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Dynamic Output Feedback Fault Tolerant
Controller for an Exploited Polynomial Fish
Population Model

A. Ait Kaddouy, N. Elalami, E. ElImazouc

applications to biological and environmental problems are
Abstract— This paper deals with the design of robust faulgrowing [2]-[4].
estimation and fault tolerant control of a continuous age structuredRecently, there has been a growing interest in the Takagi—

model of a harvested fishery system. Takagi-Sugeno approach is usgfjeno T-S fuzzy system since it is a powerful solution that
to represent the harvested fish population model, where the eﬂortb'ﬁdrges the gap between linear and nonlinear control systems.
used as control term, the age classes as states and the quantity, O

captured fish per unit of effort as measured output. Actuators fau any important results on analysis and synthesis for the T-S

are initially estimated using a fuzzy observer. Then, based on #&ZZy system have been reported [9]-[12]. Qon§idering the
fault estimation, an observer based dynamic output feedback faaflvantage of the T-S fuzzy system to approximating complex

tolerant controller is designed to reject the effect of faults byonlinear systems, we will use it to describe the harvested fish
stabilizing the closed loop system. The synthesis of the control agdpulation dynamics in this paper.

the observer are independently made. The conditions of the observe,

. ; ecause of their nonlinearity and their complexity that are
convergence and of the control existence are formulated in terms oTB iated with biological hy birth pd tz with
Linear Matrix Inequalities. The simulation results demonstrate gfssociated wi iological phenomena (birth, death, growth,

effectiveness and applicability of the proposed design method.  ¢annibalism, intra-stage competition for food and space, etc.),
and because also of massive over exploitation, breakdown of

Keywords— fault-tolerant control (FTC), harvested fishregulatory and enforcement systems, harvested fish
population, Takagi-Sugeno multimodel, Linear Matrix Inequalitiepopulations dynamics are inevitably subjected to disturbances
(LMI). which have as origin the noises due to the environment and the

model uncertainties. Moreover, sensors and/or actuators can
. INTRODUCTION be corrupted by different faults or failures.
EAVY use of the world’'s marine fisheries is a severe To improve fish resources sustainability, FTC scheme must
concern. Significant increases in human population af considered in designing good harvesting policies. FTC
rapid technological advances during the past decades hallews controlling system in such a way that it fulfills desired
resulted in a vast increase in global production of marirjectives in the presence of non-critical faults in components
capture fisheries. Today, these fisheries are in trouble as thgfithe system [5]-[8].
populations are being depleted to dangerously low levels, The existing FTC design approaches are classified into two
which are affecting national economies and locahain groups [8]. The first group is called passive fault tolerant
communities’ socio-economic well-being. The optimakontrol or robust control. This kind of control is described in
management of renewable resources, which has a dirf§]-[19]. In this approach, the faults are considered as
relationship to sustainable development, should receive mughcertainties. Therefore, the control is designed to be robust
attention. It requires further discussion in order to understandly to the specified faults. The second group is called active
short and long term exploitation patterns [1]. Therefore, it f&ult tolerant control. Contrarily to the passive FTC, active
very important for key stakeholders to plan a suitable patteiTC requires a FDI block to detect, isolate and estimate the
that sustains fisheries at a good level of productivity and med#silts [20]-[22]. The FTC module uses the information issued
economic goals. from the FDI block to reconfigure the control law in order to

Nonlinear control techniques are useful for studying ancbmpensate the fault and ensure acceptable system
controlling complex systems. Although they have beeperformances. In general, the active approach is less
initially developed for mechanical and electrical systems theionservative than the passive one, which has increasingly been

the main methodology in designing FTC systems [23].
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The rest of this paper is organized as follows. In the secoptemise variables that may be functions of the state variables,
section, a fuzzy-augmented fault estimation observer desigreigernal disturbances, and / or time.
proposed to achieve fault estimation of T-S models withach linear consequent equation representedApf(t) +
actuator faults. Based on the information of online faulB;u(t) is called a “subsystem.”
estimation, an observer based dynamic output feedback faile Wwill use z(t) to denote the vector containing all the
tolerant controller is designed to compensate the effect igividual elementsy(t),... 3(t).
faults by stabilizing the closed-loop system. Sufficien®iven a pair of (x(t), u(t)), and using singleton fuzzifier, max-
conditions for the existence of both observer and controller gPduct inference and center average defuzzifier, we can write
given in terms of linear matrix inequalities (LMIs). The third"€ aggregaterd fuzzy model as:
section is dedicated to the description of the continuous stage x(t) = 2i=1Wi(Z(t)){Ai;(f)+jf((:((tt)))+f O)D1w(®)} (1)
structured model, which is transformed to a T-S fuzzy modg}, _ e
Finally, simulation results are presented to demonsytrate t‘“?)\/here 200 =4() 2(0--- 301,

! BSdw, (z(0) = IT?

) . M (z;(t)
j=1""1\7
effectiveness of the proposed technique. The termM;(z(t)) is the grade of membership zt) in M;;.

(1) Can be written as follows:
. ) o 2(t) = Xioy i (2(0) (Aix(t) + B; (u(t) + f () + Dy;w (L))
In this section, we propose a multi objective fuzzy @)
augmented fault-estimation observer, including a regional pol w;(z(1)

. . Where wi(z(t) = ==
placement and adl performance level, in order to reject the R X wiz(8)
effect of disturbances on the system as much as possible &mce X[, w;(z(t)) >0

Il. OBSERVERAND CONTROLLERDESIGNAND ANALYSIS

also guarantee the convergence speed of fault estimationaas wi(z(t)) >0, i=12..,r,

well. Then, using the obtained fault estimate, a fuzaye have : Yiiu(z(®) =1

observer-based dynamic output feedback FTC is designedaitd  y;(z(t)) > 0, i=1,2,..,r forallt.

guarantee the system stability in the presence of actuafdfe global output of T-S model is interpolated as follows:
faults. In the design process, the synthesis of the control and y(t) = zr=1#i(2(t)) [Cix(t) + Dyw(D)] (3)

the observer are independently made, and their performanggs simplicity, we introduce the following notations:
are considered simultaneously, which is convenient for

calculating the design parameters. = i (z(0) AW = Tioy wAB(W) = Yo, wiB;

A. Model Representation Clw) = XimywiCi ;D) = Xi—1 Dy
The design procedure described in this section begins widhd D,(u) = YI_, u;Dy;
representing a given nonlinear plant by the so-called T-S fuz .
mgdel. Thegfuzgy model proposed by)'ll'akagi and Sugeno [175 en, the T-S fuzzy model (2) and (3) can be rewritten as:
is described by fuzzy IF-THEN rules that represent local linearx(t) = A(u)x(t) + B(w)(u(®) + f(©)) + D;w()  (4)
input-output relations of a nonlinear system. The main feature
of a T-S fuzzy model is to express the local dynamics of each y(©) = C(Wx(t) + D (Ww(t) (%)
fuzzy implication (rule) by a linear system model. The overall B. Fuzzy augmented fault-estimation observer design
fuzzy model of the system is achieved by fuzzy “blending” of \when you submit your final version, after your paper has

the linear system models. _ _ been accepted, prepare it in two-column format, including
A dynamic T-S fuzzy model is described by a set of fuzzyy,res and tables.

“IF ... THEN" rules with fuzzy sets in the antecedents anfh order to detect and estimate faults, the following fault
dynamic linear time-invariant systems in the consequents. Aiimation observer is constructed:

glij/leondeerlicR':'J-lS ir:)lamt rule can be written as follows [10]: ¥ = AR + B() (u(t) + f(t)) _ L(u)(y(t) _ y(t))
IF zy(t) is My and ... and £t) is My, (6)
THEN y@©) = cx(®) O

x(t) = Aix(t) + B;i(u(®) + £(£)) + Dyw(t) fr=-FwE® -y®) (8)
y(t) = Cix(t) + Dyw(t) where™(t) is the observer stat@, is the observer output, and

Where,V; is the fuzzy set andis the number of model rules; f(t) is an estimate of the fauft(t). L(y) = T u;L; and
X(t)e R" is the state vectoy(t) € R™is the input vectory(t) € F(u) = YT, ;F; are the gain matrices to be determined.
RY is the output vector, f(te Rm represents the additive Let us define:

actuator fault, ando(t) € R” is the disturbance, which is ex(®) =x(t) —x(@) ; e, () =y(t)—y(t)

assumed to belong to[0,). A € R™ , B € R™™, andC €  gpqg e (1) = f(£) — F(©)

g.qxn » Dy anﬂ Dz are COﬂ(jStgqﬂtt realt .matrlcesf ?f”app;roprlaterhen’ the error dynamics is ruled by :

) e e g 40 = (100~ LUDCG)RC)+ 00D ~ B0

the pairs & , G) are observablez(t),... z(t) are known _ - 9)
e ® ey (t) = Ce(t) — Dy (v(e) (10)
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where: o i A0 = [A (W) + BWDxC(1)  B()Ck (#)]
e =(&0) o= () 14w =) IO = pot BeCw)  Ac(ui)
(];E’lg)  C)=(C(w) 0) ; Di(p)= (Dlé”) I:)n) D,(t) = DL () = [Dl (#)B"‘(i)(PDl)[();()Dz(#) B(g)CK(ﬂ)]
(D, (1) 0) ~ - KA ~2

Wez,- assume that(t) € L,[0 oof. Clw =C@w =[C(h 0]

In [5], a multi-objective fuzzy augmented fault estimation D;(w) = D;(w) = [D,(h) 0]

observer design method under regional pole placement and HTheorem 2: Assume a fault f(t) occurs at some unknown
performance specifications is proposed to achieve robust fa{,ﬁl}'e ¢, and leta and r be two positive scalars. The

estimation. eigenvalues ofA(u,u) belong to Dg.r), and the system

_Theorem L Eor twg given positive scalarsand r, the dynamics (20) and (21) satisfy theoHperformance index
eigenvalues of A(u) — L(u)C()) belong to Dg,r), and the

error dynamics (13) satisfy the ,Hperformance index IO < ylu®) /- , if there exist two symmetric positive
definite matrices X, Y and matricég, B;, C; andD such that

Nes(®) [l < yIp®) /L , if there exists a symmetric positive miny subject o

definite matrixP and matriced, such that :

. . Hii < 0, i= 1, e q (22)
min y subject to M, +M,;<0, 1< i<j<q 23)
11U”<O,l=1,,q (11) T.<0 i=1 q (24)
i, . <i<j< Sii ) =1.,
Py+¥<0,1=i<j=q (12) 5,45 <0, 1< i<j<q (25)
d)ii <0 , L= 1, e q (13) Where
P;i+P;<0,1<i<j< 14 _ -
where : y " /=1 () -X -1, Ty3 A + B DG —al, |
* denotes the symmetric elements in a symmetric matrix. m; = * =Y  Ay-—al, YA; + BiC; — aY
—P PA,-YC—aP] — _J0 * % -r2X —r2I,
Y= = I = x 2
* I e m . * —rY ,
¢11 YLDZJ - PDll Im X11 X12 Dli + BI.DDZ] _Bi XC;
Pij =1 = ~Vldatm 0 [.,Yi=PL * X22 YDy +B;D, —YB: Gi
* * —y]m andEi. = * * I 0 DT. I
BT 4 ATH _ V7 _ FTyT / * * Yia 2t
¢1, = PA, + AP -Y,G; - CTY. * ~¥Im 0 J
* * * * -y,
Proof: See [5] with
C. Fuzzy dynamic output feedback-fault tolerant controller Mg = AX + B"CJ'T_ “XA U
deSlgn X1 = ALX + XAl + BlC] + C] Bi
ha !
On the basis of the obtained online fault-estimation Xaz=Aij + A + BDG .
information, we design a fault-tolerant controller to guarante¥nd X22=YA; + A[Y"T + B;C; + C[ Bf

stability in the presence of faults. Since the state x(t) &he parameter matrices of the controller are given by:
unmeasurable, we use the fuzzy dynamical output feedbadk = D
controller scheme, to construct the dynamic output feedbadk; = (C; — DxC;X)M™T

fault tolerant controller for T-S fuzzy models as: Bxi = N"Y(B; — YB;Dy)
§(0) = A @ + B (Wy(t) | (16)  Ciij = N7'(Ay = Y(A; + BiDG)X)M™" — By CXM™T
u(®) = Cxk (&) + Dy (t) — f (1) (17) — N7YB;Cy;

where £(t) is the state, Ay (u 1) = Xioy Xjoq MiltjAk,;,  Where M, N satisINT = I, — XY.
By (1) = Xizq MiBk; Ck (W) = i1 #iCx; and Dy are the !
designed controller matrices. Proof: See [5].

Substituting (5) into (16) and (17), one obtains i FisPo o T.SM
. : . FISH POPULATION SYSTEM AND T-SMODELING
$(0) = A (1, 1)E(®) + B () C(Wx(t) + B (WD, (W w(t)
(18) A. Problem Formulation and Assumptions
u(t) = Ce(WE @) + D C(Wx(t) + DD, (Ww(t) — £ (¢) We consider a population of exploited fish which is
(19) structured in n age classes ¥n2), where every stage i is

Then, one gets ' described by the evolution of its biomagdor 0<i < n. Each
#(t) = A(u, Wx(t) + Dy(u,wm(t)  (20) stage in the stock (i = 1... n) is characterized by its fecundity,
y(t) = C(;i);?(t) + D,(wn(t) (21) mortality and predation rates. In addition, a fishing effort is
where : included in the global mortality term. The dynamic of the fish
%(t) = [x(t)] () = [w(t) population can be represented by the following system of
O er@®OF ordinary differentials equations [14,15]:

Issue 5, Volume 7, 2013 432



INTERNATIONAL JOURNAL OF MATHEMATICS AND COMPUTERS IN SIMULATION

Xo = —aoXo + X%, filiXi — I piXiXo B. State Transformation
[Xl = aXy— (a1 + ¢1E)X Let £ a constant fishing effort. Using the change of
: (26) coordinatex; = X; — X; andu = E — E the system (26) can
' : be transformed into:
X, = aXp_1— (an + g E)X, x=A(x)x + B(x)u (27)

Y = qiXi + X + ..+ qnXn Where:

Where: A
a; = a+ M; - ky —pyx - ky — pax
M; : is the natural mortality of the individuals of tifé age ko apoxo_(;l +pc1hll?7) k (})?zxz_ " Opn "
class; _ N = a —(az + q.E) ~ 0
a : is the linear aging coefficient; : 0
Do | is the juvenile competition parameter; 0 0 0 —(an, + g, E)
p; . is the predation parameter of class i on class 0; with kg = —(ag + 2po X5 + X1 DX
fi: is the fecundity rate of class i ; and k; = I;f; —pX{; i=1..n
l; : is the reproduction efficiency of class i ; 0
q; . is the catchability of the individuals of tifeage class; —q1 X1 — 1y
X; : is the biomass of class i; B = —02X; = G2X;
E :is the fishing effort at time t and is regarded as an input; —q3X3 — q3x3
Y : is the total catch per unit of effort and is regarded as :
output; —qnXn — QuXn

Let us note that all the parameters of the model are positivec, Construction of TS Fuzzy Model
The recruitment from one class to another can be representegOr simplicity, we consider that n=2, angle [~a,a], a €
by a strictly positive coefficient of passage. The passagerate, .. The modéling approach used ir; this para;gra‘ph s the
from the juvenile class to the adult stages is supposed to be

constant with respect to time and stages. This means that gtor non-linearity procedure [10]
. . . . hé system (27) has two non constant temgsandx; . For
time of residence is equal toal/ The laying eggs are

. . . . non-constant terms, define:
considered continuous with respect to time. The total numbeé ) = x i20.1
i — Al —VYste

_cI)_Leggs mt_rbooll_ucedtln th?ljuveXm)I(e s_tagbe IS g'veiéﬁlﬁﬁx& Next, calculate the minimum and maximum values; (f
€ cannibaiism emyizo piXiXo is ased on the Lolka- \\hqery, € [—a, a]. They are obtained as follow:

Volterra predating term between class i and class 0. The 'ntra'maxa(t) —a mirg(t) = -a
stage competition for food and space is expresseg, Xs. '

From the maximum and minimum valueg(t) can be
The mortality of each stage i is caused by the fishing arﬂgpresented by : ex()

natural mortality which is supposed linear [14]. 2,(6) = M (2,(0)).a+M2 (2,()).(-a)

(0] that th t 26) satisfies the followi
ne supposes that the system (26) satisfies the fo owmgWhere M}(zi(t)) +M}(zi(t)) _1

assumptions: . .
Assumption 1 : Therefore the membership functions can be calculated as
One non-linearity at least must be considered. M (z() = % . Mz (D) = %{;(t)
i—oPi #0 We name the membership functions “Positive,”
Assumption 2 : “Negative,” “Zero,” “Not zero,” “Big,” and “Small,”
The spawning coefficient must be big enough so as to avaigspectively.
extinction. Then, the nonlinear system (26) is represented by the
L filim > ag following fuzzy model:
where r; = l“—L_ andE is a constant fishing effort. Model Ru!e L . .
[Tj=(aj+ q;E) IF  z(t) is “Negative” andz(t) is “Not Zero” and z(t)

Under the assumptions 1 and 2 the system (26) has t#%0'Big”
equilibrium points [19] : .

The first one is the origin X = 0 which corresponds to an THEN  x(t) = A,x(t) + Byu(t)
extinct population and is therefore not very interesting. The Model Rule 2:

second one is the nontrivial equilibriutyi defined as : IF Z(t) is “Negative” andz(t) is “Not Zero” and z(t)
X; = mX;, and X = Eirzllfili”i_ o is “Small”
Yi=1Pimi + Do .
Assumption 3 : THEN  x(t) = A,x(t) + Byu(t)
All age classes are subject to catch and the oldest one yiel@iiodel Rule 3:
eggsvi=1..nq; >0 andfil; # 0 IF zy(t) is “Negative” andz(t) is “Zero” and z(t) is
“Big”

THEN  %(t) = A;x(t) + Bsu(t)
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Model Rule 4:
IF Zo(t) is “Negative” andz(t) is “Zero” and z(t) is
“Small”

THEN x(t) = Ayx(t) + Byu(t)

Model Rule 5:

IF Zo(t) is “Positive” andz(t) is “Not Zero” and z(t)
is “Big”

THEN x(t) = Asx(t) + Bsu(t)

Model Rule 6:

IF Z(t) is “Positive” andz(t) is “Not Zero” and z(t)
is “Small”

THEN  %(t) = Agx(t) + Beu(t)

Model Rule 7:
IF Zo(t) is “Positive” and z(t) is “Zero” and z(t) is
HBigH

THEN x(t) = A,x(t) + Bu(t)

Model Rule 8:

IF Z(t) is “Positive” and z(t) is “Zero” and z(t) is
“Small”

THEN x(t) = Agx(t) + Bgu(t)

ko + poa ki, +pia k; +pa
A = a —(a; + q,E) 0
| 0 a —(az + q;E)]
ko + poa ki, +pia k; +pra ]
A = a —(a; + q,E) 0
| 0 a —(az + q2E)]
ko + Do ky +pa ky +pa ]
Ay = a —(a, + q.E) 0
| 0 a —(az + q;E) ]
ko + poa ki, +pia k; +pra ]
A, = @ —(ay + ¢, E) 0
| 0 a —(ay + q2E)]
[ko — poa ki, —pia k; —p.a ]
As = a —(ay + q,E) 0
0 a —(az + qzE)]
ko —poa ki, —pia k; —pza ]
Ag = a —(ay + q,E) 0
| 0 a —(az + q2B)
ko — poa k, —pia k; —p,a ]
A; = a —(a; + q,E) 0
| 0 a —(ay + q2E)]
[ko — poa ki, —pia k; —pra ]
Ag = a —(ay + q,E) 0
0 a —(az + qzE)]
0 0
B, = |—qX{ —qua| ; B, = |—q1X{ — q1a
—q.X; — q2a —q2X; + q.a

Here,z(t), z,(t) andz(t) are premise variables and
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0 ] I 0
By = |—q: X7 + qua| ; B, = |—q:X{ + qua
[—q,X; — qzal [—q,X; + gzal
- 0 : - 0 ;
By = |—q1X{ —qua|; Bg = |~ @1 X{ — qua
[—q,X; — qzal | —q,X; + q,al
- 0 : - 0 :
B, = |—q1X{ + q1a|; Bg = |—q1X{ + q1a
[—q,X; — qpal | —q,X; + q,al

1 (2(8)) = MG (2o (£)) X M{ (2,(t)) X M (2,(t))
112(2(t)) = M3 (20(t)) X M{ (21(£)) X M3 (2,(t))
13(2(8)) = MG (20(t)) X M7 (21(t)) X M3 (25(1))
1a(2(8)) = M§ (2o () X M (21(£)) X M3 (2,(t))
Us (Z(t)) =M; (Zo(t)) X M11(21(t)) X le(zz(t))
16(2(t)) = Mg (2o (t)) X M (z1(t)) X M3 (2,(t))
17 (2(8)) = Mg (2o (t)) X M7 (2, (£)) X M3 (2,(t))

1s(2()) = Mg (20()) X M7 (2,()) X M3 (2,(1))
Z(t), zi(t) andz(t) are premise variables.

IV. SIMULATION RESULTS AND DISCUSSION

To demonstrate the effectiveness of the proposed observer
and controller, we consider a numerical example obtained
from the stabilization of a fishery characterized by the
parameter values given in Table 1, which are retained from the
literature [4, 14,15]. Here we have employed for the
simulation a constant fishing effol(t) = E and arbitrary
initial statesXx (0) = (50,30,15) andX(0) = (20,9,50) .

Stagei | O 1 2

) 02/ 0 [o01
f; 0 0.5
l; 0 10

m; 05/ 02 ] 0.2
q 0 |01 ] 015
a 5.6

M, 05/ 02 ] 0.2
a 0.8
4] 13| 1 1

E 1

Xini 0.9 3.1 5

X 49| 3.56] 2.48

TABLE | : PARAMETER VALUES USED FOR SIMULATION

It is clear that the parameters satisfy assumptions (1), (2),
3).
The activation functions depend on the states of the system.
Figure 1, 2, 3 and 4 give their time-evolution showing that the
system is clearly nonlinear sinceggre not constant functions.

By using these activation functions and the parameters
given in table 1, the nonlinear system (26) can be represented
exactly by the following T-S fuzzy model:

8
£(©) = ) w(x(©) (4x(©) + Ba®))

i=1

Here :
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x®) =X Xi X,]7,

6.4890 0 9.7517 |
4, = [0.8000 —1.1000 0 ,
[ 0 0.8000 —1.1500]
6.4890 0 —0.2483)
A, =[0.8000 —1.1000 0 ,
) 0.8000 —1.1500]
6.4890 0 9.7517 |
A; =10.8000 —1.1000 0 :
) 0.8000 —1.1500]
6.4890 0 —0.2483]
A, =|0.8000 —1.1000 0 :

0 0.8000 —1.1500]

'—13.5110 0 9.7517 |

As=| 08000 —1.1000 o |,
[ o0 0.8000 —1.1500]
'—13.5110 0 —0.2483)

As=| 08000 —1.1000 o |,
[ o0 0.8000 —1.1500]
'—13.5110 0 9.7517 |

A, =| 08000 —1.1000 o |,
[ o0 0.8000 —1.1500]
'—13.5110 0 —0.2483)

Ag=| 08000 —1.1000 0o |,
0 0.8000 —1.1500]

0 0
B, = —5.3569] , By = [—5.3569]
| —7.8724 7.1267

0 0
B; =| 4.6431 |, B, =|4.6431
|—7.8724 7.1267

0 0
Bs = —5.3569] , Bg= [—5.3569]

| —7.8724 7.1267
0 0
B, =] 4.6431 |, Bg=|4.6431
—7.8724 7.1267

Using an LMI solver, and from conditions of theorem 1 we
first obtain the observer parameters. With the circle region
D(5,15), the minimum attenuation valueyis 7.8743.10-4.

Next, we design the controller. By solving the conditions in
Theorem 2 with the circle region D(5, 15), one obtains the
minimum attenuation value= 0.5964.

0.16

— ~ —H2
0.14 B
N
012 /
0.1
0.08
0.06
0.04 /
0.02|/ N
‘/ \\‘ |
-%0 0 50
Fig. 1 Activation functionsu, andp,
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The obtained numerical values of those matrixesk | A

ijs

By , Cx; andDg; are not given here to limit the length of this

paper.

It is supposed thab(t) is band-limited white noise. Fig. 5 12

of the system. Indeed, Fig. 8 shows the trajectories of the
system statesqft), x;(t) and %(t) and their good estimation
(Fig. 9) despite the presence of disturbance.

From the above simulation results, the proposed design still
achieves the performance under actuator faults, and the fuzzy
controller guarantees the stability of the closed-loop system.
Note that, the proposed fuzzy observer can almost realize
accurate fault estimation.

V. CONCLUSION

In this paper, an observer-based robust fault estimation and
FTC is developed for a harvested fish population system,
using the T-S approach. The proposed design guarantees given
stability requirements, while limiting the influence of
disturbances, in the presence of actuator faults. Simulation
results showed the effectiveness of the proposed design. The
present paper shows that the control and estimation problems
in fisheries management can also be investigated from the
point of view of engineers, by combining modern control
theory, computer science and mathematics.
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