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When modeling a stealth aircraft with low RCS (Radar Cross Section), conventional parameter estimation methods
may cause a deviation from the actual distribution, owing to the fact that the characteristic parameters are estimated via di-
rectly calculating the statistics of RCS. The Bayesian–Markov Chain Monte Carlo (Bayesian-MCMC) method is introduced
herein to estimate the parameters so as to improve the fitting accuracies of fluctuation models. The parameter estimations
of the lognormal and the Legendre polynomial models are reformulated in the Bayesian framework. The MCMC algo-
rithm is then adopted to calculate the parameter estimates. Numerical results show that the distribution curves obtained by
the proposed method exhibit improved consistence with the actual ones, compared with those fitted by the conventional
method. The fitting accuracy could be improved by no less than 25% for both fluctuation models, which implies that the
Bayesian-MCMC method might be a good candidate among the optimal parameter estimation methods for stealth aircraft
RCS models.
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1. Introduction
The radar cross section (RCS), which is an important indi-

cator of target detection and stealth technology, represents the
power gain of the electromagnetic scattering back to a radar.
Since the scattering process is quite sensitive to wavelength,
polarization and aspect angle etc.,[1] it is of great importance
to statistically model a target. Two conventional fluctuation
model series are Swerling I∼IV and Marcum models. The for-
mer are mainly applicable to traditional aircrafts, while the lat-
ter is generally applied to non-fluctuating target modeling.[2]

However, the RCS could be reduced by several methods, such
as shape technology, coated material technology, artificial ab-
sorbing material technology, etc.[3,4] Therefore, it is usually
difficult to statistically model the emerging aircrafts such as
stealth aircrafts, high-speed flight targets, etc.[5]

In recent years, the fluctuation models with higher fit-
ting accuracy, such as the chi-square, lognormal and Legendre
polynomial models, etc.,[6] have been proposed. With spe-
cific degrees of freedom, the chi-square model can be con-
verted into Swerling I∼IV models.[7] We herein focus on the
parametric lognormal model and the nonparametric Legendre
polynomial model. For the conventional lognormal model, its
characteristic parameter ρ (the ratio of mean to median) is usu-
ally assumed to be greater than 1. However, in certain circum-

stances, for instance, when modeling a stealth target, ρ may be
less than 1. Hence the complete lognormal model is proposed
to tackle this problem.[8] Besides, Chen et al. illustrated that
the lognormal modeling could easily result in an overestimated
curve peak, especially for the aircrafts with low RCS.[9]

As for the Legendre polynomial model, the probability
density of RCS reconstructed by linear combination of orthog-
onal polynomials yields reasonably good results.[10] However,
it may be inadequate to describe the curve peaks for stealth air-
craft with sharply fluctuating RCS using this model.[9] Thus,
a deviation from the actual distribution may be incurred when
modeling a stealth target with either the lognormal or the Leg-
endre polynomial models. In practice, this deviation may
be caused by the parameter estimation method of fluctua-
tion models as detailed below. In the conventional methods,
the characteristic parameters are estimated via calculating the
statistics of RCS directly.[5] These approaches are generally
suitable for parameter estimation of a traditional target with
relatively well-distributed RCS. But in the case of a stealth
target with low RCS property, a large error-of-fit may be
caused.[11] The drawbacks of the conventional methods will
be discussed in more detail later.

In order to improve the fitting accuracy of RCS, we in-
troduce the Bayesian–Markov Chain Monte Carlo (Bayesian-
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MCMC) method to estimate the characteristic parameters of
fluctuation models. The Bayesian-MCMC method is an ef-
fective tool to solve the posteriori estimation problem of un-
known parameters. It has been successfully applied to the
ocean duct inversion from radar clutter and the electromag-
netic refractivity from clutter inversion, etc.[12,13] But to the
best of our knowledge, this method has not been used in es-
timating the unknown parameters of RCS models in existing
publications. In the Bayesian-MCMC method, the parameter
estimation expressions of the lognormal model and the Legen-
dre polynomial model are derived in the Bayesian framework,
and the Gibbs sampler of the MCMC method is adopted to
obtain optimal parameter estimates. Simulation results show
that the parameter estimates can be accurately obtained with
the Bayesian-MCMC method, and the fitting accuracy can be
substantially improved.

2. Bayesian derivation
The conventional procedure to model a target is first to

compute the statistics of RCS, such as the mean value, the ra-
tio of mean to median, the kernel density function, etc. Then
the statistics are substituted into the fluctuation model to ap-
proximate the probability density function (PDF) of RCS.

In this section, we will deal with the RCS modeling prob-
lem in the Bayesian framework. The expressions of the log-
normal and Legendre polynomial models are treated as the
posterior distribution functions of RCS variables. Combining
with the Bayesian theory and the prior distribution of parame-
ters, the parameter estimates are derived sequentially.

2.1. Lognormal model

The classical lognormal PDF of RCS random variable σ

is given by[5]

fln(σ) =
1

σ
√

4π lnρ
exp

− ln2
(

σ

σ0

)
4lnρ

 , σ > 0, (1)

where σ0 and σ̄ denote the median and mean of σ , respec-
tively; and ρ

∆
= σ̄/σ0 is the mean-to-median ratio.

For traditional target modeling, the value of ρ is generally
assumed to be greater than 1.[8] While the RCS median σ0 of a
stealth aircraft is similar to that of a traditional aircraft; its RCS
mean σ̄ , however, is usually smaller than that of a traditional
one.[9] Consequently, in the case of a stealth aircraft, the value
of ρ may be smaller than 1, which obviously conflicts with the
fitting condition of the lognormal model.

Here, we transform the lognormal problem into a normal
problem to avoid calculating parameter ρ directly. Let µ and
s denote the mean and standard deviation of lnσ , respectively.
Thus, the basic expression of the lognormal PDF may be ex-

pressed as[10]

fN(σ) =
1

σs
√

2π
exp

{
− (lnσ −µ)2

2s2

}
, σ > 0, (2)

where lnσ is normally distributed. Equation (2) is convenient
to estimate the parameters by Bayesian-MCMC method.

Now we consider the Bayesian derivation of parameter µ

as a demonstration. The posterior distribution function of µ is
fµ|𝑋(µ|x), where 𝑋 is a sample set of RCS variables and x is
an element of 𝑋 . According to the Bayesian theory, we have

fµ|𝑋(µ|x)=
f𝑋|µ(x|µ) f (µ)

f𝑋(x)
, (3)

where

f𝑋(x)=
∫

µ

f𝑋|µ(x|µ) f (µ)dµ. (4)

Here, f (µ) is the prior distribution function of µ , and it is
generally assumed to be independent of the observation sam-
ple 𝑋 . Besides, f𝑋(x) is the standard factor of fµ|𝑋(µ|x),
and it is also independent of µ .[14] Thus equation (3) can be
simplified into

fµ|𝑋(µ|x) ∝ f𝑋|µ(x|µ) f (µ) = f (µ)
n
Π

i=1
f𝑋|µ(xi|µ), (5)

where xi is an element of n-dimensional sample 𝑋 . Therefore,
the estimator of µ is

µ̂ = E(µ|𝑋) =
∫

µ

µ fµ|𝑋(µ|x)dµ

=
∫

µ

µ f (µ)
n
Π

i=1
f𝑋|µ(xi|µ)dµ. (6)

In estimating µ and s, µ can be estimated with s fixed, and
vice versa.

The prior distributions of µ and s are generally spec-
ified as a normal distribution and a gamma distribution,
respectively,[15] i.e., µ ∼ N

(
η ,δ 2

)
, s ∼ Γ (α,β ). The prior

distribution of µ is

ΨN(µ;η ,δ 2) =
1

δ
√

2π
exp

{
− (µ−η)2

2δ 2

}
, (7)

where η and δ 2 are the mean and variance of normal distribu-
tion, respectively. The prior distribution of s is

ΓN(s;α,β ) = β
α sα−1 e−β s/Γ (α), (8)

where α is the shape parameter, and β is the scale parameter.
Substituting Eqs. (2), (7), and (8) into Eq. (6), we obtain

the posterior estimators

µ̂ =
∫

µ

µΨN(µ;η ,δ 2)
n
Π

i=1
fN(xi;s)dµ, (9)

ŝ =
∫

s
sΓN(s;α,β )

n
Π

i=1
fN(xi; µ)ds, (10)

where xi is an element of 𝑋; fN(xi;s) and fN(xi; µ) denote the
basic lognormal PDF on condition that either s or µ is fixed,
respectively.
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2.2. Legendre polynomial model

In the Legendre polynomial model, the probability den-
sity of RCS is reconstructed by linear combination of orthog-
onal polynomials, which is given by[10]

fL(σ) =
1

σL

∞

∑
m=0

amLm(t), (11)

where σL
∆
= σmax−σmin; σmax and σmin denote the maximum

and minimum of variable σ , respectively; Lm(t) is the m-th

Legendre polynomial with t ∆
= (σ − σ̄)/σL; the coefficients am

are unknown, but can be determined along with the Legendre
polynomials by using random variable σ and order m. How-
ever, the computing process is rather complex and the kernel
density function of RCS data is required.[9]

A number of numerical experiments show that satisfied
fitting results could be achieved when the first 15∼ 25 Legen-
dre polynomials are selected.[9] Therefore, assuming that the
first m (15≤ m≤ 25) polynomials are adopted, we could fur-
ther obtain the posterior estimates of the polynomial coeffi-
cients a1,a2, . . . ,am with the following procedures.

The prior distribution represents the prior knowledge
about the coefficients a1,a2, . . . ,am before the experimental
observation. In practice, the low-information normal dis-
tribution is generally chosen as the prior distribution of the
coefficients,[15] i.e., ai ∼ N

(
ηi,δ

2
i
)
. The prior distribution ex-

pression is

ΨL(ai;ηi,δ
2
i ) =

1
δi
√

2π
exp

{
− (ai−ηi)

2

2δ 2
i

}
, (12)

where i = 1,2, . . . ,m, ηi and δ 2
i are the mean and variance of

normal distribution, respectively. Using Eqs. (11), (12), and
(6), the posterior estimators could be described as

â1 =
∫

a1

a1ΨL(a1;η1,δ
2
1 )

n
Π

i=1
fL(xi;a2,a3, . . . ,am)da1,

...

âk =
∫

ak

akΨL(ak;ηk,δ
2
k )

n
Π

i=1
fL(xi;a1, . . . ,ak−1,

ak+1, . . . ,am)dak,

...

âm =
∫

am

amΨL(am;ηm,δ
2
m)

n
Π

i=1
fL(xi;a1, . . . ,am−1)dam, (13)

where fL(xi;a2,a3, . . . ,am), . . . , fL(xi; a1, . . . , ak−1, ak+1, . . . ,
am), . . . , fL(xi; a1, a2, . . . , am−1) denote respectively the PDF
expressions under the condition of fixing all of the parameters
except for the estimated one. Note that in practical calculation,
the posterior estimates of â1, â2, . . . , âm can be solved once and
for all by using Markov chains. Besides, the kernel density
function of RCS data is not needed.

In the conventional method, the classical Eqs. (1) and (11)
are adopted for curve fitting. Due to the low RCS property of
stealth aircrafts, a large error-of-fit may be caused. In contrast,
the parameter estimators in Bayesian-MCMC method are re-
formulated by the prior and posterior distributions of param-
eters. Then, the parameters estimates can be calculated by
the MCMC algorithm. Finally, the estimated parameters are
substituted into the basic formulae Eqs. (2) and (11) for curve
fitting.

3. MCMC estimation
To begin with, a Markov chain is constructed by sam-

pling. The limiting distribution of the Markov chain is the
actual distribution f (θ) of a parameter θ . With the conver-
gent Markov chain, parameters of the fluctuation models are
then estimated. The Gibbs sampling, which is one of the
most popular MCMC algorithms in the Bayesian analysis,[16]

is adopted herein to facilitate the calculation. The greatest ad-
vantage of MCMC method is the combination of the Monte
Carlo integration with the effective sampling technique.[14]

This method makes use of dynamic computer simulation tech-
nique rather than complex calculation to acquire the optimal
solution.

3.1. Gibbs sampling algorithm

We now consider the parameter estimation procedure by
illustrating the principle of the Gibbs sampling algorithm. As
shown in Subsection 2.1, the prior distributions of µ and s are
µ ∼ N

(
η ,δ 2

)
and s∼ Γ (α,β ), respectively. In order to con-

struct a Gibbs sampler for this model, we need to calculate the
conditional distributions f (µ|s,𝑋) and f (s|µ,𝑋), and sam-
ple sequentially from these distributions. With some mathe-
matical manipulations,[15] we could obtain

(µ|s,𝑋)∼ N(w𝑋̄+(1−w)η ,ws2/n), (14)

where w ∆
= δ 2/(s2/n+δ 2), n is the dimension of sample set

𝑋 , 𝑋̄ is the mean of 𝑋 , and

(s|µ,𝑋)∼ Γ

(
α +

n
2
,β +

1
2

n

∑
i=1

(xi−µ)2

)
. (15)

Using these results, the Gibbs sampling algorithm may be
summarized as follows.

Set 𝜃 = (µ,s) for the lognormal model or

𝜃 = (a1,a2, . . . ,am)

for the Legendre polynomial model, and set the initial values
𝜃(0). Then, for t = 1, . . . ,T ,

Step 1 Let 𝜃 = 𝜃(t−1).
Step 2 For j = 1, . . . ,J, update θ j from θ j ∼ f (θ j|𝜃\ j,

𝑋), where 𝜃\ j = (θ1, . . . ,θ j−1,θ j+1, . . . ,θJ).
Step 3 Set 𝜃(t) = 𝜃 for saving the generated set of values

at t +1 iteration of the algorithm.
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Hence, given a particular state of the Markov chain 𝜃(t),
we generate the new parameter values in Step 2 by

θ
(t)
1 from f (θ1|θ (t−1)

2 ,θ
(t−1)
3 , . . . ,θ

(t−1)
J ,𝑋),

θ
(t)
2 from f (θ2|θ (t)

1 ,θ
(t−1)
3 , . . . ,θ

(t−1)
J ,𝑋),

...
...

...
θ
(t)
J from f (θJ |θ (t)

1 ,θ
(t)
2 , . . . ,θ

(t)
J−1,𝑋).

So far, an iteration of the Gibbs algorithm has been com-
pleted, and the parameter set 𝜃(t−1) has been updated as 𝜃(t) =

(θ
(t)
1 ,θ

(t)
2 , . . . ,θ

(t)
J ). The first t randomized samples can be re-

moved by a large number of iterations T , and consequently
a Gibbs system sample 𝜃(t+1),𝜃(t+2), . . . ,𝜃(T ) can be estab-
lished. The Gibbs system sample depends on the actual dis-
tribution f (𝜃), which can be used to calculate the parameter
estimates.

3.2. Monte Carlo error

In the analysis of the MCMC output, the Monte Carlo er-
ror (MC error) is adopted to measure the performance of each
Markov chain. A small MC error generally corresponds to a
parameter estimate with relatively high estimation precision.

The MCMC output provides us with a random sample of
the type 𝜃(1),𝜃(2), . . . ,𝜃(t), . . . ,𝜃(T ). For any function G(𝜃)

of the interesting parameter 𝜃, we can obtain a sample by
simply considering G(𝜃(1)),G(𝜃(2)), . . . ,G(𝜃(t)), . . . ,G(𝜃(T )).
Using these functions, we adopt the batch mean method to es-
timate MC error.[15] Firstly, partition the output sample into K
batches (usually K = 30 or K = 50). Thus, each batch mean
Ḡb(𝜃) is given by

Ḡb(𝜃) =
1
v

bv

∑
t=(b−1)v+1

G(𝜃(t)), b = 1, . . . ,K, (16)

where v denotes the sample size of each batch, T ∆
= Kv; t is

the iteration time, and t = 1, . . . ,T . Thus, the overall sample
mean is

Ḡ(𝜃) =
1
K

K

∑
b=1

Ḡb(𝜃) =
1
T

T

∑
t=1

G(𝜃(t)), (17)

on the assumption that we keep 𝜃(1), . . . ,𝜃(T ) observations.
Then an estimate of the MC error is simply acquired by the
standard deviation of the batch mean estimates Ḡb(𝜃),[15]

MCE [G(𝜃)] =

√
1

K(K−1)

K

∑
b=1

(Ḡb(𝜃)− Ḡ(𝜃))
2
. (18)

The MC error changes with the batch value K (or iteration
time t). When the maximum value of the MC error is less than
a designated threshold ε , the sampling results can be consid-
ered to be convergent. The procedure of the Bayesian-MCMC
method is summarized in Fig. 1.

initial prior
parameter sampling

Gibbs iteration

If convergent?

get posteriorexport estimates  

No

Yes

f↼θ(0)↽

↼fθ|X↼θx↽↼θ1, θ2,...,θJ↽^ ^ ^

Fig. 1. Flow chart of the Bayesian-MCMC method.

4. Numerical results

The feasibility and accuracy of Bayesian-MCMC method
for both parameter estimation and curve fitting are validated
through the following numerical experiments.

(a)

(b)

z

x y

z

x y

o

Θ
φ

z

y

x

Fig. 2. Models of stealth aircraft (a) type I and (b) type II and the coordi-
nate system, where the head direction of an aircraft is set to be azimuth
angle 0◦ and pitch angle 0◦.

4.1. RCS sampling

We consider two typical stealth aircraft models, namely
type I and type II. Due to the complex absorbing material
and its unknown electrical parameters,[17] we only consider
the effect on RCS caused by the shape stealth technology.
The aircraft models shown in Fig. 2 are constructed in accor-
dance with their real size in computer aided design (CAD),
and the coordinate system of stealth aircraft is also illustrated
in Fig. 2(b), where φ and Θ denote the azimuth angle and
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pitch angle, respectively. Besides, the RCS data are simu-
lated by the multilevel fast multipole method (MLFMM) in
the FEKO (FEldberechnung bei Korpern mit beliebiger Ober-
flache). Considering the computational complexity and accu-
racy, this experiment is carried out at 1.3 GHz with horizontal
polarization (HH), and the azimuth angle sampling interval is
0.1◦ (leveled off, pitch angle 0◦). The RCS sampling data of
both types are shown in Fig. 3.
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(a)

0 120 240 360
-40

-20
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(b)

φ/(Ο)

φ/(Ο)

Fig. 3. (color online) RCS data of (a) type I and (b) type II for differ-
ent azimuth angles. The RCS data of both aircrafts are concentrated in
−20∼ 0 dB.

Notice that the three peaks of RCS data curves corre-
spond to the wings and tails of the aircrafts, respectively. Fur-
ther, the RCS data of both aircrafts concentrate in the range of
−20 dB∼ 0 dB, and the data of head direction gather in the
range of −20 dB∼ 10 dB, which agree with the public data.
The RCS changing trend of type II is similar to that of type I,
but the mean value of RCS data of type II is less than that of
type I due to its smaller physical dimension. With some di-
rect calculations, we could find that the number of RCS data
below 0 dB is up to 62.2% and 74.4% for type I and type II,
respectively.

4.2. RCS modeling

In this section, we first obtain the parameter estimates by
the Bayesian-MCMC method, and then fit curves by substitut-
ing the estimated parameters into the basic functions of mod-
els. Moreover, comparisons are made between the curves fit-
ted by the proposed method and the conventional method.

In the Bayesian-MCMC experiment, the prior distribution
of each parameter is given in Section 2 and its initial value
is selected according to Ref. [15]. Each Markov chain runs
for 10000 iterations, and the results of the first 2000 iterations
are discarded when calculating the posterior distributions. Be-
sides, the first 20 Legendre polynomials are selected, and the
threshold of the convergence criterion is 0.05. It should be
noted that the RCS data hereafter are converted from logarith-
mic space to linear space, hence the following results are based
on linear data.[5]

The MC errors of Markov chains and the posterior distri-
butions of parameters for both aircrafts are illustrated in Figs. 4
and 5, respectively. It is noteworthy that only the first two pa-
rameters of the Legendre model are depicted due to a similar
converging tendency of the other parameters.
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(b)

a1 of type II

a1 of type I

a2 of type I

a2 of type II

µ of type II

µ of type I
σ of type I

σ of type II

Fig. 4. (color online) MC errors of (a) lognormal model and (b) Leg-
endre polynomial model for both aircrafts. The number of iterations is
10000 and the MC error denotes the Monte Carlo error.

Figure 4 shows that the MC error of Markov chains de-
creases rapidly as the iteration increases. The MC errors of
the parameter estimates of the lognormal model converge after
about 2000 iterations, while those of the Legendre polynomial
model do not converge until 8000 iterations, which implies
that the former estimates approximate the actual value more
rapidly. In addition, the MC errors of different parameters
in one model are close to the same value gradually, and the
errors of the lognormal model after convergence are smaller
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than that of the Legendre polynomial model. It is illustrated
in Fig. 5 that each posterior distribution converges towards its
prior distribution (the normal distribution is the limiting dis-
tribution of the gamma distribution), and the mean value of a
posterior distribution is the estimator of a parameter.
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Fig. 5. (color online) (a) ∼(d) Posterior distributions of parameters for type
I, (e) ∼ (h) posterior distribution of parameters for type II, where panels (a),
(b), (e), and (f) belong to lognormal model, panels (c), (d), (g), and (h) be-
long to Legendre model.

The RCS parameter estimation results from different fluc-
tuation models for both aircrafts are summarized in Table 1.

Table 1. Parameter estimates and MC errors.

µ σ a1 a2

Type
Value Value Value Value

(MC error) (MC error) (MC error) (MC error)

Type I
1.18 1.31 1.03 1.33

(0.00033) (0.00022) (0.019) (0.018)

Type II
0.89 1.39 1.61 2.17

(0.00035) (0.00024) (0.020) (0.017)

As is easily observed, the estimation accuracy of the log-
normal model is almost two orders of magnitude higher than
that of the Legendre polynomial model with the same number
of iterations. This may result from the fact that the Legendre
polynomial model is essentially nonparametric, and its coeffi-
cients are not completely independent.

Here, the estimated parameters in Table 1 are substituted
into the basic fluctuation models for curve fitting of Bayesian-
MCMC method. Then, the fitting curves of conventional
method are obtained according to Section 2. The comparisons
among the fitting results are illustrated in Fig. 6.
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(a) real RCS distribution
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log normal of MCMC
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Legendre of MCMC
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log normal of con method
log normal of MCMC
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Legendre of MCMC

Fig. 6. (color online) Comparison of fitting curves for (a) type I and (b)
type II, where ‘con-method’ denotes the conventional method.

Now, we summarize the characteristics of the RCS distri-
butions and the fitting curves.

(i) The RCS curve peaks of both stealth aircrafts are close
to the vertical axis with a narrow width, which reflects the low
RCS property of stealth aircraft. Moreover, the curve peaks of
type II are closer to the vertical axis due to its lower RCS.

(ii) For the curves fitted by the conventional method, the
lognormal model has the drawback of overestimating the curve
peak. That is because the envelope of the lognormal model is
inversely proportional to the argument. The RCS mean value
of type II is smaller than that of type I, and therefore the curve
peak of the lognormal model for type II is higher than that
of type I. On the other hand, the curves fitted by the Legendre
polynomial model are more consistent with the actual distribu-
tion than those by the lognormal model. But the curve peaks
cannot be appropriately estimated by the Legendre polynomial
model.

(iii) For both fluctuation models, the Bayesian-MCMC
method is superior to the conventional method in terms of the
agreement between the fitting curves and the actual distribu-
tion of RCS. Because the proposed method estimates the pa-
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rameters by constructing Markov chains rather than calculat-
ing the statistics of the RCS directly, which reduces the de-
viation from the actual parameters. Therefore, the estimated
curve peaks exhibit improved consistence with the real peaks.
In addition, the fitting precision of the curves in the large RCS
region are similar to each other for both methods.

Further comparative analyses of the fitting accuracy are
given below by goodness-of-fit test.

4.3. Goodness-of-fit test

The commonly used methods of goodness-of-fit test are
chi-square test, K-S test, AD (Anderson-Daring) test, etc.,[18]

which are mainly applicable to parametric models. While in
this paper, the Legendre polynomial model is a nonparametric
one so that the nonparametric test in Ref. [10] is adopted. The
expression of error-of-fit is

ef =
∑

N0
i=1 |pi− p̂i|

∑
N0
i=1 pi

×100%

= ∑
N0
i=1 |pi− p̂i|×100%, (19)

where pi is the real probability distribution of RCS, p̂i is the
estimated probability distribution of each fluctuation model
(for both methods), N0 is the number of the segments parti-
tioned, and ∑

N0
i=1 pi = 1. The improvement ratio r is defined

as r = (ec− em)/ec, where ec and em denote the values of
error-of-fit of conventional method and MCMC method, re-
spectively. The results of the test are listed in Table 2.

Table 2. Errors-of-fit for both fluctuation models.

Type Models
Conventional MCMC Improvement
method (ec) method (em) ratio (r)

Type I
log-normal 15.76% 1.19% 92.45%
Legendre 1.29% 0.94% 27.13%

Type II
log-normal 16.07% 1.91% 88.11%
Legendre 2.29% 1.63% 28.82%

Due to less parameters, the capability of curve fitting of
the log-normal model is obviously inferior to that of the Leg-
endre polynomial model, although the single parameter esti-
mation accuracy of the former is superior as demonstrated in
Table 1.

In terms of fitting methods, the value of error-of-fit of
Bayesian-MCMC method is less than that of the conventional
method for the corresponding fluctuation model. The obtained
fitting accuracy amelioration is more than 25% by using the
proposed method, and the most noticeable improvement is
achieved for the lognormal model.

5. Conclusions

We use the Bayesian-MCMC method to improve the pa-
rameter estimation and curve fitting accuracy of fluctuation
models. With the Bayesian derivation and the Markov Chain
Monte Carlo estimation combined, the proposed scheme is a
good way to acquire the optimal parameter estimates for both
parametric and nonparametric models. The performance im-
provement of the proposed scheme is verified through numeri-
cal simulations. The investigation provides an alternative way
to model stealth aircraft, and it is worth applying the proposed
scheme to other fluctuation models to verify its universality.
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