusted for the sample size:  
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- Shapiro-Wilk test (SW): SW test is defined as:  
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The main part of the SW test is the ai, i = 1...n vector 

of coefficients, that can be analytically calculated. A 

drawback of this test is the limitation of the sample size to 

a maximum of 2000 values [8]. To avoid this issue, SW 

test can be transformed to present a normal distribution in 

the case of normality of the tested signal [8]. Hence, 

longer sample lengths can be test by dividing it in several 

shorter length sets of samples, calculating the SW test on 

each set, and averaging the results as they are normally 

distributed [5]. 

- Cramer-von Mises test (CM): CM test is similar to the 

Ad test and L test, and consist of: 
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III. NORMALITY TEST VALIDATION 

 

In order to understand the concepts defined in this 

section, two error types must be introduced first: 

Probability of false alarm (Pfa): This error is produced 

when, in the absence of RFI sources, the algorithm 

“detects” the presence of RFI in a determined sample, 

leading to the elimination of correct data, reducing the 

total integration time.  

Probability of detection (Pdet): This error is produced 

when an undetected RFI is present in a sample, leading to 

an erroneous measurement which is assumed to be correct. 

Objective is to obtain a low Pfa and a high Pdet, but both 

types of errors have a strong correlation. This way, if it is 

desired to minimize the Pfa, the RFI detection threshold 

must be set to a relative high value, leading to a low Pdet. 

On the other hand, if it is desired to maximize the Pdet, the 

RFI detection threshold must be set to a relative low 

power value, leading to a high Pfa. A good way to evaluate 

the compromise between Pdet and Pfa, is the calculation of 

Receiver Operating Characteristic (ROC) curves [4, 5]. In 

addition, ROC plots of the interference-to-noise ratio 

(INR) in function of the sample size are shown. 

Validation of the normality tests is performed in order 

to minimize the errors in the threshold calculation for a 

determined pair of values Pdet and Pfa. If the normality test 

introduces an error due to its nature, changes in the values 

of Pdet and Pfa must be acceptable. The method followed to 

check the normality tests is the calculation of the ROC 

curve by means of 2
15
 Monte Carlo simulations of a 

Gaussian signal in the absence of RFI, for every test. In 

this study a test is validated when the error between the 

ROC curve of the test and the ideal case (Pdet = Pfa) is less 

than the 5% (e.g. for Pfa = 0.1 → 0.095 < Pdet < 0.105). 

Sample size and quantization level are the most decisive 

parameters in the normality test validation. 

The quantization has been modeled for a dynamic 

range of ±8σ, where σ
2
 is the RFI free noise power. This 

way, digital input signal has less chance to be saturated in 

case of high power RFI contributions and the probability 

of clipping is almost zero. 

As seen in fig. 1 validity of the normality tests is in 

function of the quantization depth (the deeper the better) 

and the sample size (the lower the better). Kurtosis test 

does not appear as the number of quantification bits 

needed lower than 6 bits for any sample size. 



 

 
 

Fig. 1. Minimum number of bits to neglect the quantization error in 

function of the sample size. 

 

IV. NORMALITY TEST PERFORMANCE 

 

The main objective of this work is a comparison of 

different normality tests in the detection of RFI in 

microwave radiometry signals. To make a fair comparison 

between the different normality tests, two RFI 

contributions over a thermal noise signal will be tested. 

The selected RFI signals are: 

- Pulsed sinusoidal signal: this signal has been 

extensively studied in microwave radiometry [2-5]. Signal 

model of this RFI is described as:  

 [ ] ( ) [ ]0 0cos 2 sPS n A f T n H nπ ϕ= + ,         (11) 

where PS[n] is the sampled pulsed sinusoidal signal, A, 

f0 and φ0 are the amplitude, the frequency and the initial 

phase of the RFI respectively, Ts is the sampling period 

and H[n] is a train of pulses function described as:  
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where N is the sample length, M is the pulse length and 

DC is the duty cycle of every pulse. 

- Pseudo-Random Noise (PRN) signal: a PRN signal is 

a signal similar to noise that satisfies one or more standard 

tests for statistical randomness. This signal consists of a 

deterministic sequence of pulses that repeats itself after a 

long period, leading to a spread spectrum behavior of the 

signal. In this work, the firsts 10230 output bits of a 

maximum length sequence generator of 14 stages (13) are 

used as the PRN interfering signal. 
14 8 7 4 3 2

1PRN X X X X X X= + + + + + + ,      (13) 

Figures 2-4 represent the INR value required to obtain 

a ROC curve with a Pfa = 0.1 for Pdet = 0.9. Results 

obtained in all figures by Monte-Carlo sets of 2
15
 

simulations. 

 

IV.1 Pulsed Sinusoidal Signal 

 

Figure 2 shows the performance of the different 

normality tests for sample sizes of 1024 and 16384 

respectively. The performance is measured in terms of the 

required INR to obtain a ROC curve with a PDet = 0.9 for a 

PFa = 0.1. In order to get reliable results, performance has 

been calculated with 2
15
 Monte-Carlo simulations. Values 

of f0 and φ0 have been selected to be different and random 

for every simulation. 

 

 
 

Fig. 2. Normality test performance in the detection of a pulsed 

sinusoidal interference of 1024 (solid line) and 16384 (dotted line) 

samples as a function of signal’s duty cycle.  

 

EDF normality tests perform similarly in the detection 

of a pulsed sinusoidal interfering of duty cycle around 0.5 

with improving performance as the sample size increases.  

SW test has the better performance for a sample size of 

1024 while AD test does for the sample size of 16384. 

Kurtosis test outperform for duty cycle values different 

from 0.5, while for 0.5 value has a blind spot [2-5]. 
 

 
 

Fig. 3. Normality test performance in the detection of a 0.5 duty cycle 

pulsed sinusoidal interference as a function of the signal’s sample size. 



 

In fig. 3 the performance of this four normality tests in 

the detection of a pulsed sinusoidal signal of exactly 0.5 

of duty cycle is compared as a function of the sample size. 

In this case, AD, L and CM tests follow almost the same 

trend while SW test has a different trend for sample length 

of 4096 and above due to averaging of the shorter sample 

length sets. 

 

IV.2 PRN Signal 

 

Kurtosis test achieves the best performance in the 

detection of this kind of interfering signal performing 

better than all EDF based test in the detection of PRN (fig. 

4). Best EDF test performance is obtained with the AD 

test followed by the CM test. SW test performance fails 

for high number of samples due to averaging.  

 

 
 

Fig. 4. Normality test performance in the detection of a PRN 

interference as a function of the signal’s sample size. 

 

V. CONCLUSIONS 

 

As it has been shown, Kurtosis is the best RFI 

detection algorithm for both interfering signals, although it 

is known that it has a blind spot for sinusoidal interfering 

signals of 0.5 duty cycle. 

The four EDF based normality tests have a similar 

performance in the detection of the presented interfering 

signals. For a low number of samples AD and SW tests 

work better that the CM and L test, but as number of 

samples increases, SW test performance gets worse in 

front of CM and L tests, as SW test must be averaged 

above 4096 samples length to obtain a correct 

performance. AD test has a better performance than L test 

as gives more weight to the tails, and Pdet is located in the 

tails (0.9). 

In summary, the Kurtosis is the best RFI detection 

algorithm for PRN and sinusoidal interfering signals, 

although it has a blind spot for sinusoidal signals of 0.5 of 

duty cycle. A complementary normality test that covers 

this blind spot can be the AD test that has a very good 

performance for all the studied sample sizes. The 

performance of the detection tests improves with the 

number of signal samples and depends on the duty cycle 

of the pulsed RFI. 
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