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Abstract: A modified particle swarm optimization algorithm with a stochastic
selection is adopted to estimate the radiation property parameters in a twodimensional absorbing, emitting, and scattering gray material. The radiative heat
transfer in the semitransparent rectangular material is solved by discrete ordinate
method. The objective function for the inverse radiation problem is established, and
the simulated results of radiation intensities on the material’s boundaries are served as
inputs. The performance of this algorithm and the effect of measurement errors on the
accuracy of estimation are examined. The comparison results show that the proposed
algorithm can guarantee the convergence of the global optimization solution, all the
radiation properties could be estimated accurately even with noisy data. The
algorithm is proved to be fast, robust and useful for researching the radiation
properties of the semitransparent material such as crystals in the thermal processing.
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1 Introduction
Inverse radiation analysis is very practical and useful in many different areas such as
laser light-scattering flame diagnosing, remote sensing of the atmosphere, optical
tomography in medical imaging, the prediction of the temperature distribution in
combustion chambers, optimizing the manufacturing and materials processing system and
so on. This subject has been reviewed in a series of papers by McCormick extensively
[1]. A number of papers has been reported for determining the absorption coefficient,
scattering coefficient, single-scattering albedo, scattering phase function, boundary
condition, or the optical thickness of a material from various types of radiation
measurements [2,3].
On the other hand, a considerable amount of solution techniques has been employed
in these inverse radiation problems. The traditional algorithms such as the conjugate
gradient (CG) method [4] and Levenberg–Marquardt method [5] depend on the initial
value or the derivatives and gradients which are difficult to be solved accurately by
numerical simulation in some cases. The random optimal methods have been studied to
solve the global optimal problems reliably such as Genetic Algorithm (GA) [6] and
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Particle Swarm Optimization (PSO) algorithm [7].
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The PSO algorithm, which was introduced by Eberhart and Kennedy [8], is able to
find a global optimum solution or a good approximation of the solution, usually without a
theoretical proof. This is solely due to its ability to explore the search domain with ‘jump’
from a local solution to another and therefore, the global optimum solution can be
reached step by step. As reported in Ref. [9], many kinds of problems which can be
solved by GA are able to be identically solved by PSO, without suffering from the
difficulties of GA’s. The PSO algorithm has been studied extensively by many
researchers in recent years. But it has proved that the PSO can guarantee convergence,
but cannot guarantee global optimum [10].
In order to guarantee the convergence of the global optimum solution, we proposed a
modified PSO algorithm with a stochastic selection in this paper. Firstly, the discrete
ordinate method (DOM) is used for the simulation of a two-dimensional absorbing,
emitting, and scattering material with diffusely emitting and reflecting opaque
boundaries. And the directional radiative intensities at walls simulated by DOM are
served as input for the inverse analysis. A stochastic particle swarm optimization (SPSO)
algorithm is adopted to minimize the objective function and estimate the parameters of
radiation system including the wall emissivity, the scattering albedo and the scattering
asymmetry factor.

2 Methods
2.1. Inverse Problem
Consider the radiative transfer processes in a two-dimensional absorbing, emitting,
and scattering gray material with diffusely emitting and reflecting opaque boundaries.
Since there are many numerical methods to solve the radiative heat transfer [11-13], here
we apply the discrete ordinates method (DOM) to solve the direct problem. In the DOM,
the radiative transfer equations are replaced by a discrete set of equations for a finite
number of ordinate directions [14]. In the Cartesian ordinate system, the discrete
ordinates equation with the boundary conditions can be written as:

µm

∂I m
∂I m
ω
+ηm
= − I m + (1 − ω ) I b +
∂τ x
∂τ y
4π

I wm = ε w I b (τ w ) +

1− εw ω
π 4π

∑

n w s′< 0

M

∑ wm′Φ mm′ I m′

(2.1)

m′=1

wm′ I wm′ n w s′

(2.2)

where subscripts m and m′ denote the discrete directions; w is the quadrature weight;

τ x and τ y are the optical coordinates; the scattering phase function of material is
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g is the scattering

asymmetry factor.
The direct problem of concern here is to find the radiation intensities exiting the
boundaries for the known temperature distribution and radiation properties. Here we
consider a rectangle enclosure material, the size is assumed to be 1m in length and 0.5m
in width. The gray wall emissivity ε w = 0.7 , the scattering albedo and the scattering
asymmetry factor are both set to 0.5, both boundary and material temperatures are set to
1000K.
In the inverse problem, the wall emissivity, the scattering albedo and the scattering
asymmetry factor are estimated by the measured data of exit radiation intensities. Here
we suppose four measurement positions at every boundary’s midpoint. The inverse
radiation problem can be formulated as an optimization problem. The objective function
of the inverse radiation problem in this paper can be written as:
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are measured exit radiative intensities at the boundaries; N is the

number of sensor locations; I m (τ w ; c ) is the radiative intensities at boundaries for an
estimated vector c = ( ε w , ω , g )estimated .
2.2. Optimization Method
According to the simple PSO model which was proposed by Eberhart and Kennedy
[8], the velocity Vi for each dimension of the i th particle can be updated as follow:

Vi +1 = wVi + c1r1 ( Pi - X i ) + c2 r2 ( Pg - X i )

(2.4)

where w is the inertia weight coefficient; c1 and c2 are two positive constants called
acceleration coefficients; Pi and Pg are the local individual best location and the global
best location; r1 and r2 are random numbers in the range of [0,1]. The new position X i
for i th particle can be expressed as:

X i +1 = X i + Vi +1

(2.5)

In the standard PSO, if 0 < w < 1 and Vi +1 < Vi , there exists a certain number that when
the generation number is more than it, the current global best position Pg of the swarm
does not vary, and consequently, all components of Vi will be smaller than a given error,
and the particle will stop evolution. Even if a better solution exists in this direction, the
particle swarm may stop evolution before finding this position and fall into premature
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convergence. This is the reason why the standard PSO may fall into local optimum
solution.
To solve the problem of premature convergence, we present the SPSO algorithm.
Here set the inertia weight w = 0 , substituting Eq. (4) into Eq. (5), the following equation
can be obtained:

X i +1 = X i + c1r1 ( Pi - X i ) + c2 r2 ( Pg - X i )

(2.6)

In order to improve the global searching ability, Pg is maintained to be the historic best
position, and an extra particle j with the position X j is generated randomly in the
searching domain. In this way, the following updating procedure is obtained:

Pj = X j
⎧⎪
⎨
⎪⎩ Pg = arg min ( Pi , Pj )

(2.7)

This means that if Pg = Pj , the random particle j locates at the best position and the new
random particle will be searched repeatedly, therefore at least one particle is generated in
the searching domain randomly to improve the global searching ability.

3 Results and Discussion
3.1. Algorithm’s Performances
The performance of the proposed SPSO is investigated in this section through the
comparison with the standard GA and PSO methods. The standard PSO uses a linearly
varying inertia weight over the generations, varying from 0.9 to 0.4, and c1 = c2 = 2.05 .
The c1 and c2 of SPSO are set to 2.0. The probabilities of mutation and crossover of GA
are set to 0.3 and 0.6. All three methods use 50 as population size. The criterion of
termination is the maximum generation number getting 1000.
As shown in Fig.1, the best fitness objective function of SPSO algorithm converges
much faster than standard PSO and GA. Moreover, the SPSO algorithm can get the
minimum best fitness values among the three methods after a small number of
generations. As shown in Fig.2, the SPSO is less time-consuming than PSO of the same
swarm size. So, the SPSO algorithm is superior in term of searching quality and
derivation of the results.
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Figure 3.1: Comparison of Best Fitness of GA, PSO and SPSO
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Figure 3.2: Computation Time Comparison of PSO and SPSO for Different Swarm Size

3.2. Estimation Results
The wall emissivity, the scattering albedo and the scattering asymmetry factor are
estimated in present study. The search will be terminated if the total number of iterations
reaches 10, 000. To demonstrate the effect of measurement errors on the radiative
parameters, random standard deviations are added to the exact parameters computed from
the direct solution, the following relations have been used in present inverse problem:

Ymeasured = Yexact + σς

(3.1)

Here, ς is a normal distribution random variable with zero mean and unit standard
deviation. The standard deviations of measured radiative intensities at the boundaries, σ
for a γ % measured error at 99% confidence, σ =
defined as follows

Yexact × γ %
. The relative error is
2.576

Yanming Wang et al

232

Erel = 100

qestimated − qexact
qexact

(3.2)

where q is radiative parameter. Inverse results with different measure errors using SPSO
have been shown in table 1. Without measurement errors, the relative errors of all
parameters become almost negligible. The result indicated that the accuracy in the
estimation was sensitive to variations of standard deviations. And the relative error of
scattering asymmetry factor increases in measurement errors faster than the other two,
this maybe caused by weak positive correlation between the parameter and the radiative
intensities.
Table 3.1: Estimated Parameters and Relative Errors for Different Standard Deviations

Para- True
meter value

γ =0
SPSO

γ =1
Erel

γ =2

γ =3

SPSO

Erel

SPSO

Erel

SPSO

Erel

εw

0.7

0.7000 5.91e-6

0.6980

0.30

0.6928

1.03

0.6847

2.19

ω

0.5

0.5000 1.10e-5

0.5008

0.16

0.5025

0.50

0.5042

0.84

g

0.5

0.5000 3.35e-5

0.5058

1.16

0.5175

3.50

0.5290

5.80

4 Conclusions
An inverse radiation problem for estimating the radiative parameters for an absorbing,
emitting and scattering gray material with diffusely emitting and reflecting opaque
boundaries was investeged. The discrete ordinates method was employed to solve the
radiative transfer equation for two-dimensional enclosure. A stochastic particle swarm
optimization (SPSO) algorithm is adopted to estimate the wall emissivity, the scattering
albedo and the scattering asymmetry factor by minimizing an objective function. For the
inverse problem in this paper, it is found that SPSO has fast convergence speed and high
computation accuracy. By using SPSO, the wall emissivity, the scattering albedo and the
scattering asymmetry factor can be estimated properly even with noisy data. In
conclusion, the optimization algorithm SPSO has the potential to be implemented in the
field of various inverse radiation problems.
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