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Adaptive Fuzzy Gain Scheduling in Guidance System Design
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and
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A dynamic backpropagation training algorithm for an adaptive fuzzy gain scheduling feedback control scheme
was developed. This novel design methodology uses a Takagi-Sugeno fuzzy system to represent the fuzzy relation-
ship between the scheduling variables and controller parameters (Takagi, T., and Sugeno, M., “Fuzzy Identification
of Systems and Its Applications to Modeling and Control,” IEEE Transactions on Systems, Man, and Cybernetics,
Vol. 15, No. 1, 1985, pp. 116-132). Direct realistic extension applicable to the guidance system design is introduced.
This application relates to terminal guidance design for guided missiles. Mach number, altitude, and time to go
are used as measured, time-varying exogenous scheduling variables injected into the guidance law. Results from
homing-loop simulations show that the presented approach offers better terminal guidance performance than the
conventional proportional navigation guidance design, that is, less control effort and a smaller miss distance.

Nomenclature

missile acceleration command
missile lateral acceleration

target lateral acceleration

missile altitude

aerodynamic turning rate constant
proportional navigation ratio
differential operator, d/d¢

radome refraction slope error
autopilot time constant

guidance filter time constant

time to go

seeker tracking loop time constant
missile speed

boresighterror

learning rate of the parameter update algorithm
line-of-sight (LOS) angle

LOS rate command

membership function

weighting factor

adjustable variable

sampling period
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I. Introduction

HE concept of gain scheduling, originated in connection with
the development of flight control systems, is an effective way
to control systems whose dynamics change with the operating con-
ditions. This technique uses process variables related to dynamics
that compensate for the effect of working in different operating re-
gions. It is normally used in the control of nonlinear plants where
the relationship between the plant dynamics and operating condi-
tions is known and for which a single linear time-invariant model is
insufficient.!~
Gain scheduling design involves three main issues: operating re-
gion partitioning into several approximately linear regions, local
controller design in each linear region, and controller parameter
interpolation between the linear regions. A gain-scheduled control
system can be viewed as a feedback control system in which the
feedback gains are adjusted using feedforward compensation. The
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main advantage of gain schedulingis that controller parameters can
be adjusted very quickly in response to changes in the plant dy-
namics. Conventional autopilot gain-scheduled designs for tactical
missiles may be found in Refs. 4-7. The H,, methods can also be
applied to treat the autopilot gain-scheduled design problems

The main drawback of most conventional gain scheduling (CGS)
is that the parameter change may be rather abrupt across the re-
gion boundaries, which may resultin unacceptableor even unstable
performance. Another problemis that accurate linear time-invariant
models at various operating points may be difficult or impossibleto
obtain. As a solution to this problem, a fuzzy gain scheduling (FGS)
method has been proposed that utilizes a fuzzy reasoning technique
to determine the controller parameters.'® With this method, human
expertise in the linear control design and CGS can be represented
by fuzzy rules with a fuzzy inference mechanismused to interpolate
the controller parameters in the transition regions.>!!

Takagi-Sugeno'® fuzzy models provide an effective representa-
tion of complex nonlinear systems in terms of fuzzy sets and fuzzy
reasoning applied to a set of linear input-output submodels. Based
on each model, FGS controllers are facilitated using linear matrix
inequality methods.!> An H,, gain schedule using fuzzy rules was
also proposed in Ref. 13 to ensure stability and performance ro-
bustness. As for applications, the FGS technique has been used in
vehicle guidance design'* and aircraft flight control design.!>!6 A
robust fuzzy gain scheduler has also been designed for an aircraft
autopilot system.!”

Neural network gain scheduling(NNGS ) could incorporatelearn-
ing ability into gain scheduling control.* The training example con-
sists of the operating variables and control gains obtained at various
operating points and their correspondingdesired output. Compared
to the FGS technique, the main advantage of NNGS is that it avoids
the need to manually design a scheduling program or determine
a suitable inferencing system. NNGS techniques may be found in
various fields such as hydroelectric generation'® and aircraft flight
control systems.!”

In summary, the major difficulties in applying FGS consist of
1) difficulty in specifying appropriate fuzzy rules and membership
functions and 2) dependence of performance of the gain schedule
on the accuracy of the missile guidance and control system model
under each flight condition. For NNGS, the major difficulties are
1) appropriate network size selection and 2) difficulty in adding the
designer’s expertise to the existing network when necessary.

This paper proposes a methodology for controlling a class
of dynamic systems using an adaptive fuzzy gain scheduling
(AFGS) technique. This novel design methodology uses a Tagaki-
Sugeno'® fuzzy system to represent the fuzzy relationship between
the scheduling variables and controller parameters. A particular
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compensation strategy is used to design the AFGS guidance law,
which is a variant from the conventional proportional navigation
guidance (PNG) law. Traditionally, the guidance and control gains
are switched along the missile trajectoriesaccording to a functionor
atablelookupbuiltin the computer. Unlike conventionaldesigns, the
proposed novel technique offers the advantage of performance im-
provement for ill-defined flight dynamics through learning using an
adaptive fuzzy inferencing technique. Rapid adaptivity to environ-
mental changes makes this technique appropriate for the guidance
and control systems in coping with aerodynamic changes during
flight.

II. AFGS Control Scheme

Consider the general AFGS control scheme shown in Fig. 1. The
dynamic nonlinear system to be controlled is described using the
following state-space equations:

x = flx(), u()] (1a)
y = glx(®] (1b)
w = hlx(1)] (1c)

where x is the state variable vector, u is the control command, y
is the plant output, w=[w; --- w,]” is the scheduling variable
vector that correlates well with the change in the plant dynamics.
In Fig. 1, r is the tracking command, e = r — y is the tracking error.
We consider an adaptive gain-scheduled controller described by

u(p) = C(p)e(p) (2)
where the transfer function C(p) is defined by

Clpy= 2ol H b ¥ty 3)
Pl a - p T+t ap+a

The objective of this controlleris to minimize a predefined perfor-
mance measure for the closed-loop system based on the information
provided by the scheduling variables. The controller is trained us-
ing a set of controller parameters (ay, a1, ..., a,_1, by, by, ..., b,)
tuned at various operating points determined by the variable w. A
fuzzy logic-based, adaptive parameter adjustment rule will be pro-
posed in the following paragraphs to train the controller.

For the continuous-timecontrol scheme shown in Fig. 1, the per-
formance measure is defined by integrating the combination of the
tracking error and control command over [, ] as follows:

J = %/ [e*(z) + pu’(z)]de @)

where the scalar p is included to weight the relative importance of
the tracking error and the control effort.

To characterizethe adaptive, fuzzy logic-basedcontroller,a group
of adjustablevariableso;; areintroduced.These variablesare used as
the consequentfunction parameters for the fuzzy rules. The gradient
descent algorithm is then used to derive a generalized backpropa-
gation training algorithm:

AU[] = —Uva,-,f, Vi, j 5)

scheduling variables

performance
measure
w
parameter
adjustment
. . i= e |
u=C(e,u,w) y=g(x) y
B w=h(x) >
X
plant

AFGS controller

Fig.1 AFGS control scheme.

where Aoj; = 0j;(t + 7,) — 0 (¢) and the gradient V,,,, J =9 J /d0;;
is calculated using the chain rule:

aJ du ! dy ou
+——= —e(t)— + pu(r)— | dt

du d0;; o doj; doj;
(6)

aJ  aJ dy

To complete the derivations, 0y/do;; and du/do;; must be found.
For the nonlinear dynamic system (1), we have

ay 0g(x) ox
2oy = ax o >
ij ij

Note that if the precise plant model is not known, the gradient vec-
tor dg(x)/dx can usually be approximately calculated using the
perturbationmethod, that is, dg(x) /dx ~ Ag(x)/Ax. From Eq. (7),
the problem is transformed to obtain the derivative dx/d0;;. From
Eq. (1a), taking the derivative dx/do;; with respect to ¢ produces
the gradient dynamics

d( ox 0 . af (x,u) ox af (x,u) ou
—(=)=—i= — - ®
dr Bcr[j Bcr[j ox Bcr[j ou Bcr[j

The values of the Jacobian matrix df(x,u)/dx and the gradi-
ent vector df (x, u)/du can also be approximated using the per-
turbation method. Next, we evaluate du/do;; and then proceed
with solving the differential equation (7) to obtain dx/do;;. Since
u=u(e,w,o;), thus

ou _ du(oi;) ou ow ox ou de dy dx _ du(o;;)

aa‘u aa‘u an ox aﬂ‘u aﬂ‘u

n ou dh(x) Ouadg(x) | ox
ow ox de 0x [0doj;

ow 0x doj;

©

Combining Egs. (8) and (9) yields

A ox ) _ [of@w  ofcw ] dudht)  dudgw)
dt\do;; ) dx du [ow dax  de ox

< B_x + of (x, u) du(oi;) (10)
doj; ou doj;

For this differential equation, dx/do;; is viewed as a state variable

vector.

A Takagi-Sugeno!'® fuzzy model is used next to represent the
fuzzy conditional statement between the scheduling variables and
the controller parameters. This model provides an effective repre-
sentation of the complex nonlinear relations in terms of fuzzy sets
and fuzzy reasoning applied to a set of input-output data. In this

approach, the scheduling variablesw;,i =1, ..., m, are used as the
inputs, and the outputs are the parameters of the linear dynamic con-
troller, that is, a@;,i =0,1,...,n—1,and b;,i = 0, 1,...,n. The

complex relationship between these factors is constructed through
a set of fuzzy rules.

To facilitate the adaptation of the Takagi-Sugeno fuzzy model,
the fuzzy model is placed into the framework of adaptive networks
so that gradient vectors can be computed systematically. For a first-
order Takagi-Sugeno model, the ith fuzzy rule takes the following
form. . .

Ifwy is LW, and- - -and w,, is LW, , then

i i i i
a = ow; + a,wy + +o,w, + oy,

b[ =/3[11'01 +/3éw2+'"'+/3511w111 +/Bf”+1 (11)
wherea=[a§j aéj afu.]T,B=[ﬂfj ﬂéj ﬂén+1>j]T’LW§'

is the notation for the fuzzy sets defined over the domain of the
scheduling variable w, and a‘j and b‘j, defined next, are the linear



LIN AND SU 685

combinations of wy, ..., w, with the coefficients ai,q and f!

i
rs?

respectively,
a o o o ol wi
0 11 12 1m 1(m+1) w
i i i 2
i i i i i
; a, Oy Oy Dom X g1y
a = . = . . . . :
. . . . . w
al o o e gl o n
n—1 nl n2 nm n(m+1) Wiy 41
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i i i . i i
b(J ﬂll ﬂlZ ﬂlm ﬂ](l!l+1)
i i i . i i
b[ b] ﬂZl ﬂ22 ﬂZm ﬂ2(1n+1)
i i i i i
_an Lﬂ(11+1)1 ﬂ(ll+1)2 ﬂ(ll+1)l!l ﬂ(il+1)(l!z+1)J

X
S —

wlll
Lwlll +1
inwhichi=1,...,1, w,,, =1, a’ (V") indicatesthe firing strength
contributed by the ith rule. In this rule, elements of the consequent
parameter vectors o, ..., &l and B, ..., 8] are viewed as the
adjustable variable o;; in Eq. (5). Note that the use of a functional
consequence simplifies the inferencing stage because the defuzzifi-
cation process is avoided.

An equivalentrepresentation for the controller C(s) is shown in
Fig. 2. In Fig. 2, ay, ..., a,_ and by, ..., b, are the controller pa-
rameters to be adjusted such that the performancemeasure J is min-
imized. Using the Takagi-Sugeno inference mechanism, the fuzzi-
fized parameters a;, j=0,1,...,n—1, and b;, j=0,1,...,n,
can be expressed by the weighted sum of all strengths of the fired
rules, which takes the following forms:

! !
a; =Y ild, b=y Wb} (12)
i=1 i=1
where w' denotes the normalized firing strength.

We now proceed to find the derivative du(o;;)/d0;; of Eq. (9).
Referring to Eq. (12) and Fig. 2, the derivative can be found using

Fig.2 Schematic of AFGS controller.

repeated applicationsof the chainrule. The derivationsforo = «,
can be generalized as

du  du 3¢, da,_, 4, _,
dai, 3¢, da, y dal_, d

Pq 1 prq

Z(bp—l +b0tp_1) % ’D[wq

aap —1

p=1,...,n, g=1,...,m+1, i=1,...,1 (13a)

ou du db,_; b _, o _,
= w wS

OB,  0b,i0b_, OB, b,

r=1,...,n+1, s=1,...,m+1, i=1,...,1 (13b)

Dynamic controllers are composed using proportional terms, in-
tegration terms, or derivative terms. The compensation approach
just developed can be used especially for closed-loop systems with
lower-order compensators such as proportional integral derivative
or lead-lag networks. For these situations, the parameter update
algorithm would be simpler.

The adaptive nature of AFGS renders it fundamentally different
from the traditional gain scheduling schemes. The major advantage
is that it avoids the need to manually design a scheduling program
or to determine a suitable fuzzy inferencing system. Moreover, be-
cause the parameters are adaptable, AFGS is more flexible than the
traditional gain scheduling in the sense that it is not tied to a par-
ticular system dynamics and, therefore, does not require significant
modification if the plant is altered. It can, thus, be expected that
the controller becomes more robust and more insensitive to plant
parameter variations. In addition, unlike the traditional FGS, the
nonsmoothness of the membership function will not degrade the
performance significantly because we are changing the parameters
of the dynamic controller, not the equivalentfuzzy gain.

III. AFGS Guidance

FGS Guidance Law

The developmentof an appropriate gain-schedulinglaw is crucial
to the performance of a scheduled system. It is quite often either
difficult to find or too complicated to design CGS law. However,
this problem can be resolved using fuzzy inference techniques. In
FGS guidancedesign, the scheduling variables are takenas V,,, H,,,
and T,,. The inference engine generates the proportionalnavigation
ratio N and guidance filter constant 7,.. They are used as a function
of T,, to optimize the tradeoff between engagement performance
and homing-loop stability.

In the following application, three term sets describing for the
scheduling variables V,,, H,, and T, are, respectively, defined in
the following:

TVm = {A17A27A3»A4»A5}» THm ={B1»B2»B3»B4»B5}

TTgo ={C, G, G5} (14)

where A;, B;, and C; are the fuzzy sets that are characterized by
certainmembership functions.For the purposeof theoreticalstudies,
the physical domain over which the scheduling variable V,, takes its
crisp value is supposed to be [1.6, 2.2] Mach. The domain for H,,
is [5.0,12.5] km and the domain for 77, is [0, 10] s.

Based on the notation introduced earlier, the AFGS rule base
contains a set of FGS rules in the following form.

If v, is A, and H,, is Bj., and T, is C!, then

N'=piV,, 4+ q{H, + 1Ty + s,

T! = pyVy + @3H, + 1Ty + 5, I=1,...,75 15

where (V,,, H,,, T,,) is the scheduling vector that best fits the de-
scriptionin the premise part of the rule, and p!, ¢, rl, s!, p}, g}, rl,
and s} are the consequent function parameters. The outputs N’ and

T! for this rule are the inferenced guidance parameters.
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Fig. 3 Structure of FGS guidance parameters.

To facilitatethe adaptationof the gain schedulingguidancemodel,
it is convenientto put the fuzzy model into the framework of adap-
tive networks that can compute gradient vectors systematically. The
resultant network architectureis shown in Fig. 3. We denote / O; as
the output of the ith node in layer j. The node functions of each
layer are described as follows.

1) Each node in layer 1 generates the membership grades for the
scheduling variables V,,, H,,, and T,:

! O, = My (Tgo)

k=1,...,3 (16)

YO = pa, (V). 10 = g, (Hy),

ij=1...5,

where the membership functions 4, (+), s, (+), and ¢, (+) are de-
fined as follows:

2P
MA,-<v,,z)=1/{1+[<M>} }
a;

Hy—c V|
/’LB/(Hllz):l/{1+[<ma—cj>:| }a la]=1,,5
J

Tw—ca ) |
MCk(Tgo)Zl/{1+|:<goa_Ck>:| }, k=1,...,3
k

in which the parametersa and c are, respectively, the width and cen-
ter of the membership function and b is the slope of the membership
function at the crossover point. A desired membership function is
obtained using a proper parameter set (a, b, c). Figure 4 shows the
bell-shaped membership functions considered in this research.
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Fig.4 Membership functions describing the scheduling variables V,,,
H,,, and Tg,.

2) Each node in layer 2 calculates the firing strength of each rule
via multiplication:

20" = w' = [ | sa, (Vs (Hodpsc, (Tyo). I=1,...75
ijk

amn

3) The ith node in layer 3 calculates the relative firing strength of
the ith rule to the sum of all rules’ firing strengths:

30! =T(w') = o = wl/Zwl,
I

4) The ith node in layer 4 has the following node function:

I=1,...,75 (18)

‘ol=w' fl=w' (piV, + g H, +ri Ty +st), I=1,...,75

Os = fl=w PV + s Hy +1iT +58),  1=1,...,75
(19)

5) The nodes in layer 5 yield the guidance parameters N and 7:

N=3%0,=) %0l T.=°0,=) ‘0, I=1,...75
1 1
(20)

We have constructed an adaptive network thatis functionally equiv-
alent to a Takagi-Sugeno fuzzy model. The consequentfunction pa-
rameters are regulated by the learning algorithmpresentedin Sec. IT
when the input information is provided.

Adaptive Guidance Parameter Update Law

It was known that the effective navigation ratio N, which varies
due to changes in the flight conditions, is one major determinant
for missile homing performance. Another major determinant is the
guidance filter time constant 7. These determinants are usually se-
lected to compensate for the stability problem caused by radome
error and for various flight conditions to generate the best engage-
ment performance.

In general, the guidance system designer attempts to keep the
effective navigation ratio as small as possible to meet the stability
requirements and yet large enough so that homing will be effective.
To cope with the stability problem caused by negative radome er-
ror, the guidance system time constant is generally made larger at
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Fig.5 Simplified homing loop with AFGS guidance law.

higher altitudes. The penalty for such a decision is that the miss
distances tend to increase as the guidance system time constant
increases. From another viewpoint, the guidance filtering must be
heavy enough to smooth the missile’s flight. It reduces the general
motion due to large random accelerations responding to the noise.
Yetthe filtering must be lightenoughto allow quick missile response
when neededto correct for heading errors or to chase a maneuvering
target.

The preceding developed result can be extended to design an
AFGS guidance law. This is a variant from the conventional PNG
law described by

= [NV,/( + T.9)I% @1

with N and 7T, being functions of the scheduling variables. The
learning rule for this guidance law is the backpropagation gradient
descent algorithm described in Sec. II. The principal elements of a
simplified missile guidance system model with an AFGS guidance
law is shown in Fig. 5. In Fig. 5, the external noise n is composed
of glint, receiver, and fading noises. The seeker model is completed
by developinga simplified tracking and stabilizationcontrol system
in which 6,, is the missile body angle and 6, is the seeker gimbal
angle. For more details aboutthis missile systemmodel, see Refs. 20
and 21.

To minimize the kinetic energy loss over the homing phase and,
hence, to maximize the terminal speed, the guidance command pol-
icy is derived by selecting the commanded accelerationto minimize
the following performance index:

1 t
Iphod o pboatr) = 3 [ A (hhr P e @2
10

The AFGS guidance command can be written as
Ac(pisats s by as.rh) = {1/ [1+ T.(ph 43, r3) ]}

XN(p{,q{,r{)VCi (23)

Withreferenceto Eq. (20), the fuzzy gain-schedulednavigationratio
and guidance filter time constant are, respectively, given by

= Ny + Z
Top + Z

To simplify the adaptation, the biased terms have been adopted in
Eq. (24) to replace the terms including s{ and sé in Eq. (19). Because
K, varies with differentvelocitiesand altitudes, V,, and H,, are used
as the scheduling variables in the AFGS guidance law. For notation
simplicity, the arguments for N and 7, will be omitted in the sequel.
To constructthe parameter update law, the autopilotis viewed as a
dynamic plant to be controlled by the guidance law. The state-space
representation for a first-order autopilot can be expressed as

X = _(1/Ta)x + Aca Am = (1/Ta)x

Figure 5 is a schematic diagram of the AFGS guidance system.
Based on these expressions we proceed to derive the parameter
update equations. First, the partial derivative of J with respect to
the parameters p{, q{, and rf are, respectively, obtained as

N(pl.ql.r! PV, +qlH, +rT,) (24a)

T.(ph. g, rt) (PLVin + gL H, +1iT,,) (24b)

aJ "9A, aJ 94,

— 2/ AC—I dr, 7 =/ A, 7 dr

ap, 1 ap, 9q, 10 9q,
aJ " BA.
— = A—dr (25)
arl 0 arl

where A, /dp! is determined via the following derivatives:
04, 9A.(p}) LA 930, 6,)
opy op, on  0p

= A0V, V.

A, (ai x de

ax 36,, ) 9A,, dx
I

96, 9A, apt

m

A de dA,, ax ap!

Ay 0x

AW Vm Vc +$(X)F
1

with

1 94, ( 2 9

b L ok 03 30,
o L34 or
T, 5. \_ 2RMTox ' 3, 94,

and 8x /dp, being the solutionto the following differentialequation:

d [ ox 1 8x+8AC 1 +E() 0x +3L"VV
—_— = ——— = | —— X)|— w Vi Ve
dr \ ap! T, 9pt  ap! T, ap!

and RMT is missile-target relative range.
Similarly, dA,/d¢! and dA,/dr! are determined from
0A., & 0A,

_ £(x) 0x
m £ 0 c X
Bq{ or ’ Br{ . Br{

with dx/d¢! and dx/dr! being, respectively, the solutions for the
following differential equations:

Ly ias L + £(x) D AW H,V,
=1 X w iy, Ve
dr aql T, Bq{

d (o =+ TV,
——=)=|-= X)) |— w
dr Br{ 1
Similarly, the parameter update equations for the guidance filter
time constant 7, are determined from the following derivatives:

aJ OdA, aJ 94,
! = / AC 1 T, 1 = / AC 1
ap; 1 ap; 94, 10 94,

aJ " 8A.
— = / A —dr (26)
8r2 o
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where dA./dp), 8A./dq}, and A, /9r} are determined via

aAc NVCVm —l)\' +$( )
= X
ap, T? P!
DA NVeHy o 0
=——w xX)—
34, T2 3}
DA NVTw i B8
e _ Tl =
arl T? arl

with dx/dpl, 8x/dq}, and dx /9r] being the solutions to the follow-
ing differential equations, respectively:

d ([ ax 1 e )' 0x  NVVi s,
_— )= X)|— — ————w
dr apé T, 1 apé T?

d [ ax 1 e )' 0x  NV.H, .,
S (N T D N I
dr aqé T, 104! v

d ( x 1 e )' ax
()| L e [ e
dt \ ar} T, lork T2

Constrained Parameter Update Algorithm

To avoid causing the stability problem and to not override the
flight control system, the elements used to construct the guidance
system should be strictly limited. For example, given K, and ran-
dome reflection slope error (RR), the range for the achievable guid-
ance time constantcan be determined on the basis of useful stability
criteria2? Suppose here those reliable values of N and 7, are re-
stricted in the following constraint sets:

Nmin SN(U[j)SNmax» T

Cmin —

< T(o;y) = T.

‘max

The two inequalities can be equivalently expressed as

|N(U[j) - Nmidl = (Nmax - ]Vmin)/2
= T = (T = T /2 @7
where Nmid = O-S(Nmax + Nmin) and Tcmid = O-S(Tfmux + Tfmm)

From Eq. (27), the consequent parameters p', gl, ri, pl, ¢},

and r} for the AFGS guidance law should be restricted to the fol-
lowing convex sets:

Nlnin)/2]2 = 0}
(28a)

To)/2] <0}

(28b)

Sy =101 | gn (0:)) = [N (©03)) = Nowia > = [(Nina —

0 I [

S ={o; | gr.0) = [Tet01) -

A simple saturation of just the guidance parameters N and T
alone could provide an absolute guarantee that they would stay be-
low the given boundary. However, because the output of AFGS is
saturated,it will nolongerreflect the changesin the consequentfunc-
tion parameters. Therefore, the adjustment laws will keep adjusting
the parameters with no apparent improvement on the performance
cost minimization. To manage the constraints while minimizing the
cost function, a confinement algorithm based on the gradient pro-
jection algorithm? is derived in the following.

First, as the current parameter o;; is in the interior of Sy (Sz,),
the unconstrained algorithm described by Eq. (5) is used. If the cur-
rent parameter is on the boundary of Sy (S7.), that is, gy(0;;) =
0[g7.(0;;) =0] and the direction of search given by the un-
constrained algorithm is still pointing inside Sy(Sz,), that is,
—VJ3(0;)Ven (o)) <0[—=VJ] (0;;)Vgr. (0;;) < 0], then we keep
the algorithm. If the searching direction is pointing away from Sy
(S7,) then the gradient projection algorithm is used. The parameter
update process for constrained optimization is summarized in the
following.

1) If Oij € SN or gN(O'[j) =0 and —VJAJ; (o[j)VgN (O'[j) < 0, then
the following gradient descent algorithm is applied:

3J
apl(t
[p{(t+tr)] [pi(t)] ’; IJ()
G+ | =1aq® | —mw|—— (29)
i i aq1 ®)
ri(t+t) r(f)
3J
| ar{ (1)

where ny is the learning rate; 3J/dp!, 8J/dq!, and 3J/dr! are
determined from Eq. (25).

2) If condition 1 is not satisfied, then the following the gradient
projection algorithm is used:

aJ
apl(t
[p{ (t+1, )] [p{ <r)] ’;11( )
C]{(l‘ + Tr 611 (t) — N 7
aq; (1)
Lr{ (t+ TY)J Lrl ) alj
L ari (1)
-
api()
VgNVgN aJ (30)
VgNVgN g (1)
aJ
L arf(t)

where the gradientof gy (0;;) with respectto o;; can be obtained as
follows:

VgN = 2(N - Nmid)wl[vm Hm Tgo]T

The parameter ¢ is used as a scaling factor for modifying the speed
of constraintsatisfaction.

Similarly, for the guidance filter time constant
update law is given as follows.

D Ifo;; €Sy, or gr,(0;;) =0and —VJTTC (0:))Ver (0;;) <0, then

T., the parameter

0J
apl(t
[pgam)] [pé(t)] ’; ZJ()
G+ | =1 a0 —m | — GD
0
| e+ | L(t)J 40
0J
L oy (1)

where 77, is the learning rate; 3.J/dp5, 3J/dq}, and 8J/9r} are
determined from Eq. (26).
2) If condition 1 is not satisfied then

9J
aph(t
[pé(tﬂ)] [pé(t)] ’;21()
4t + 7)) a5 (1) -
9g, (1)
Lré(wn)J er(t) 821
L arh(t)
S
apL(1)

Ver,Ver | aJ

VerVer | dglt)
a7

L ary(t) |

+ o1, (32)
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where the gradient Vgr, is defined by
VgTC = 2(Tc - Tcmid)wl[vnz Iim Tgo]T

In summary, the proposed AFGS guidance law is given by
Eq. (23) with the adaptive guidanceparameters N and 7, determined
from Eq. (24) in which the consequent parameters are updated via
Egs. (29-32).

IV. Results and Analysis

The nominal parameters used for homing-loop simulations are
listed in Table 1. In Table 2, 12 considered flight conditions are
given. The values for K, correspondingto 12 flight conditions were
also tabulated. In general, K,, increases as the missile altitude in-
creases, and it decreases as the missile speed decreases. To main-
tain consistentperformance, the navigationratio and guidance time
constant must be varied under various flight conditions. In the sim-
ulation studies we first let Ny, =3 and Ny =6, and 7. . =0.1
and 7., =0.2s.

The performance measure considered in the simulation study is
the minimization of the controleffortdefined in Eq. (22). To achieve
better training results, two phases for the guidance parameter adap-
tation learning were conducted.

‘min

Offline Training

The purpose for the offline training is to provide a better initial
setting for the consequentparameters p!, g1, !, p. g}, and r}. Dur-
ing this phase, the external noise source n is temporally removed
from the homing-loop simulation scheme and a 3 g(g =9.8 m/s?)
step input is used to simulate the target lateral acceleration com-
mand A,.

The training parameters were initialized at zero values. While
the training progresses, the learning rates were chosen to speed
up convergence and to avoid overshooting the training results. The
chosen learning rates were suitable for the homing-loop simulation
under all flight conditions. In the simulation studies ny =1 x 1078,
oy =3x1077, n7. =1 x 107!, and @7, =3 x 1071° were chosen.
A batch of parameter learning processes includes 12 homing-loop
simulations with each case corresponding to a flight condition.
Figure 6 shows profiles for N and 7, with missile speeds of 1.6
and 2.2 Mach and altitudes of 7.5-12.5 km.

Table1 Nominal homing-loop parameters

Parameter Value Parameter Value
to 0s RMT, 10,000 m
RR —0.02 rad/rad RMT,, 0m

T 0.1s Nbias 4.5
W, 100 rad/s Nmin 3

W, 10 rad/s Niax 6

W, 100 rad/s Topias 0.15s
v 300 m/s T min 0.ls
Ay 3g Temax 0.2s

Table2 Aerodynamic turning rate
constant for 12 flight conditions

Flight condition
Number H,,,km V,,,Mach K,,s TC(') and NO)
1 7.5 1.6 1.0 1,1
2 10.0 1.6 1.4 2,1
3 12.5 1.6 1.8 3, 1)
4 7.5 1.8 0.9 1,2)
5 10.0 1.8 1.3 (2,2)
6 12.5 1.8 1.7 (3,2)
7 7.5 2.0 0.8 1, 3)
8 10.0 2.0 1.2 (2,3)
9 12.5 2.0 1.6 (3,3)
10 7.5 2.2 0.7 (1,4)
11 10.0 2.2 1.1 2,4)
12 12.5 2.2 1.5 (3,4)

0.18

0.17

© 0.16 &

a) time (sec)

0.18

0.17

L 0.16}

0.15¢

b) time (sec)

Fig. 6 Transients of the effective navigation ratio and guidance filter
time constant during offline training for a) flight conditions 1-3 and b)
flight conditions 10-12.

Online Training

While online training progresses, the external noise n is in-
cluded in the homing-loop simulation scheme. A band-limited
Gaussian noise model is used to emulate the Poisson jinking tar-
get maneuver.?! The model generates a specific lateral acceleration
profile with the 3-g variance that corresponds to an evasive trajec-
tory. This is used to simulate the operational environment while the
missile engages an evasive target. The learning rates used in this
phase remain the same as those in offline training.

Analysis for Online Operation

After the consequent function parameters of the guidance law
have been set up, they are then prepared for online operation. The
parameters are adaptively tuned to minimize the control effort and,
hence, to avoid the stability problem. Figure 7 shows transients for
N and T, for online homing-loop simulations with missile speeds of
1.6 and 2.2 Mach and altitudes of 7.5-12.5 km. It can be observed
that the navigation ratio tends to decrease and the guidance filter
time constant tends to increase as the altitude increases. This ten-
dency coincides with the conventional guidance system design in
which the guidance parameters were appropriately designed for in-
dividual flight conditions to meet the engagement performance and
stability requirement caused by radome errors. The missile altitude
is fixed next with changes in the speed. Figure 8 shows the results
for homing-loop simulations with missile altitudes fixed at 7.5 and
12.5 km and speed varied from 1.6 to 2.2 Mach. From Figs. 6-8,
we also see that the equivalentnavigationratio over the engagement
process lies within 3.5 and 4.5 and the equivalent guidance time
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time (sec)

L i L 1 I

0 2 4 6 8 10
a) time (sec)

2 0.6

015

b) time (sec)
Fig. 7 Transients of the effective navigation ratio and guidance filter

time constant during online operation for a) flight conditions 1-3 and
b) flight conditions 10-12.

constant lies within 0.15 and 0.18 s. Clearly, theses values meet the
constraintdescribed by Eq. (26).

Figure 9 shows the flight trajectories over all flight conditions,
where RMT, and RMT, are missile-targetrelativerange on the hor-
izontal and vertical axes, respectively. The initial relative range on
the horizontal axis is denoted by —10 and 0 km on the vertical axis.
Itis seen that the missile can effectively engage the target under 12
flight conditions. These results demonstrate tracking performance
as the system is operated over a significant portion of the operating
regions. That is, the guidance parameter adaptationshave effectively
captured the effect of plant variations.

Performance Evaluation
To evaluate the control energy consumption, we define a cost

measure given by
1
/ A2(t)dt
10

To verify the effectiveness of our proposed approach, the accumu-
lated control effort was calculated for four periods: t =0-3, 0-6,
0-9, and 0-10 s with altitude 10 km and speed 1.8 Mach (Fig. 10).
It can be found that control effort of the AFGS guidance law is, in
general, less than the conventional PNG design with N =4, 5, 6.
This implies that the AFGS guidance system possesses higher ki-
netic energy to engage an evasive target.

With the missile engaging a 3-g random target maneuver, 12
homing-loop simulations were performed. Table 3 summarizes the

A

Cotal —

a)

0.15 . . . : ‘
0
b) time (sec)

Fig. 8 Transients of the effective navigation ratio and guidance filter
time constant for a) flight conditions 1, 4, 7, and 10 and b) flight condi-
tions 3, 6,9, and 12.

80
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-10000 -8000 -6000 -4000 -2000 0
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Fig. 9 Flight trajectories corresponding to all flight conditions.

resultantmiss distances with the missile guided by the conventional
PNG [i.e., Eq. (21)] and the proposed AFGS guidance.

From the extensive simulation studies, we may conclude that the
AFGS guidance law is distinctive from the conventional approach
because of wider design freedom and higher flexibility in the con-
troller architecture. A finely tuned AFGS guidance law uses less
control effort during flight and, therefore, possesses the potential to
increase the terminal speed. As we have expected, performance of
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FC 5 (Hm=10 km, Vm= 1.8 Mach)

700¢"
600
=
~~ 5008
o~
Q
3 400 i
~ —
g
N’
30 ON=3
é ON=4
|
o 200 ON=5
= ON=6
100K ' B AFGS
t=3 t=6 t=9 t=10
ON=3 46.6704 63.8786 82.9825 364.6468
OIN=4 62.3818 84.6485 102.2796 420.6291
ON=5 78.1674 105.1484 123.8978 530.7863
ON=6 94.0188 1255181 146.5939 661.3985
B AFGS 59.5032 75.3008 94.3997 430.5578

Fig. 10 Comparison for energy consumption within four periods (H,, = 10 km, V,, = 1.8 Mach).

Table3 Comparison of miss distances, m

Flight condition PNG*

Number H,,,km V,,Mach N=3 N=4 N=5 N=6 AFGS
1 7.5 1.6 1.7 1.37 1.39 1.42 1.34
2 10.0 1.6 1.75 1.38 1.39 1.4 1.34
3 12.5 1.6 1.78 1.39 1.38 1.39 1.36
4 7.5 1.8 1.69 1.37 1.4 1.44 1.34
5 10.0 1.8 1.75 1.38 1.4 1.43 1.35
6 12.5 1.8 1.78 1.39 1.39 1.42 1.36
7 7.5 2.0 1.62 1.35 1.42 1.5 1.33
8 10.0 2.0 1.69 1.37 1.41 1.47 1.34
9 12.5 2.0 1.78 1.38 1.4 1.44 1.36
10 7.5 2.2 1.62 1.36 1.44 1.53 1.32
11 10.0 2.2 1.69 1.37 1.43 1.5 1.25
12 12.5 2.2 1.74 1.38 1.42 1.48 1.34
aT.=0.15s.

the guidance system under individual flight conditions also agrees
with the family of all flight conditions.

V. Conclusions

This study developed a novel AFGS control design method for a
class of nonlineardynamic systems. The systematic design method-
ology uses a Takagi-Sugeno fuzzy system to represent the fuzzy
relationshipbetween the scheduling variables and controller param-
eters. Based on this control design scheme, an AFGS guidance law
was developed. This novel technique offers the advantage of perfor-
mance improvementfor ill-defined flightdynamics throughlearning
using the adaptive fuzzy inferencing mechanism. Compared to the
conventional PNG design, the presented guidance law possesses a
higher degree of automation and results in better terminal guidance
performance, that is, less control effort and a smaller miss distance.
Results from extensive homing-loop simulations verify the effec-
tiveness of the proposed design.
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