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Abstract: A hybrid optimization algorithm for the time-domain identification of multivariable, state space

model for aero-engine was presented in this paper. The optimization procedure runs particle swarm optimiza-

tion (PSO) and least squares optimization (LSO) “in series”.

ches for the optimum solution by updating generations.

PSO starts from an initial population and sear-

However, it can sometimes run into a suboptimal so-

lution. Then LSO can start from the suboptimal solution of PSO, and get an optimum solution by conjugate

gradient algorithm. The algorithm is suitable for the high-order multivariable system which has many parame-

ters to be estimated in wide ranges.

4-input 4-output state variable model (SVM) for aero-engine.

tiveness of the proposed algorithm.

Hybrid optimization algorithm is applied to-estimate-the parameters of a

The simulation résults demonstrate thé effec-
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Introduction

Today evolutionary algorithms are widely
researched, such as genetic algorithm (GA)MY,
ant colony algorithm"*', \artificial fish-Swarm al-

B, frog-leaping”algorithm'™, bee swarm

gorithm
algorithm™’, and \particle swarm algorithm"*.
They search for the solution that maximizes or
minimizes a given function in a prescribed search
space. Compared with GA which is widely
used, particle swarm optimization (PSO) is
quite easy to implement and there are few pa-
rameters that need to be adjusted. PSO has
been successfully applied in many areas: func-
tion optimization, artificial neural network
training, fuzzy system control, and other areas
in which GA can be applied.

PSO is a population-based stochastic optimi-

zation technique, inspired by the social behavior
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of bird flocking ot fish schooling. PSO is initial-
ized with a population of random solutions and
searches for the optimum by updating genera-
tions. The solutions are called particles, and
fly through the search space by following the
current optimum particles. Recently, different
hybrid PSOs have been proposed to overcome
the drawback of possible trapping in local opti-
ma'™. Three optimizers based on GA, differen-
tial evolution and PSO are employed “in paral-
le]” to the design of interplanetary trajectories,
and the hybrid approach exhibits good perform-
ance for most of complex problems with a large

number of variables! .

In this paper, a hybrid
optimization algorithm based on PSO and least
squares optimization (LSO) is proposed and ap-
plied to estimate the parameters of a 4-input 4-
output state variable model (SVM) for aero-en-

gine. The two optimizers run “in series”. We
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will use this method to obtain numerical solution
of SVM from the simulation data of a component
level model (CLM) for aero-engine.

PSO starts from a random initial population

If PSO

runs into a suboptimal solution, LSO can start

and LSO starts from an initial value.

from its solution, and reach an optimum.

1 Particle swarm algorithm

PSO learns from the social behavior of
swarm animals and uses it to solve optimization
problems. In PSO, each single solution is a
“bird” and called a “particle”. Particle moves
according to its instantaneous velocity which is
updated every iteration to change its position and
improve the solution. Suppose in a m-dimen-
sional target search space, there are n particles
that form a colony. The position of the ith par-
ticle (i =1,2,°

represented by X;, then X; is a m-dimensional

,n) in the search space can be
vector, X; = [ xi»aizs s T J. Its velocity can
also be represented by another m~dimensional
’ Uim:l.

changed to moeve the particle ‘toward the opti-

vectors Vi = [ vpsTn\ee Velocity —is
mum according to that: (1) the best solttion
Xl that the particle itself has reached in_previ-
ous iterations; (2) the bést solution X € Xihew
that any particle in the population has reached.

Then the particle updates its velocity:
Vi = vl + () X (X — XD +
(C) . X (Xipest — XD Q)
where w is the weighting coefficient, C; and C
are positive cognitive learning factor and social

learning factor. The “ X” is the multiplication

of corresponding parameters of vectors. wv|

is the effect of particle’s current velocity.
(C)) . X(Xieo — XD reflects the cognitive pattern
and the memory of the particle itself. (C) .X
(Xie —Xi) reflects the social pattern and the
effect of the swarm.

At time t+ 1, the position of ith particle

will be
X = X! it (2

The particle keeps adjusting its position in
order to find the best solution of the problem ac-
cording to its own experience and the swarm in-

formation.

2  PSO modeling

SVM is very important in linear system the-
ory. Many control and diagnosis methods for
aero-engine need SVM. So it is valuable to re-
search the estimation of SVM parameters from
CLM for aero-engine. There are many modeling
methods of SVM, such as partial derivative al-

gorithm™, least squares curve fitting algo-

rithm"*", improved least squares algo-
rithm'?, genetic algorithm™?, ete. Most of
these methods are based on-optimization. SVM

built here will-provide plant for the/ design of
multivariable robust ‘control system of aero-en-
gihe. As SVM to be built has more parameters
and can not get satisfied'\solution by the approa-
ches we usually use in Refs-{10-137], which are
applied in the“parameters estimation of 2-input
SVM. Hence-we propose a hybrid optimization
algorithm to run PSO and LSO “in series” and
estimate the parameters from the step responses
data of the component level aero-engine model.
SVM is:

AXy = A+ Ax, + B+ Au

Ay= C+ Ax, + D+ Au 3
where, A is increment symbol. x,= [ N;, N, 7,
N; and N, are fan and compressor rotor speed.
u=[W,As,Gy,G.]" » W is main burner fuel
flow, Ag is nozzle area, Gy is fan inlet guide
vane angle, and G,. is compressor stator vane
angle. y = [N1.N,, Ty, P )T, Ty is the low
pressure turbine exit total temperature, P is the

Then

turbine pressure ratio.

(258} Az by bz b by
A — ’ B = ’
Az Azo b, D2s bos bs4

{ 1 0 0 0 0 0
0 1 0 0 0 0
C= , D=

(31 C32 ds ds; ds; ds,

i Ci2 di dis dis du
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To improve the precision, A and B are opti-
mized first, and then the matrices C and D. The
particles formed by parameters of A and B are
vectors with 12-dimension. The swarm contains
80 particles. The ith particle is
X = [allivalznaznvazz;v

Ditis brgis Disis Diais Doris bogis bosis bzu]-

Then from each particle we can get matrices
A and B. When estimating A and B, let C be an
identity matrix and D be a zero matrix.
Through simulation, we can get step responses
data of CLM. The steps of the 4-input are done
The step magnitudes of inputs W;
Gy and

G,. are zeros at design point, and reach their

respectively.

and Ag are 0. 5% of their nominal value.

maximum value, so the steps of Gy and G, are
—0.5° The output signals are normalized by
their design point data and saved as Nl . N'z , T,ls .
P.. Apply the step signals with the same mag-
nitude to each SVM formed by particless—and
the output data are saved as Ny, +N,,s Tizps Pi,.
The responses of SVM are linear responses, If
the linear responses of SVM formed by-the best
particle can follow the respgnses of CLM, SVM
is a linearization of aero-engine.

When calculating Aland B, we use-only the
responses of N; and Ny. Then model parame-
ters of A and B can be fotind by minimizing the
2-norm of the responses errors between CLM
and SVM. The cost function is,

I = min ) )

=1 k=

~

N, [E]D? (Kbp[k]—ﬁzp[k])z
gll) ggp

(N, [k]—

D
where the subscript p = 1,2,3,4 is correspond-

ing to step responses of Wi, Ag, Gy, G, respec-

tively. L is an integer value related to the time.
g1, = Nyj,[ L] and g2, = Ny,[ L] are scaling fac-
tors, 1. e. the static value of responses.

If the cost function is minimized, then the
responses errors between CLM and SVM are
minimized in 2-norm. Let the weighting coeffi-

cient win Eq. (1) vary with time,

w( t) = Whax — L X (u'max - wmin)/tall (5)

where wy. and w,, are the maximum and mini-
mum weighting coefficients. t, is the evolution
time. Then at the start of the evolution, the
weighting coefficient is relatively big and the
particles can converge to the best solution quick-
ly. At the end of search, the weighting coeffi-
cient is relatively small and the particles can
search carefully around the best solution.

To avoid getting into local optimum, after
certain time, small magnitude random disturb-

ance is added to the position of particles. The

probability of position disturbance is 50% ,
X = X" X[ ones(1,m) — E],

E=[eg.8," .z,
e |[<< 8 j=1.2.44.m (6)
where ofies(1, m) is a unit\vector of 1-row and
myColunin, ¢; is a random number. & is a very

small pesitive number, here 6'= 0. 005.

3 LSO modeling

Least squares estimator is widely used and
offers computational and theoretical advantages.
As a classical data processing method, least
squares algorithm is applied to lots of engineer-
ing domain, and it is a main approach to esti-
mate parameters from the test data.

In a nonlinear least squares problem,
F(x) =[filx),, f(o0]"

where f;(x) (i=1,2,++,¢ is a vector function

of x & R™".
Finding a vector x that
min S(x) 7
x€R"

| F(x

¥

q
S(x) = D) filx) =
i=1
This is called a nonlinear least squares minimiza-
tion problem.

that makes f(x") = 0

If there exists x”

then
| F(x") [i=0
For
Vxe R", S(x)= [ F(o|[}=o0,
S(x") = min S(x) = min || F(x) |} (8
x€R™ x€R"
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Then S(x) gets the minimum value at x”. the maximum value of particle position X, =
x" is the least squares solution of F(x) = 0. 5 Xones(1,12) , the minimum value of particle
To get the least squares solution, let position X, =—5 X ones(1,12) , the maximum
VS(x) = 0 (9) velocity V. = 0.2 X ones(1,12) , the minimum
where VS(x) — 2DF(0)TF(x) » then velocity Vpn =— 0.2 X ones(1,12) , where
T ones(1,12) is a unit vector of 1-row and 12-col-

DF(x)'F(x) =0 (10)

Which can be written as
[V i(x), Vi (x)]F(x) =0 (1)

The least squares solution in Eq. (11) is the op-
timum solution of the least squares problem in
Eq. (7). In nonlinear problem, the main meth-
ods are Newton-Raphson ( N-R) algorithm,
Gauss-Newton (G-N) algorithm, and Leven-
berg-Marquarat (L.-M) algorithm. Those meth-
ods all belong to conjugate gradient algorithm.
They all must start from certain initial value
x, €ER", and process iterative search following
the steps:

(1) Select the descent direction P, that
makes VS(x,)TP, < 0;

(2) Select step factor a ,~let x; =-x, + aPos
and SCx;) < S(x) 5

(3) Take-x, as the first approximation-of
x", and replacé x, with x; .\ go back to step~€2)
until convergence rule 1s satisfied.

The initial value x)directly influences the
convergence velocity and thé optimum solution
obtained.

Let

x=[ansazsa:»dz s
bii s bz s bis s big s boy s bos s bos 5 by ]
fi(x) = 8, (x)
j=1,2; k=1,-,L; p=1,2,3,4

Sy (x) = (Ny,Lk]— Ny, [ED /g1,

S () = (Ny,Lk] — N[k / g,
(12>
Then the least squares index of Eq. (12) equals
to Eq. (4) and from its best solution x" , we can

get matrices A and B.

4 Simulation

Let PSO runs up to 1000 generations, set
the maximum weighting coefficient wy = 0.9 ,

the minimum weighting coefficient wy, = 0.4 ,

umn. The positions and velocities of the initial
generation particles are generated randomly
within these ranges. Then we can start our
PSO. The cost function changing with the itera-
tion is shown in Fig. 1. Because the cost func-
tion varies in a large range, the vertical scale is
the logarithm of the cost function. Referring to
Fig. 1, after the evolution runs up to 500 gener-
ations, the cost function doesn’t change much,
and the best J=19. 68, It implies that,PSO con-
verges to its optimum. We can/get matrices A
and Bfrom the-optimum particle. fet C be an i-
dentity matrix and D be a zero matrix, then we
get a SVM with Nj and\ N, as its outputs. N
responses-of CLM and SVM-are shown in Fig. 2.
N:-responses-6f CEM and SVM are shown in
Fig..3. In these figures, “~" denotes the re-
sponse of CLM and “—7” denotes the response of
SVM. Referring to Fig.2 and Fig. 3, the re-
sponses errors between SVM and CLLM are not

acceptable.

10°

100 200 300 400 500 600 700 800 900 1000
lteration

Fig. 1 Cost function of PSO

LSO is sensitive to its initial value. If the
initial value is unreasonable, it is difficult to get
an optimum solution. When there are many pa-
rameters to be estimated, it is difficult to set
them all reasonable. Therefore, LSO is adopted
“in series” with PSO, and takes PSO optimum
solution as its initial value. This forms a hybrid

optimization algorithm,
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L.-M algorithm is an extension of G-N opti-
mization technique. It is more powerful and sel-
dom stuck in the local minima. So we use the
standard L-M algorithm to solve the least
squares problem in Eq. (12). Then matrices A
and B can be gotten from the optimum solution
of hybrid optimization algorithm, and J=5. 37.
N, responses of nonlinear and linear model are
shown in Fig. 4. N, responses of nonlinear and
linear model are shown in Fig.5. We can see
that the dynamic responses errors between the
nonlinear and the linear are reduced and accepta-
ble.

When estimating the parameters of C and
D, the matrices A and B are already gotten by

hybrid optimization algorithm. The particle

(e} (;‘w step

Fig. 4 Nj responses of hybrid optimization algorithm
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Fig. 5 N, responses of hybrid optimization algorithm

formed by the parameters of C and D is X; =
[ Gs1is Gaain Ciris Cioio dsiis dsois dssis dsais ditis dizis
disis diy; ] . Then Cand D can be obtained by hy-
brid optimization algorithm and form the final
SVM with A and B. The responses of SVM and
CLM of T4 and P, are shown in Fig. 6 and
Fig. 7. Referring to Fig. 6 and Fig.7, we can
see that the responses of SVM fit the responses
of CLM well. SVM obtained by hybrid optimi-
zation algorithm is valid.

To demonstrate the ability of hybrid optimi-
zation algorithm, we do some further tests a-
bout the approach. Here we use PSO, LSO and
hybrid optimization algorithm to estimate the pa-
rameters of aero-engine within different ranges.
When estimating parameters of A and B, let the
parameters vary with [—10,10] , PSO gets J=
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algorithm can get a satisfied solution.
/'
]/' Table 1 List of J gotten by LSO with random
—T, initial value within [ —10,10]
______ Ty
3 2 6 No 1 2 3 4 5
A sep J 758 5.65  Inf  23.99  5.76
No 6 7 8 9 10
: k* J 5.52 334. 81 Inf 22. 80 9.77
jf:"' No 11 12 13 14 15
oo J 1073 5.42  17.57  5.59  9.00
© G, step ) {;\ﬁtpp No 16 17 18 19 20
J 5.37 5.69 15. 11 5.38 7.24

Fig. 6 Ty responses by hybrid optimization algorithm
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Fig. 7 P, responses by hybrid optimization algorithm

40. 02. Hybrid optimization algorithm gets J=
5.37. Run LSO 20 times with a random initial
value within [—10,10] , the list of J gotten by
LSO is shown in Table 1, where “Inf” refers to
the value greater than 10".

When the parameters vary within [ — 20,20 ],
PSO gets J=53.65, hybrid optimization algo-
rithm gets J=5. 37, the list of J gotten by LSO
starts from the random initial value within
[—20,20] is shown in Table 2.

When the parameters vary within [—100,100 ],
PSO gets J=476. 35, hybrid optimization algo-
rithm gets J=05.42, and LSO can not finish 20
times search with program error arising.

The results show that when the parameters
vary in a wide ranges, neither PSO nor LSO can

get satisfied solution, but hybrid optimization

Table 2 List of J gotten by LSO with random
initial value within-=—20,20]

No 1 2 3 4

(o]

J 1986.59 16.03\ 31.93  49.60 Inf

No 6 7 8 9 10
¥ Inf 21.35 Inf Inf 21.22
No 1 12 13 14 15
J 30.66  14.39  22.51  21.34  33.24
No 16 17 18 19 20
J 49.83  25.18  59.30 100.70 Inf

5 Conclusion

A hybrid optimization algorithm based on
PSO and LSO is proposed in this paper to esti-
mate the parameters of SVM for aero-engine.
The global searching ability of PSO is used to
get an initial value for LSO. LSO starts from its
initial value and follows I.-M algorithm to get an
optimum solution of SVM. When the single op-
timization algorithm can not get a satisfied re-
sult, hybrid optimization algorithm is a good al-
ternative. When applied to parameters estima-
tion of SVM for aero-engine, it gets satisfied re-
sult. This hybrid optimization algorithm can be
used to other parameters optimization problems
especially in complex problems with a larger
number of variables to be optimized and varia-

bles varied in wide ranges.
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