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ABSTRACT
Noise estimation has been used majorly in imaging processing and voice speech recognition
applications. Therefore, researchers have found optimal solutions to non-stationary noise
estimation. Particularly, there is a proposed method that estimates spectral noise in a noisy speech
signal which is based on two observations; speech pauses and approximation of power spectral
densities of the noisy signal to the true noise during speech pauses. Though from recent studies, the
observations obtained cannot be inferred for other types of signals especially RF signals and have
not been tested on signals in the frequency domain, this paper bridges that gap of research and
presents the results, analysis, and conclusion on the findings concerning the noise estimation with
RF signals using an extension of the proposed method in the frequency domain. It presents a
detailed methodology of implementation of the minimum statistics method for noise estimation in
python 3 code which was tested with RF signals and thus met the requirement of dynamic
thresholding with spectrum occupancy measurement.
Keywords: Spectral estimation, Minimum statistics, Smoothing, Noise estimation, RF signals,
Dynamic thresholding
1.0. Introduction
Noise variation occurs not just in frequency but in time (Series, 2017) and a preferred solution is one
that is able to consider the frequency- and time- dependent noise levels in occupancy measurement.
This is because a strong emission in one channel may produce an increase in the noise level in
neighbouring channels due to the phase noise of the transmitter. A solution to such changing noise
level suggests that if noise level is measured on each channel separately, the resulting threshold
prevents phantom occupancies. Some methods have been proposed by the International
Telecommunication Union (ITU) to achieve dynamic thresholding in the spectrum occupancy
measurement. One of such methods uses the frequencies of an unused channel such that the threshold
is calculated from the levels measured throughout one scan. Firstly, the method only works in the
frequency band occupancy measurement or the occupancy measurement of multiple channels of equal
bandwidth because it tracks only the frequency dependent noise levels. Secondly, it does not take into
consideration that strong emissions in neighbouring channels can affect the noise level in the
referenced channel. Another method called the 80% method is described in Recommendation ITUR
SM.1753. According to the method, 80 per cent of all the samples representing the highest are
discarded and the remaining 20 per cent of the samples representing the lower levels are linearly
averaged (Qu, et al., 2014). Despite the advantage of this method over the previous method as it does
not require an unused channel or idle times, the calculated noise level rises when more channels are
occupied with high levels, such that the measurement sensitivity is lost. It is therefore thoughtful to
implement noise estimation which is much more advance than the simple 80% method in dynamic
thresholding. It shares the advantage as the 80% method but eliminates the sensitivity drawback. The
objective of the method is to estimate the noise as accurately as possible irrespective of the state of the
channels.
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Optimal spectral noise estimation approaches exist with key components of power spectral density
smoothing algorithm (Martin, 2001) which employs a time varying smoothing parameter, an
algorithm to track the variance of the smoothed power spectral density in frequency bands, and a bias
compensation algorithm for minimum power spectral density estimates. This algorithm showed that
the time varying smoothing significantly improves the minimum statistics approach and turned out to
be fairly generic with different noise types. This paper presents a nuanced version of the method of
minimum statistics in noise estimation of RF signals for spectrum occupancy measurement
implemented in Python 3.6.
Section 2 gives detailed review of the existing algorithm by (Martin, 2001; Martin, 2006; Mauler &
Martin, 2006) and presents the corresponding results. The methodical approach taken towards the
implementation of the reviewed algorithm and the application of nuances for RF spectral noise
estimation in the frequency domain are presented in Section 3. Section 4 contains the research
findings demonstrated through measures – the mean squared error was determined. First, we validate
our implementation with that of Martins and then show how the proposed method improves the
performance of the recommendations made by ITU. In Section 5 the summary and conclusions are
given.
2.0. Review of Minimum Statistics (MS) Noise Estimation
Martin’s (Martin, 2001; Martin, 2006; Mauler & Martin, 2006) method was based on minimum
statistics and optimal smoothing of the noisy speech power spectral density. This method rested on
two major observations. The first observation was independence of speech and noise which implied
that the power spectrum of the noisy speech was equal to the sum of the power spectrum of clean
speech and noise respectively.
That is,
𝑌(𝑛, 𝑘)2 = 𝑋(𝑛, 𝑘)2 + 𝐷(𝑛, 𝑘)2

(1)

where 𝑌(𝑛, 𝑘)2 , 𝑋(𝑛, 𝑘)2 and 𝐷(𝑛, 𝑘)2 were the power spectrum of noisy speech, clean speech and
noise respectively and 𝑛 and 𝑘 denoted the time index and frequency bin index respectively. The
second observation was that the power spectrum of noisy speech often becomes equal to the power
spectrum of noise. This happens during speech pauses and also between words and syllables. Hence
the estimate of noise power spectral density was obtained by tracking the minimum of the noisy
speech in each frequency bin separately. However, the minimum was biased towards lower values, so
the unbiased estimate was obtained by multiplying with a bias factor which was derived from the
statistics of the local minimum.
2.1. Principles of minimum statistics algorithm
In theory, the power spectral density of noisy speech is equal to the sum of noise power and speech
power; therefore, noise can be estimated by tracking the minimum of the noisy speech power spectral
density over a fixed window length.
For searching the minimum, a first-order recursive version of the noisy speech power spectral density
was used:
𝑃(𝑛, 𝑘) = 𝛼𝑃(𝑛, 𝑘) + (1 − 𝛼)|𝑌(𝑛, 𝑘)|2

(2)

where 𝛼 was the smoothing constant. To improve the performance of the minimum tracking
procedure the following modifications were made:
i.
ii.
iii.

2

Replacing the constant smoothing factor in Equation (2) with the time-frequency dependent
smoothing factor.
Deriving a bias factor for the noise estimate since the minimum tracking was biased towards
lower values.
Improving tracking speed of the algorithm for increasing noise levels.
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2.2. Deriving optimal time-frequency dependent smoothing factor
The smoothing parameter used in Equation (2) had to be very small to follow the non-stationarity of
the speech signal. On the other hand, it had to be close to one to keep the variance of the minimum
tracking as small as possible. Hence there was need for time and frequency dependent smoothing
factors in place of a fixed smoothing factor. This was derived for speech absent region. The
requirement was that the smoothed power spectrum, 𝑃(𝑛, 𝑘) had to be equal to the noise variance
𝜎𝐷2 (𝑛, 𝑘) during speech pauses. Hence the smoothing parameter was derived by minimizing the mean
squared error between 𝑃(𝑛, 𝑘) and 𝜎𝐷2 (𝑛, 𝑘) as follows:
2

𝐸 {(𝑃(𝑛, 𝑘) − 𝜎𝐷2 (𝑛, 𝑘)) | 𝑃(𝑛 − 1, 𝑘) }

(3)

Where
𝑃(𝑛, 𝑘) = 𝛼(𝑛, 𝑘)𝑃(𝑛, 𝑘) + (1 − 𝛼(𝑛, 𝑘))|𝑌(𝑛, 𝑘)|2

(4)

Note that in Equation (4) the time-frequency dependent smoothing factor 𝛼(𝑛, 𝑘) was used instead of
fixed 𝛼 as defined in Equation (2). Substituting Equation (4) in (3) and setting the first derivative to
zero gave the optimum value for 𝛼(𝑛, 𝑘) as:
1

𝛼𝑜𝑝𝑡 (𝑛, 𝑘) =

𝑃(𝑛−1,𝑘)

2

(5)

1+( 2
−1)
𝜎 (𝑛,𝑘)
𝐷

But in real time implementation, the value of estimated noise variance, 𝜎̂𝐷2 (𝑛, 𝑘) lags behind true
noise variance, 𝜎𝐷2 (𝑛, 𝑘). Hence some correction factor 𝛼𝑐 (𝑛) was calculated using the ratio of
averaged smoothed periodogram to estimated noise variance. The final smoothing parameter after the
correction factor was given as:
𝛼𝑚𝑎𝑥 𝛼𝑐 (𝑛)

𝛼𝑜𝑝𝑡 (𝑛, 𝑘) =

𝑃(𝑛−1,𝑘)

2

(6)

1+( 2
−1)
̂ (𝑛,𝑘)
𝜎
𝐷

Where 𝛼𝑚𝑎𝑥 = 0.96.
2.3. Bias factor
As the minimum was biased towards lower values, the bias factor for compensating the minimum of
noisy speech power spectrum was derived using the statistics of minimum of the correlated PSD
estimates of noisy speech. It was stated that since probability density function (pdf) of 𝑃(𝑛, 𝑘) was
scaled by 𝜎𝐷2 (𝑛, 𝑘) , the minimum statistics of the short-term estimates 𝑃𝑚𝑖𝑛 (𝑛, 𝑘) was also scaled by
𝜎𝐷2 (𝑛, 𝑘). Thus, the bias term was derived by finding the mean of minimum PSD for some 𝜎𝐷2 (𝑛, 𝑘) =
1 which after simplification gave:
2
(𝑛,𝑘)
𝑒𝑞

𝐵𝑚𝑖𝑛 (𝑛, 𝑘) ≈ 1 + (𝐿 − 1) 𝑄̃

(7)

where L was the window length over which the minimum was found and 𝑄̃𝑒𝑞 (𝑛, 𝑘) called “equivalent
degrees of freedom”, was a function of smoothed periodogram, and the previous noise variance. The
unbiased noise estimate was then obtained as:
𝜎𝐷2 (𝑛, 𝑘) = 𝐵𝑚𝑖𝑛 (𝑛, 𝑘)𝑃𝑚𝑖𝑛 (𝑛, 𝑘)

(8)

It is advantageous to increase the inverse bias, 𝐵𝑚𝑖𝑛 (𝑛, 𝑘), by a factor, 𝐵𝑐 (𝑛) proportional to the
normalized standard deviation of the short-term estimate, 𝑃(𝑛, 𝑘).
𝐵𝑐 (𝑛) = 1 + 2.12√𝑄̅ −1 (𝑛)
Bello and Ogbeide, 2022
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with the average normalized 𝑄̅ −1 (𝑛) = ∑𝑘

1
𝑄𝑒𝑞 (𝑛,𝑘)

variance. This bias correction has an impact only

when the short-term PSD estimate and thus the estimated variance has a large variance. Without the
bias correction the variations in the bias factor would push the minimum to values which are too low.
2.4. Efficient minimum search algorithm
The minimum for the noisy speech was found over L consecutive frames. In the worst case of
increasing noise levels, the minimum search lagged behind by 2L frames. To reduce this lag the
whole window of L frames was divided into U sub windows of V samples each (L = UV). In this
case, the maximum delay was reduced to L+V frames compared to 2L frames in the previous case.
2.5. Experimental results
The performance of the noise estimation algorithm was assessed using both objective and subjective
measures. For objective measure, the percentage relative estimation error and the error variance were
calculated between the true noise spectrum and estimated noise spectrum for white Gaussian noise,
vehicular noise and street noise with a SNR of 15 dB using continuous English sentences and
sentences with speech pauses. For subjective analysis, the noise estimation algorithm was combined
with multiplicatively modified minimum mean square error log spectral amplitude (MM-MMSELSA) estimator (Ephraim & Malah, 1985; Malah, et al., 1999) and the 2400bps MELP speech coder
(McCree, et al., 1996). The diagnostic acceptability measure (DAM) and diagnostic rhyme test (DRT)
scores were presented. All the results showed superior performance for minimum statistics approach
compared to the VAD (Martin, 2001). The tracking of minimum in each frequency bin separately
helped in retaining the weak voiced consonants which may be classified as noise only frames by most
of the VAD’s since their energy was concentrated in very small number of frequency bins.
3.0. Material and Methodology
3.1. Testbed for development
Briefly, we will discuss the methodology in a high-level overview of the sequence of steps or
procedure taken towards the findings and results achieved in this research. To start with, we used a
speech signal for the development and debugging process and then we tested the program with RF
signals which were generated with GNU Radio application. GNU Radio (Seeber, 2014) is a free and
open-source software development toolkit that provides signal processing blocks to implement
software-defined radios and signal- processing systems. It is a highly modular and flowgraph-oriented
framework that comes with a comprehensive library of processing blocks easily combined to make
complex signal processing applications. It enables users to design, simulate and deploy highly capable
real-world radio systems and is widely used in hobbyist, academic and commercial environments to
support both wireless communications research and real-world radio systems.
The results of the speech signal were correlated with those presented by Martin and the validation of
the proposed design was done using a minimum squared error analysis of the true noise and the
estimated noise. The speech signal used for the development was recorded in a calm environment
with a phone voice recorder application. It was 16.76 seconds long and it represented the clean speech
signal, whereas the noisy speech signal was generated as an additive white Gaussian noise at an SNR
of 40dB to the clean speech signal according to the theory behind the proposed method. The
spectrogram plots of the clean speech and the noisy speech are shown in Figures 1 and 2 respectively.
They were produced at a 25 milliseconds short-time Fourier analysis using an overlap of 50% (Mateo
& Talavera, 2018). The development and debugging were done in Python 3 version.
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Figure 1: Time spectrum and spectrogram of clean speech signal using a window time of 25
millisecond for a short time Fourier analysis

Figure 2: Time spectrum and spectrogram of noisy speech signal at an SNR of 40dB using a window
time of 25 millisecond for a short time Fourier analysis
3.2. Derive the smoothing factor and the smoothed power spectrum density samples
The first step in the development is computing the smoothing factor for determining the smoothed
PSD samples. Also in this stage, a decision on the best programming style was considered, of which
we chose a functional and object-oriented style of development. The algorithm starts with the FFT
bins of the sample window of a certain length and then calculates the smoothing parameter from
Equations (5) – (6). The values of the smoothing factor are used to compute the smoothed PSD using
the recursive relation in Equation (4). To verify the results, we produced the plots of the smoothed
PSD vs the PSD of the noisy signal, and the smoothing factor. It is expected that;
i)

The smoothing factor should approach 0.96 at speech pauses and then approach 0 at frames
containing speech signals.
ii) Also, the smoothed noisy speech PSD should be smoother during speech pauses and less
smooth when there is speech in the frames.
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3.3. Bias factor for unbiased noise estimate based on minimum statistics
Next in the development process is the derivation of the unbiased noise estimate. To determine an
unbiased noise estimate from the minimum statistics of the periodogram, 𝑃𝑚𝑖𝑛 (𝑛, 𝑘), a bias factor is
needed. The sequence of steps to compute the bias, 𝐵𝑚𝑖𝑛 (𝑛, 𝑘), uses Equation (7). To start with, the
smoothing parameter for determining the first and second moment of the smoothed PSD is determined
as they provide an approximate of the variance. The bias factor is dependent on the length of the
correlated smoothed PSD, 𝑃𝑚𝑖𝑛 (𝑛, 𝑘), and the equivalent degree of freedom which in turn is a factor
of the variance and the previous estimated noise. The correction factor is also added to affect large
variance in the estimated noise.
3.4. Nuanced noise estimation in the frequency domain
It has been demonstrated how efficient the noise estimation based on minimum statistics is in the time
domain of the signal. However, it truly scientific to be curious of the effect of the noise estimation
based on minimum statistics in the frequency domain since spectrum occupancy measurement
considers the frequency domain in its evaluation. So, we explored the implemented algorithm in the
frequency domain first observing the performance with the speech signal, then with the RF signals.
The proposed changes addressed the computation of the smoothed PSD and the unbiased noise
estimate. To heighten the estimation of the unbiased noise in the frequency domain, the smoothed
PSD should not only smoothen the time domain but also the frequency domain. Hence, equation (4)
which smoothens the PSD of the noisy speech signal along the time domain (the time index n) was
changed to smoothen in both the time and frequency domain. Prior to the changes, the equation
computes the newest time vector of the smoothed PSD using the previous time vectors – smoothed
PSD and the smoothing factor – this means it is recursive in time. To ensure the recursion is in both
time and frequency, we made the recursion sweep through the previous time vector from each
frequency component to the next while smoothing each PSD sample. Also, to acknowledge the
unbiased noise estimate in the frequency domain, the same steps taken in noise estimation in the time
domain were repeated in the frequency domain. However, the use of sub-window in the algorithm was
not needed as the frequency index is usually a small value dependent on the user’s preference when
analysing signals. Therefore, the length of the window used during the program would be used to
track the minimum of the frequency samples. The pseudo code that shows the minimum statistics
tracking in the frequency domain is given in Algorithm 1.
Algorithm 1: Pseudo code for minimum statistics noise estimation in the frequency domain
For 𝑘 in 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦_𝑏𝑖𝑛𝑠:
if 𝑎𝑐𝑡𝑚𝑖𝑛(𝑛, 𝑘) × 𝑛𝑜𝑖𝑠𝑒_𝑠𝑙𝑜𝑝𝑒_𝑚𝑎𝑥 > 𝑚𝑖𝑛(𝑃(𝑛, 𝑘) × 𝐵𝑚𝑖𝑛 (𝑛, 𝑘) × 𝐵𝑐 (𝑛)):
𝑎𝑐𝑡𝑚𝑖𝑛(𝑛, 𝑘) = 𝑚𝑖𝑛(𝑃(𝑛, 𝑘) × 𝐵𝑚𝑖𝑛 (𝑛, 𝑘) × 𝐵𝑐 (𝑛))
𝑛𝑜𝑖𝑠𝑒_𝑒𝑠𝑡(𝑛, 𝑘) = 𝑎𝑐𝑡𝑚𝑖𝑛(𝑛, 𝑘)
The algorithm shows the moving tracker, 𝑎𝑐𝑡min(𝑛, 𝑘), which holds the minimum of the window of
length L. It is only updated whenever the minimum of the newest window is less than the product
minimum tracker and the 𝑛𝑜𝑖𝑠𝑒_𝑠𝑙𝑜𝑝𝑒_𝑚𝑎𝑥. Just like the algorithm proposed by Martin, the
𝑛𝑜𝑖𝑠𝑒_𝑠𝑙𝑜𝑝𝑒_𝑚𝑎𝑥 is the allowance given to the existing minimum before it is updated.
The study also proceeded towards testing the proposed algorithm with RF signals. The RF signal
dataset used for algorithm testing and comparison was generated with GNU Radio application. The
dataset consists of 6 channels that was a mix of different signals – orthogonal frequency division
multiplexing (OFDM), binary phase shift keying (BPSK), and frequency Modulation (FM) signals.
The spectrum band had two OFDM signals, two FM signals, a BPSK signal and a free channel which
is located between the BPSK and the FM signals. The free channel in the data set was used to ensure
that we could compare the performance of our proposed method and the two existing noise estimation
methods proposed by ITU.
Lastly, we tested the proposed algorithm with measured RF signals in the FM band (87.5 – 108 MHz)
to show the results of spectrum occupancy measurement (SOM).
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4.0. Results and Discussion
The spectral noise estimation program was a full implementation in Python 3. Prior to this paper, it
was difficult to obtain an existing open-source python code program for Martin’s algorithm, therefore,
at the end of the research it was successfully implemented. The steps taken to successfully achieve the
valid implementation of the proposed algorithm by Martin have been discussed in the section 3 and in
this section, we interpret the results and compare results with that provided by Martin. First, the
methodology achieved the implementation of the smoothing factor. Figure 3 shows the result of the
smoothing parameter. To verify the accuracy of the results, we plotted the noisy speech signal
alongside the results of the smoothed PSD vs PSD subplot (top subplot) and the smoothing factor
(bottom subplot). As expected, at speech pauses, the smoothing factor attains values close to one and
the smoothed PSD is smoother. Moreover, there are dips (where the smoothing factor approaches
zero) when the speech is present and the smoothed PSD samples are less smooth.

Figure 3: Three subplots showing the computed PSD samples and the PSD samples, the time
spectrum of the noisy speech signal and the smoothing factor
With the first step solved, the next and final step is the computation of the unbiased estimate noise
samples whose result is presented in Figure 4. It shows the subplots of the noise estimate on the noisy
speech signal and the true noise versus the estimated noise. The figure shows two subplots – the noise
estimate versus the noisy speech signal and the true noise versus the estimated noise. The top plot
shows that the estimated noise attains higher levels at the start compared to the end and based on the
results of the bottom plot the estimation is closer to the true noise towards the end of the plot.

Bello and Ogbeide, 2022
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Figure 4: Estimation validations of algorithm with subplots showing the noisy speech periodogram
versus the estimated noise and the true noise versus the estimated noise.
As stated earlier, Martin performed experimental analysis using the percentage relative estimation
error and the error variance between the noise estimate and the true noise for the different noise types
he used. The mean squared error (MSE) is the mean of the error variance which is an acceptable
metric for estimation analysis. The computed normalized MSE for the noisy speech signal using
Martin’s algorithm was 0.4207. Same method of analysis was used for the shaded version we
proposed and the results are presented in Figures 5 and 6. They show the plots of the smoothing factor
and the noise estimation. With the proposed method, the MSE performance analysis gave a value of
0.2203 for the noisy speech signal.

Figure 5: Two subplots showing the computed PSD samples versus the PSD samples and the
smoothing factor
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Figure 6: Estimation validations of algorithm with subplots showing the noisy speech periodogram
versus the estimated noise and the true noise versus the estimated noise
Figures 7 and 8 shows the spectrum plot of the signals across 6 MHz bandwidth and the
corresponding comma-separated values (CSV) data. The results produced with the RF signal noise
estimation were expected as with that of the noisy speech signal. The noise estimation in the RF
signal tends towards the noise level in the spectrum plot and is unbiased towards the minimum. In
comparison to other existing methods – the free channel and the 80% methods, the noise estimation is
dynamic in time and frequency and shows close approximation to the 80% method than the free
channel method which completely depends on the presence of a free channel during measurement.
The result is presented in Figure 9 that shows the test spectrum band having 6 channels of equal
bandwidth that are transmitting at equal power. The resemblance of the estimation gotten by the 80%
method and the proposed method shows that the noise estimation accuracy has been maintained.

Figure 7: Spectrum plot of the band of RF signals used for algorithm testing and comparison with
other existing methods

Bello and Ogbeide, 2022
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Figure 8: CSV data for the RF signals transmitting in 6 MHz bandwidth
In addition, we did a 15 mins test of the proposed method on two datasets measured in the FM band
using GNU Radio, USRP B210s and antennas, a setup discussed in Bello and Ogbeide (2021). The
FM signal test showed an occupancy of approximately 34 percent which is shown in Figure 10.

Figure 9: Comparison of existing methods with proposed method
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Figure 10: Spectrum occupancy measurement in the FM band (87.5 – 108 MHz) using 3 dB threshold
above the noise estimation
The results presented have shown the successful implementation of the noise estimation algorithm
that uses minimum statistics and the improved noise estimation from the proposed method since the
MSE is reduced from 0.4207 to 0.2203 which is approximately 50 percent. Also, the proposed noise
estimation method closely correlates with the estimation using the 80 percent method however; it
shows dynamism in time and frequency. Particularly in spectrum occupancy measurement that spans
a large bandwidth the noise level shows appreciable changes with frequency (Turner, 2012), thus a
noise estimation that tracks both changes in time and frequency has better accuracy with changing
threshold values.
5.0. Conclusions
In the end, the successful implementation in python 3 code was achieved for noise estimation using
the minimum statistics method and observations were drawn from the results which show that the
method is not just peculiar to speech signals but can be inferred for RF signals as well since the same
rule of independence exist between clean RF signals and noise. Also, the study presented the strengths
and weaknesses of existing methods proposed by ITU and how the proposed method has contributed
to improved noise estimation with dynamism in time and frequency. Such a dynamic feature improves
the accuracy of spectrum occupancy measurement across wide bands with significant noise level
changes.
References

Bello, N. and Ogbeide, K. O. (2021). Design of a real-time swept spectrum analyser with
USRP B210. Nigerian Journal of Enviromental Science and Technology, 5(2), pp. 329-339.
Ephraim, Y. and Malah, D. (1985). Speech enhancement using a minimum mean-square error
log-spectral amplitude estimator. IEEE transactions on acoustics, speech, and signal
processing, 33, pp. 443–445.
Malah, D., Cox, R. V. and Accardi, A. J. (1999). Tracking speech-presence uncertainty to
improve speech enhancement in non-stationary noise environments. s.l., s.n., pp. 789–792.
Martin, R. (2001). Noise power spectral density estimation based on optimal smoothing and
minimum statistics. IEEE Transactions on speech and audio processing, 9, pp. 504–512.
Bello and Ogbeide, 2022

11

Nigerian Journal of Environmental Sciences and Technology (NIJEST) Vol 6, No. 1 March 2022, pp 1 - 12

Martin, R. (2006). Bias compensation methods for minimum statistics noise power spectral
density estimation. Signal Processing, 86, pp. 1215–1229.
Mateo, C. and Talavera, J. A. (2018). Short-time Fourier transform with the window size
fixed in the frequency domain. Digital Signal Processing, 77, pp. 13–21.
Mauler, D. and Martin, R. (2006). Noise power spectral density estimation on highly
correlated data. s.l., s.n.
McCree, A. et al., (1996). A 2.4 kbit/s MELP coder candidate for the new US Federal
Standard. s.l., s.n., pp. 200–203.
Qu, S.-M., Shi, Q.-L. and Liu, X. (2014). Study on Calculation Method of Spectrum
Occupancy Threshold Based on Cognitive Radio Access. s.l., s.n., pp. 65–71.
Seeber, B. (2014). GNU Radio Tutorials. Ettus Research.
Series, S. M. (2017). Spectrum occupancy measurements and evaluation. International
Telecommunication Union.
Turner, C. S. (2012). Johnson-nyquist noise. url: http://www. claysturner. com/dsp/JohnsonNyquistNoise.

Cite this article as:
Bello N. and Ogbeide K. O., 2022. Spectral Noise Estimation: A Python 3 Implementation of the Minimum
Statistics Estimation. Nigerian Journal of Environmental Sciences and Technology, 6(1), pp. 1-12.
https://doi.org/10.36263/nijest.2022.01.0300
12

Bello and Ogbeide, 2022

