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Abstract: Semitransparent media widely exist in industrial and chemical equipment, and their heat radiative properties
usually play a vital role in studying the heat transfer process in the media. In the paper, an improved stochastic particle
swarm optimization (ISPSO) is proposed to determine heat radiative property parameters of semitransparent media,
i.e. absorption coefficient, scattering coefficient and asymmetry factor, from the angular light-scattering measurement
signals. The results show that compared with the stochastic particle swarm optimization (SPSO) algorithm, the
ISPSO algorithm can avoid the phenomenon of local optima and low convergence accuracy, and reasonable retrieval
results can be obtained even with 5% random measurement errors. Moreover, the robustness of the inverse results is
satisfactory when there are only two parameters needed to be studied. The inverse accuracy will be decreased when
more parameters needed to be retrieved. However, the results are still acceptable even with 5% random measurement
errors, when the absorption coefficient, scattering coefficient and asymmetry factor are retrieved simultaneously. All
the results confirm that the proposed technique is an effective and reliable technique in estimating multiple radiative
property parameters in semitransparent media simultaneously.
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0 Introduction

Radiative properties in the semitransparent me-
dia play an important role in studying the optical to-
mography in medical imaging, laser-based nonde-
structive testing, remote sensing of the atmosphere
and the prediction of the temperature distribution of
high luminous flame''. Generally, multiple radia-
tive property parameters are used to study the semi-
transparent media, e. g. scattering albedo, phase
function, absorption coefficient and scattering coeffi-

cient. The determination of multiple radiative prop-
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erty parameters is regarded as a problem of synerget-
ic reconstruction of multi-parameters, which easily
leads to local optimal solution and multi-value char-
acteristics of retrieval results'**'. So retrieving multi-
ple heat radiative property parameters in semitrans-
parent media accurately is still an unsolved problem
and needs further study.

The laser measurement technology combined
with inverse problem optimization algorithms has
been introduced to obtain heat radiative properties of
semitransparent media. Common measurement la-

sers can be divided into two categories, i.e. steady-
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state laser and transient laser (e.g. time-domain la-
ser and frequency-domain laser)"”’. For supplying
abundant and useful transient measurement informa-
tion about the measured media, more accurate re-
sults can be obtained by using transient laser than by
using steady-state laser, and corresponding tran-
sient laser measurement technology has attracted
widely attention in estimating heat radiative proper-
ty parameters'®”’. Unfortunately, there are also
some disadvantages in transient lasers measurement
technique simultaneously, e.g. complicated optical
layout and time-consuming simulation of transient
radiative transfer equation (RTE) , which means
the technique cannot satisfy the needs of in-situ mea-
suring heat radiative properties of media, e.g. in-si-
tu monitoring heat radiation properties of flame.
Therefore, to find a kind of simple, the efficient and
accurate measurement technique is necessary and
worthwhile.

In present study, the steady-state angular light-
scattering measurement (ALSM) method has been
proposed to retrieve multiple radiative property pa-
rameters of semitransparent media simultaneously,
for it has been demonstrated to provide abundant an-
gular measurement information about the media and
show satisfactory convergence accuracy in studying

the particle size distribution'”’

. The inverse problem
is solved by an improved stochastic particle swarm
optimization (ISPSO) algorithm. The remainder of
this research is organized as follows. First, the
ALSM method is introduced. Then, the conver-
gence properties of ISPSO algorithm are compared
with those of stochastic particle swarm optimization
(SPSO) algorithm, and the radiative property pa-
rameters, 1.e. the absorption coefficient a, the scat-
tering coefficient ¢ and the asymmetry factor g, of
semitransparent media are estimated simultaneously
under different random measurement errors. Gener-
ally, the absorption coefficient shows the absorptive
capacity of the medium to incident radiation energy.
The scattering coefficient shows the scattering ca-
pacity of the medium to incident radiation energy.
For the absorption coefficient and the scattering co-
efficient, the higher the value, the stronger the ab-

sorption/scattering capacity. The asymmetry factor

shows the anisotropic scattering characteristics of
the medium. The value range of the asymmetry fac-
tor g is set as [ —1, 1]. For g=0, the medium is
isotropic scattering. For g<C0, the backscattering of
the medium is dominant. For g=>0, the forward
scattering of the medium is dominant. Finally, the

main conclusions and perspectives are provided.

1 ALSM Method

Fig.1 shows a beam of collimated laser imping-
ing on a slab filled with common temperature, ho-
mogeneous, absorbing, and scattering semitranspar-
ent media. In Fig.1, I is the total incident light in-
tensity; @ the polar angle, which is defined as the
angle between 2 and positive x axis; and L the geo-

metrical thickness of the slab.
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Fig.1 Schematic model of ALSM method

The refractive index of the slab is assumed to
be identical to that of the surroundings and equal to
unity. So the emitting of the media can be ignored,
and the radiative transfer process in the slab can be
described by the one-dimensional steady-state radia-

tive transfer equation (RTE)!™""
d(z,s)

=—(a+t+o)l(z,s)+
dz

S

4;:(\[4n1(z’s”>®(shs)dﬂ{ (1)

where I(z,s) is the radiative intensity in direction s
at location z; @ (s,, s) the scattering phase function,
which describes the probability that heat radiation
traveling in the solid angle d(, around the direction s
will be scattered into the solid angle d@ around di-
rection s. In this paper, to simplify the physical
problem and make the problem trackable, the scat-
tering phase function @(s;,s) is assumed to obey
the Henyey-Greenstein scattering phase function,
and can be expressed as''?

1—g°

D(s;,s)= 4 ,
[1+ g>— 2gcos(s,s)]"”

(2)
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In present manuscript, the boundaries are tak-
en as cold and nonreflecting, and the boundary con-

ditions can be expressed as

I,  60=0

1'(0,0)= (3)
0 0<Cg=90°

I'(L.0)=0 90"<<0<180° (4)

where I (0, ) is the light intensity incident to the
internal media from the left side of the sample;
I (L, @) the light intensity incident to the internal
medium from the right side of the sample. When the
RTE and boundary conditions are solved by numeri-
cal methods such as finite volume method (FVM)
and Monte-Carlo method (MCM), the ALSM sig-
nals 17(0,8) on the left side of the slab and the
ALSM signals I (L, &) on the right side of the slab
can be obtained. In the category of accurate radiative
transfer algorithms, FVM can provide the most
flexible trade-off between precision and computation
time. Thus, in the present study, FVM is em-
ployed to solve the direct problem. The detail of
FVM is available in Ref.[11], and not repeated
here. In this study, «, o and g are the unsolved heat
radiative property parameters in semitransparent me-

dia and need to be retrieved.
2 Inverse Problem Models

2.1 Principle of SPSO

By incorporating swarm behaviors observed in
flocks of birds, schools of fish, and even human so-
cial behaviors, the standard particle swarm optimiza-
tion (PSO) algorithm, first introduced by Eberhart
and Kennedy "' in 1995, is an optimization tech-
nique that can be easily implemented and only needs
to adjust a small number of parameters. However,
since there is only one term which regulates historic
velocity during the evolution process, the particle
can only fly along one direction until it finds a better
solution, which will result in premature conver-
gence. To overcome the difficulty, the SPSO algo-
rithm was introduced, and showed better retrieval
accuracy in solving the problem of estimating the in-
verse radiation"*"",

According to the SPSO algorithm, the veloci-

ty-update formula and the position-update formula

can be described as "’
Vi(t+1)=C, erand, [ P,(#)— X, (£)]+ C,+
rand, [ P, ()= X, ()] (5)

X (t+1)=X,(t)+ V,(t+1) (6)
where rand, and rand, are the two uniformly distrib-
uted random numbers in the range of [0, 1]; C; and
C, the two positive constants called acceleration co-
efficients; P,(z) and P,(¢) the personal best posi-
tion of the 7 th particle and the global best position of
all the particles at the 7th iteration, respectively;
and X,(z) and X,(7+ 1) the old and new position of
the 7 th particle at the zth and (7 -+ 1) th iteration, re-
spectively. The detail description of the SPSO algo-
rithm is available in Ref. [ 14].

2.2 Principle of ISPSO

In original SPSO algorithm, initial positions
are usually generated by random numbers that may
allow some of initial positions too close to each oth-
er. To overcome these difficulties, the chaos theo-
ry, the highly unstable motion of deterministic sys-
tems in finite phase space that often exists in nonlin-
ear systems, is used to initialize the positions of par-
ticles. The chaos theory studies the behavior of dy-
namical systems that are highly sensitive to initial
conditions, the effect that is popularly referred to as
the butterfly effect”’, and the typical logistic map-
ping to generate the chaos signal is described as fol-
lows

(0 )=rand,

r(k+1)=pr(k)(1—r(k)) +F=0,1,--,N.—1

(7)
where rand; is the uniformly distributed random
number in the range of [0, 1]; and u the control
number, when ¢ = 4.0, the logistic mapping is in a
fully chaotic state.

Moreover, the fast information flow between
particles seems to be the reason for clustering of par-
ticles, which will also lead to the diversity decline
rapidly and leave the algorithm with great difficul-
ties of escaping local optima. Therefore, to remedy
this problem, the differential evolution (DE) algo-
rithm is introduced to improve the personal best po-

sitions. The DE algorithm, developed by Storn and
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Price!”

, 1s an evolutionary optimization algorithm
based on population cooperation and competition of
individuals and has been successfully used to solve
optimization problems particularly involving non-

smooth objective function"*""

. The basic optimiza-
tion process in the DE algorithm is carried out by
combing simple arithmetic operators with classical
evolution operators of mutation, crossover and se-
lection to evolve from a randomly generated popula-
tion to a final solution' ",

According to the DE algorithm, the mutant
vector can be generated as''”

P, ou(t)=P(t)FF[P,(t)—P,(t)] (8)
where £, [/, m are random integers uniformly select-
ed from[1, N,]and i 7 £#7 [7 m; and F, the mu-
tant factor, is a real and constant value, F &[0, 2],
which controls the amplification of the differential
variation [ P,(#)— P, (¢)]. In order to increase the
diversity of the perturbed parameter vectors, cross-
over is introduced and the trial vector P, (t)=
(Pitwis Piris P =+ Pon,.ua) can be derived from'""

Pioma(2) rand, (j)<< Cyx or j=rnbr(7)
Pol)= p,(t)  rand,(j)>Cy or j7 mbr(i)
(9)
where rand,(j) is the jth evaluation of a uniform
random number generator, rand4(j)6[0, 1} Cx
the crossover constant Cr &[0, 1], determined by
the user; and rnbr(7) the random integer uniformly
selected from [1, N.]. The detail search procedures
are shown below.
Step 1
ISPSO algorithm, i.e. the total number of the par-

Input system control parameters of the

ticles in the swarm N,, the maximum number of it-
erations N., the number of the inversion parameters
(dimensions) N,, the searching space [low,, high,]
of each inversion parameter, the tolerance for mini-
mizing the objective function value ¢ and the values
of Cy, C,, F and Ck.

Step 2

random positions in the N, dimensional problem by

Initialize a population of particles with

mapping the chaotic sequence, which is generated
by Eq.(13), to the search space. Evaluate the objec-

tive function value of each particle F,,. Obtain the

initial personal best position of each particle P, and
the global best position P,, and record correspond-
ing objective function values pi, and gu. Set the
number of current iteration = 0.

Step 3 whether the

matches one of the following two stop criterions. If

Determine program
so, end the calculation and record the estimated val-
ues; if not, proceed to Step 4.

(1) The objective value of global best position
is less than the tolerance, g <<e¢;

(2) The number of the iteration reaches the
user-defined iteration limit N., iter(z)> N..

Step 4 Update the velocity V, and positions
X, of all the particles according to Egs. (11, 12). If
the new position exceeds the search space, make it
equal to the low or high limit of the search space.

Step 5 Evaluate the positions of particles and
calculate the corresponding objective function values
Foi.

Step 6 Determine whether the objective func-
tion value of each particle is superior to current pi,.
If so, update the value p., and corresponding per-
sonal best position P.,.

Step 7
the particles using Eq. (14). Operate the crossover

Calculate the mutant vectors for all

and calculate the trial vector P, using Eq.(15). Fi-
nally, evaluate the trial vector and compare the ob-
jective function value of the trial vector and that of
the target vector. If the trial vector is superior, up-
date the value p., and corresponding personal best
position P,.

Step 8 Determine whether the objective func-
tion values of the personal best positions py., are su-
perior to that of the current global best position gy
for all particles. If so, update the value g,., and cor-

responding location P,. LLoop to Step 3.

3 Numerical Simulation

In this manuscript, the measurement angles are
set as 0=10°, 40" for there are two parameters
needs to studied, and set as d=10°, 40°, 70° for
there are three parameters, i.e. a, ¢ and g needs to
be determined. The inverse problem is solved by

minimizing the objective function value F;, which
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is defined as the sum of the square residual between
the simulated and measured signal ratios. The math-

ematical expression of F, is derived as

2

i No I( 0,‘ )sim - I( 0i )mez\
Nﬁ = I( 0,‘ )mea

Fnh]: (10)

where N, denotes the number of measurement an-
gles; and I(0,), and 1(0,),.. denote simulated and
measured ALSM signals, respectively. The system
control parameters of SPSO and ISPSO algorithms
are listed in Table 1.

Table 1 System control parameters of SPSO and ISPSO

algorithms

Parameter N, N, N, € C, C, F Cy
SPSO 50 3 3000 10°° 1.0 1.0
ISPSO 50 3

3000 10° 1.0 1.0 0.5 04

Considering that the inverse algorithm is a sto-
chastic optimization method and the optimization
process has certain randomness, all the calculations
are repeated 20 times. Numerical simulation proce-
dure is illustrated in Fig.2. According to the proce-
dure, it can be found that the proposed unsolved pa-
rameters a, o and g are inputted into the radiative
transfer equation. Then, the measured angular light-
scattering signals are simulated by solving the radia-
tive transfer equation. The objective function of the
inverse problem model is established. The inverse
problem model will use its own iteration mechanism
to search for optimal results that minimize the objec-
tive function value. Finally, the optimal results, i.e.
parameters a, ¢ and g, are obtained and outputted.
The standard deviation 7y 1s investigated to evaluate
the reliability and feasibility of the inverse results,

and the mathematical expressions are described as

1 2 _ 5
Nx = %;(Xsimixsim,i)

20

- 1
Xsim:?O >< EXsim,l X: a, o, g

i=1

At first, the performance of the ISPSO algo-

(11)

rithm is investigated through comparison with the
SPSO algorithm. Fig.3 displays the comparison of
objective function values between SPSO and ISP-

SO algorithms.

Proposed:

g Input

RTE, Eq.(1)

!

Measured angular
lightscattering signals

Inverse problem model

Final results:
a,0,8

Output

Fig.2 Flowchart of the whole numerical simulation proce-

dure

3 —a— SPSO, =2 742.54 s
1077 —e— ISPSO, =625.13 s

10’13 -
.10715 L
10—17

0 500 1000 1500 2000 2500 3000
Interation

Fig.3 Comparison of objective function values of SPSO
and ISPSO algorithms

The detailed average searching paths of the
computation process of the algorithms are described

in Fig.4.

Fig.4 Solving paths of calculation processes of SPSO and
ISPSO algorithms

The searching ranges of absorption coefficient
a and scattering coefficient o are all set as [0.01,
10]. The searching ranges of asymmetry factor g is
set as [0.0, 1.0] for the medium in the present
work. The real values for unsolved parameters are
set as a=4, 0=7 and g=0.1. The corresponding

system control parameters are listed in Table 2.
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Table 2 Influence of measurement errors on retrieval results by using ISPSO algorithm

a=4, c=7
Parameter 0% 3% 5%
a 4.004+1.09%x10* 4.0243.56 10" 4.07+6.80X10°°
R, 4.89x10°* 3.83X10°* 6.40X 102
o 7.00+1.66X107* 6.95+5.37xX107° 6.89+9.22X107°
R, 6.77x<107* 5.86X107° 9.74x107*
Parameter a=4, 8701
0% 3% 5%
a 4.004+5.72X10"° 4.0141.44X10* 4.03+3.49X10 *
R, 1.86X10* 7.19X10* 1.30x10"
g 0.104+3.89X10°* 0.104+4.72x10"" 0.104+1.3x10°*
R, 1.28X107° 7.68X107* 2.31x107°
Parameter o=7. §=0.1
0% 3% 5%
o 6.99+1.63x<107° 6.96+3.37X107" 6.95+4.65X107°
R, 3.07X10° 1.29X107" 2.12x10""
g 0.104+£7.89X10° 0.104+1.22X10"° 0.104+1.59x10"*
R 1.47X10°* 1.33x10°° 1.82x10°°

The investigation shows that the objective func-
tion value of ISPSO algorithm converges much fast-
er than that of SPSO algorithm. Moreover, the ISP-
SO algorithm can arrive at lower best objective func-
tion value than the SPSO algorithm within a smaller
number of generations, which means more accurate
results can be obtained by the ISPSO algorithm
with less computing resources and costs. The calcu-
lation time of the SPSO algorithm is four times as
long as that of the ISPSO algorithm. The phenome-
non is more conducive to numerical iterative calcula-
tion, especially in the inverse radiative problem. All
the results demonstrate that the ISPSO algorithm
can avoid the phenomenon of local optima and low
convergence accuracy which exit in the SPSO algo-
rithm.

With the help of the ISPSO algorithm and the
optimized selection principle of measurement an-
gles, the heat radiative property parameters of semi-
transparent media, i.e. @, o and g are reconstructed.
The searching ranges of unsolved parameters and
the system control parameters of the ISPSO algo-
rithm are mentioned above.

At first, only two parameters are studied, and
the effects of different random measurement errors
on the measurement results are considered. In the

present work, the measurement signals with ran-

dom measurement noise are obtained by adding nor-
mal distribution errors to the exact measurement sig-
nals

S = Sexar T 0¢ (12)
where S represents the apparent measurement sig-
nals; and ¢ the normal distribution random variable
with zero mean and standard unit deviation. The
standard deviation of the measurement signals o for
y% measured error at 99% confidence is deter-
mined from

S X y Y6

— Dot 2V 13
4 2.576 (13)

The average retrieval results at different ran-
dom errors are shown in Table 2. It can be found
that there is satisfactory inverse accuracy without
random errors, and the inverse results will be deteri-
orated when more measurement errors added to the
measurement signals. Fig.5 depicts the distributions
of the objective function values and the distributions
of 50 times estimated results with different inverse
errors. The minimum value regions of the objective
function almost tend to a point, which means the
nonambiguity of retrieval results is satisfactory. The
phenomenon means more couples of the parameters
will satisfy the minimum objective function value,
and the solution is not unique. The distributions of

the estimated results disperse with increasing ran-
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dom measurement errors. The larger the random er-
ror is, the more dispersive the distribution will be.
The dispersity of retrieval results for parameter o is

the largest, while that for parameter g is the small-
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Fig.5 Distribution of retrieval results and the objective function values for different parameters

The average retrieval results, standard devia-
tions and relative errors for studying the absorption
coefficient, scattering coefficient and asymmetry fac-
tor simultaneously are listed in Table 3. The retriev-
al accuracy is most satisfactory without random mea-
surement error. Moreover, the retrieval accuracies
are still acceptable even if more random measure-
ment errors added to the measurement signals.
Moreover, the unsolved parameters show similar re-

trieval accuracy under the same random measure-

ment errors, which means these retrieval results
have the same multi-value characteristics.

Fig.6 depicts the distributions of retrieval re-
sults for a=4, ¢=7, g=0.1 with different random
measurement errors. It can be found that the distri-
butions of estimated results disperse with increasing
random measurement errors. The larger the random
error is, the more dispersive the distribution will be.

The dispersity of retrieval results for parameters a

and o are larger than that for parameter g. The phe-



44 Transactions of Nanjing University of Aeronautics and Astronautics

Vol. 40

Table 3 Influence of measurement errors on retrieval results by using ISPSO algorithm

Param- a=4, 6=7, g=0.1 a=7,0=3, g=0.2
eter 0% 3% 5% 0% 3% 5%

a 4.00+1.85X10 % 4.044+4.04X10 % 3.924+1.90X10 ' 7.00+1.14X 10 * 6.93+2.71X10 " 6.88+2.77X10 "

R, 4.47X10°° 1.06X10°*

1.97x10°*

1.12X10°° 1.18X10°* 1.74 X107

o 7.004+3.81X10 " 6.824+2.39X10 " 6.7244.09X 10" 3.00£8.63X 10 ° 2.95+6.19X10 % 2.92+8.52X 10 *

R, 5.06X107° 1.14X1077

2.05X107*

1.81x107° 1.58x107* 2.71X107°

g 0.100+6.84X10 °0.102+5.19X 10 * 0.105+8.90X 10 * 0.200+6.86 X 10 * 0.201+1.71X10 * 0.202+5.68X 10 *

6.54 10" 2.08Xx10°°

8

5.07X107°

2.80x10°° 5.22X107° 1.21X10°*

nomenon means that for a certain parameter g,
there will be more couples of parameters a and o
which match the minimum value of objective func-
tion. Fig.7 shows the distribution of objective func-
tion values, and it is obvious that minimum value re-
gion of objective function is a point, which indicates
that the optimal solution is unique. All these phe-
nomena also confirm the results obtained above.
The present methodology provides a very promising
technique to solve the problem of simultaneous re-
trieval of multiple heat radiative property parameters

of semitransparent media accurately and reliably.

0.20
* Err=0%
0 Err=3%
0.15F A Err=5%

5050
Fig.6 Distribution of 20 retrieval results under different

measurement errors with a=4, ¢=7 and g=0.1

lgFobj -15-14-13-12-11-10-9 8 -7 -5 -3 -1 0

32,

Fig.7 Distribution of objective function values with a =4,
0=7 and g=0.1

4 Conclusions

Combined with the ISPSO algorithm, ALSM
signal is developed to determine heat radiative prop-
erty parameters of semitransparent media simultane-
ously. The angular light-scattering intensity is
served as the input measurement signals to the in-
verse analysis. The result shows that the ISPSO al-
gorithm can avoid the phenomenon of local optima
and low convergence accuracy which exit in the SP-
SO algorithm. The inverse results are satisfactory
even with 5% random measurement errors il only
two parameters needed to be retrieved, and the re-
trieval accuracy will decrease with more parameters
needed to be studied. However, the acceptable re-
sults can still be obtained by the methodology men-
tioned in the manuscript even with 5% random mea-
surement errors. As a whole, the proposed ISPSO
algorithm combined with ALSM signals mentioned
in the manuscript is a promising approach for solv-
ing the problem of multiple heat radiative property
parameters in semitransparent medium simultane-

ously.
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