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Abstract
This article treats analytically. This paper presents a novel approach to complex waves. This article outlines the
understanding of the various effects of spike representations used to make models of the predictive variable effects of the
second-order portion of power while revealing the relationship between the time series segments that are recorded from a
single unit. MATLAB has been used to show the effects of mixed spikes in graphs. The resulting power portion has varied
representation effects in which both the random and fixed effects are expressed as functions of the frequency domain.
Keywords: spectrum, Fourier series, mixed effects
1. Introduction
Various sinusoid waveforms can be put together to make up a single complex waveform, a Fourier series. The sinusoids
are of different frequencies, phases and amplitudes. The magnitude, frequency and phase descriptions of the sinusoid
waveforms are the signal spectrum (portion); by comparison the light spectrum.
The Fourier series is a periodic function used to express the frequency domains of the related sinusoids. This frequency
domain is represented graphically as the series of spikes that are determined by the original function’s period and its
harmonically related sinusoids. The Fourier coefficients represent the spikes’ magnitude. The series of these components
is the wave. The analysis of the time-domain waveform to determine its spectrum is referred to as spectrum analysis of
complex wave (James, 1999)
In several experiments, the time-series data is obtained from different units while the segments of these time-series are
obtained from the same entity. The paper outlines the mixed-effects representation of the spectrum that can be used to
create a model of the second-order spectral power covariates whilst explaining the reliable correlations of the above
collected time-series segments that are obtained from a single unit. The log-spectrum contains the mixed-effects
functional representation where both the random and fixed effects are considered as functions in the same frequency
domain.
In a biomedical experiment, the data about the time-series are commonly collected from several subjects and used as the
basic unit to analyze the design covariate effects. Among the studies are the multiple segments of the time-series that are
obtained from a single unit that can be potentially correlated.
Diggle&Wasel (1997) introduces an independent model used to collects and replicate the time series unit-specific spectra
via log-linear effects. A review by Iannaccone & Coles (2001) provides a generalization of the model through the
estimation of the nonparametric spline of these fixed effects. There also exist tree-structures methods of wavelet
purposely for evaluation of the replicated time-series spectra. The models are exclusively designed to collectively analyze
the time series using a simple while and structure in which the mutually independent series are mutually related
(Freyermuth et al. 2010). The novel contribution of the article outlines the mixed-effects representation of the Cramer for
these collective models of the stationery time-series which exploits which uses a flexible linear model for both the random
and fixed effects in which many designs are handled by specific design metrics (Laird & Ware, 1982). The model takes
note the existing correlations of the time series spectra segments of a common unit.
A number of researchers including Zhang & Chen (2007), Rice & Wu (2001), Morris & Carroll (2006),Guo (2002),
Brumback& Rice (1998), Wu & Zhang (2002), Staniswalis& Lee (1998), and Rice & Silverman (1991)have focused on
study of the fixed and random functional mixed-effect models.
Our proposed model assumes the random effects to be Gaussian but does not make assumptions on the log-spectral
random effects distribution. We suggest an algorithm which begins by estimating the initial spline for the fixed effects of
the log-spectral. The initial spline estimator is obtained through the approximation of the penalized sum-of-squares’
minimizer that does not take into account the log-spectral units that are correlated and be seen as the extension of the
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estimators. The log-spectra’s first two moments can be used to find the estimate the random effects of the unit-specific
moments using the plug-in estimates obtained by unbiased best linear points. The fixed effects are again estimated
through approximation of the minimizer of penalized sum-of-squares by doing away with the estimated effects that are
unit-specific and related to the log-period grams.
The Fourier series breaks down a signal into multiple sines and cosines having varying frequencies. Also, the Fourier
representation is periodic; the beginning of the cycle equals the (i.ef(t = 0) = f(t = 1)). When the procedure is reversed, the
periodic signal can be formed by superimposing the sinusoidal and the co-sinusoidal waves.
Mathematically, the Fourier series can be represented by the periodic signal f (t ) as follows:
Let a complex wave (Fourier series) f (t) represent a periodic with period T
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The modulation of the Fourier series amplitude improves the localization of the frequency of the Fourier series. This
modulation makes the amplitude Rn , the equation (ii) is called amplitude-modulated Fourier series (AMFS).
The amplitude plot Rn  an 2  bn 2 against the frequency 𝜔 (use the function Rn  an 2  bn 2 . For each of the harmonics
(n = 0, 1, 2, 3, ···), a point is plotted and therefore we have to know n and𝜔
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2. Model: Mixed Spectral Representation
We introduce the mixed-effects of 2nd order spectral representation is

z (t )  f (t )* s(t )) 



2

 R(n,m){sin(n
T
n 0 m 0

t n )}{sin(m

Where f (t) and s (t) are two complex waves and Period T  2 L

2
t m )}
T

(iii)

Then,
L

 a0 2 
[Here,  

L
1
1
f (t )dt *  s(t )dt

L L
L L

(iv)

2 2 

 ]
T
2L L
L
1

1

f (t ) cos(n t )dt *  s(t ) cos(n t )dt

L L
L
L L
L

(v)

1

1

bn   f (t ) sin(n t )dt *  s(t ) sin(n t )dt
L L
L
L L
L

(vi)

L

an 2 

L

L

2

The following analog spectrum analyzer should be considered in order to have a good understanding of the Fourier
analysis:

Figure 1. Mixed Effect analyzer for spectrum
The unknown signal𝑓𝑡 ; which contains multiple components at different frequencies is inputted into one of the multiplier.
The variable-frequency sine waveform, the frequency𝑠𝑡 is inputted into another multiplier. The multiplier output,
computed as the product of the two signals is set as the low pass filter and then to the voltmeter.
When performing the spectrum analysis, the signal sis slowly taken through the frequencies to be used for the analysis.
The product of the two frequencies in the multiplier produces new frequencies at the output; one of the frequencies
generated at the sum f+s, and another generated at the difference f-s. The sum frequency is rejected by the low pass filter.
While the frequencies approach one another, the difference frequency, 𝑓 − 𝑠 approaches zero. At some point, the
difference drops within the low pass filter as an AC signal measured using the voltmeter. If f coincides with s, the low pass
filter output becomes a Dc signal that is proportional to their component magnitudes.
The analysis of the spectrum can consequently be performed by doing away with the oscillator s and recording both the
signal amplitude and frequency each time it appears at the low pass filter output.
3. Estimation
3.1 Example
Suppose a complex wave with a period T  2L  2 whose equation is
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Figure 2. Complex wave of

f ( t ) in time domain

3.1.1 Frequency Spectrum of f (t)

Figure 3. Spectrum of f ( t ) in Frequency domain
3.2 Suppose an Another Complex Wave With a Period T  2L  2 Whose Equation Is
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Figure 4.Complex wave of s( t ) in time domain
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3.2.1 Frequency Spectrum of s(t)

Figure 5. Spectrum of s( t ) in Frequency domain
3.3 Fixed Effect
In order to find out the empirical performance according to the proposed estimation of this article, simulation studies
were carried out in comparison to the performance of other three different systems. The estimates of the fixed-effects
are then ordinarily obtained from the least-squares at the different frequencies. The evaluation of the steps of
performance is done through square error estimation from the plotted-spectral against the determined Fourier
frequencies, all of estimate, plotted-spectral estimated and the replicate-specific of the kernel just as shown below.
This finding generally implies that efficiency of the estimations which is also a relative gain is inversely proportional to
the ration of T to N. The findings are due to the fact that the above best linear estimates of the assessment of a
log-spectrum demands a proper estimation of the kernel’s covariance which relies of N. on the other hand, the
pre-smoothing data performance of the estimates of the log-spectrum depends only on T.
4. Simulations
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Figure 6. Frequency spectrum of z(t)

Figure 7. Effects of mixed spikes apply to different types of complex waves
5. Discussion
This article introduced an estimation procedure and model that provides for the important tools for the analysis of the
time series collection from designs implementable through multiple directions to influence the other dominant settings.
In this article, our focus was on estimation-based for the first two log-spectra moments. We further extend to the
Whittle-likelihood-based interference procedure. Moreover, a number of the applications imply the replicated
break-down of the flexible time series. Guo et al. (2003) employ the use of the tensor-product which is also
incorporated into our suggested procedure to help in the time series spectrum analysis. To prove the usefulness of the
application of this model, we incorporate iterative estimation procedure to make use of the tools that can take care of the
local properties including the wavelet.
6. Conclusion
In every systems of communication, the center of interest is the sequential transmission of the pulse shape, that is, the
differing amplitudes from every pulse rather that the periodically repeated pulse. It is therefore necessary to consider the
present frequencies that represent a single pulse of the duration  whose power is slowly decaying.
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