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Abstract —At present the technologies of solar
concentration are the one which present most possibilities
for commercial use. Thus, it is necessary not only to
design processes of conversion of energy, but it is also
important to assure an availability of these equipment by
the conception of fault detection and isolation (FDI)
systems. In this paper we use a robust method for state
reconstruction of nonlinear systems subject to unknown
inputs. The multiple model methodologies can contribute
significantly to the achievement of this objective since
they can provide accurate approximation properties. We
focus on the design of observers for dynamic TakagiSugeno fuzzy systems that can be used in a model-based
fault detection and diagnosis scheme. A nonlinear system
of this class is composed of multiple affine local linear
models that are smoothly interpolated by weighting
functions resulting from a fuzzy partitioning of the state
space of a given nonlinear system subject to observation.
The design methodology of the so-called fuzzy sliding
mode observer for fault detection and diagnosis is based
on extending Luenberger observers schemes to the case of
interpolated multiple models. Stability conditions are
performed by using Linear Matrix Inequalities (LMIs).
The performance of the proposed approach is pointed out
by focusing on a model of solar power plant through
numerical results.

is well adapted to the synthesis of control laws and
monitoring the process.
In recent years, the monitoring and the diagnosis of
nonlinear processes has received an increasing interests
from the scientific and engineering practitioners. In
general, the nonlinear systems are firstly linearized at an
operating point, and then robust techniques are applied to
generate residuals, which are robust against limited
parameter variations. The strategy only works well when
the linearization does not cause a large mismatch between
linear and nonlinear models; when the system operates
near the specified operating point. Therefore such
techniques have limited robustness when considering
gross plant changes and nonlinearity.
In case of lack of first-principle models, empirical models
like neural networks can be used for the purpose of
process supervision. The main problems with these
approaches are the difficulty in analyzing, in a rigorous
mathematical way, their robustness/sensitivity and their
scalability; i.e. a network trained for a specific plant may
be inappropriate for other plant. To overcome the problem
of precision and accuracy in FDD, various approaches
based on fuzzy logic have been also suggested [7].
However, the fuzzy logic approach is not only required on
its own, but as a framework for combining different
paradigms. More specifically, quantitative model-based
and soft-computing are combined to exploit the benefit of
each [8].Another powerful approach for residual
generation is based on observers. The common way is to
obtain a set of residuals by comparing the actual
measurements with their estimates obtained with the help
of observers. Unfortunately, the design of nonlinear
observers is not a straightforward task, even if the
nonlinear process is completely known.

Key words —solar power plant, Fault detection and
isolation (FDI), T-S fuzzy models, Sliding Mode
Observers, LMI.
I. INTRODUCTION
The solar radiation, which is used to heat the working
fluid as it circulates through the receivers, is adopted in
all solar thermal power plants (SPP). This heated fluid is
used in many applications such as the generation of high
pressure superheated steam which supplies the turbine (or
conventional generators); the production of electricity or
heating water for industrial use...etc..Therefore, the use of
solar energy in the production industrial process heat not
only retains the non-renewable sources of energy but also
reduces emissions of anthropogenic gases [1], [2] and [3].
Several parameters affect the quality of The collector
outlet temperature : variations in solar radiation; the inlet
temperature, the flow of oil; the ambient temperature and
wind speed.It has been shown in [4], [5] and [6] that
partial differential equations (PDEs) can describe the
plant's non-linear behavior that links the internal state
variables (𝑇𝑜𝑢𝑡 ,𝑇𝑖𝑛 ,𝑇𝐸𝑋𝑃 ,𝑇𝑠𝑡𝑒𝑎𝑚 ) . This state representation

In this paper, we propose a methodology for the diagnosis
of dynamic nonlinear processes by combining fuzzy logic
with variable structure systems theory to formulate the socalled fuzzy sliding mode observers. Typically, the design
of a fuzzy observer requires a precise mathematical
description of the plant under interest in the form of a
fuzzy dynamic model, which includes both local linear
and fuzzy membership functions. The local linear models
are state space affine models that can be derived directly
from first principle or from empirical models
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The present paper is structured as follows: the section II
presents the description of the components of process
(precise model) and simplified mathematical model of the
solar power plant. The fuzzy modeling of the nonlinear
systems is described in section III. In section IV the
design of fuzzy sliding mode observer is treated and in
particular the fuzzy sliding mode observers. Finally, the
obtained simulation results are shown in Section V and
the conclusion is given in section VI.

vacuum exists in the annular space between the absorber
tube and the glass envelope [10].
II.2. THEPOWER PLANT
The unit (Fig. 01) is the Rankine cycle with reheating and
heating of the feed water: each heat exchanger network
consisting of preheating (economizer), steam generator
(boiler), and the super heat is treated as a single heat
exchanger in the model [9].

II.THE PLANT MODEL
The plant can be present by a simplified model showing
in Figure3:

In the following, the plant is divided into two subsystems:
the solar collector field and the power plant. Both are
shown schematically in Figure 1.

Figure 3.The Structure of the Simplified Model

The dynamic of plant are described by the flowing
differentials equations (thermo dynamical equations):
𝒅𝑻𝒐𝒖𝒕 (𝒕)
𝟏
=
(𝑻 (𝒕) − 𝑻𝒐𝒖𝒕 (𝒕))
𝒅𝒕
𝝉𝒄𝒐𝒍 (𝒕) 𝒊𝒏
𝒒𝒂𝒃𝒔𝒐𝒓𝒃𝒆𝒅 − 𝑼𝑨𝒄𝒐𝒍 (𝑻𝒐𝒖𝒕 (𝒕) − 𝑻𝒂𝒎𝒃 (𝒕))
(𝟏)
+
𝑨𝒄𝒐𝒍 𝝆𝑯𝑻𝑭 (𝑻𝒐𝒖𝒖𝒕 (𝒕))𝒄𝑯𝑻𝑭 (𝑻𝒐𝒖𝒖𝒕 (𝒕))

Figure1. Flow Diagram of the 30 MWe SEGS VI
Plant for Pure Solar Model.
II.1.THE SOLAR COLLECTOR FIELD

𝒅𝑻𝑬𝒙𝒑 (𝒕)
𝟏
=
(𝑻 (𝒕) − 𝑻𝑬𝒙𝒑 (𝒕))
𝒅𝒕
𝝉𝑬𝒙𝒑 (𝒕) 𝒐𝒖𝒕

The thermal performance model of the SEGS VI
parabolic trough plant is based upon steady-state
efficiency model for the collector using empirical
coefficients [9].
These coefficients were obtained
experimentally at SANDIA.

𝒅𝑻𝒊𝒏 (𝒕)
𝒅𝒕
𝟏
=
(𝑻 (𝒕) − 𝑻𝒊𝒏 (𝒕))
𝝉𝑯𝑬 (𝒕) 𝑬𝒙𝒑
𝑼𝑨𝑯𝑬 (𝑻𝑬𝒙𝒑 (𝒕) + 𝑻𝒊𝒏 (𝒕) − 𝑻𝒔𝒕𝒆𝒂𝒎 (𝒕) − 𝑻𝒘𝒂𝒕𝒆𝒓 (𝒕))
+
𝑨𝒄𝒐𝒍 𝝆𝑯𝑻𝑭 (𝑻𝒐𝒖𝒖𝒕 (𝒕))𝒄𝑯𝑻𝑭 (𝑻𝒐𝒖𝒖𝒕 (𝒕))

(𝟐)

(𝟑)

𝒅𝑻𝒔𝒕𝒆𝒂𝒎 (𝒕)
= 𝟎. 𝟎𝟏. (〖(−𝑻〗𝒔𝒕𝒆𝒂𝒎 (𝒕)) − 𝜺𝑯𝑬 (𝒕) (𝑻𝑬𝒙𝒑 (𝒕) − 𝑻𝒘𝒂𝒕𝒆𝒓 (𝒕))
𝒅𝒕
(𝟒)
− 𝑻𝒘𝒂𝒕𝒆𝒓 (𝒕))

Where 𝑇𝑜𝑢𝑡 ,𝑇𝐸𝑥𝑝 ,𝑇𝑖𝑛 and 𝑇𝑠𝑡𝑒𝑎𝑚 denote respectively the
outlet collector temperature, the expansion vessel
temperature , the inlet collector temperature and the heat
exchanger temperature.
𝜌𝐻𝑇𝐹 ,𝑐𝐻𝑇𝐹 are the HTF density, specific heat of the fluid
flow rate.
𝑞𝐴𝑏𝑠𝑜𝑟𝑏𝑒𝑑 : The absorbed solar energy.

Figure2. The Heat Collection Element.
The heat collection element (HCE) present in Figure2
derives the appropriate differential equations. The HCE
comprises the absorber tube in which circulates the HTF
covered with a glass envelope which is not supposed to
have radial temperature gradients. Furthermore there is a
partial vacuum in the annular space between the absorber
tube and the glass envelope. A glass envelope line covers
the absorber with no radial temperature gradients. Partial

𝜀𝐻𝐸 : The heat exchanger effectiveness.
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1⁄𝜏𝑐𝑜𝑙 (t) = 𝑉′⁄𝑉𝑐𝑜𝑙

and 1⁄𝜏𝑒𝑥𝑝 (t) = 𝑉′⁄𝑉𝑒𝑥𝑝

Where 𝜉(𝑡) = [𝜉1 (𝑡)𝜉2 (𝑡)]𝑇 and the matrices𝐴(𝜉(𝑡))and
𝐵(𝜉(𝑡)) are expressed as follows:

,

1⁄𝜏𝐻𝐸 (t) = 𝑐𝑡𝑒. 𝑉′⁄𝑉𝐻𝐸 ; The time constant for the
collector expansion vessel, heat exchanger.
Then
the
state
vector
is
defined
by 𝑥 = [𝑇𝑜𝑢𝑡 (𝑡)𝑇𝑒𝑥𝑝 (𝑡)𝑇𝑖𝑛 (𝑡)𝑇𝑠𝑡𝑒𝑎𝑚 (𝑡) ]𝑇 .
The other variables pre𝑠𝑒𝑛𝑡 𝑎𝑡 𝑡ℎ𝑒 𝑚𝑜𝑑𝑒𝑙 𝑎𝑟𝑒:
𝐴𝑚𝑏𝑖𝑒𝑛𝑡 𝑡𝑒𝑚𝑝𝑒𝑟𝑎𝑡𝑢𝑟𝑒: 𝑇𝑎𝑚𝑏
Water temperature:𝑇𝑤𝑎𝑡𝑒𝑟
Absorbed solar energy:𝑞𝑎𝑏𝑠𝑜𝑟𝑏𝑒𝑑
Volume flow rate:𝑉 ′ 𝐻𝑇𝐹
Working fluid mass flow:𝑚′ .

𝜉1 (𝑡)
𝑉𝑐𝑜𝑙

−

𝜉1 (𝑡)

𝐴(𝜉) =

𝑎1

𝑉𝐸𝑋𝑃

0
0

(

0

𝑈𝑐𝑜𝑙

0
0
𝜉 (𝑡)
(a + b) 1 – a2 (a + b) 𝜉1 (𝑡) 𝑎2
𝑉𝐻𝐸
𝑉𝐻𝐸 −0.01
𝜉2 (𝑡)
0
)

𝐵(𝜉)=

𝑥 ′ (𝑡) = 𝑓(𝑥(𝑡), 𝑢(𝑡))
𝑦(𝑡) = 𝑔(𝑥(𝑡), 𝑢(𝑡))

𝑉𝑐𝑜𝑙

𝑉𝐸𝑋𝑃

1

𝑢𝐴𝑐𝑜𝑙

𝑎1

𝑎2

0
0
0

III. MULTI-LINEAR MODELS
The simplified model of the plant (1), (4) is of a general
non linear system form:

𝜉1 (𝑡)

𝜉1 (𝑡)

0

0

0

0

0 0 0
0
0 0 𝑎2
0
𝜉2 (𝑡) 0 0 𝜉2 (𝑡)

(9)

Where:
𝑎1 =𝐴𝑐𝑜𝑙 . 𝜌𝐻𝑇𝐹 (𝑇𝑜𝑢𝑡 ).𝐶𝐻𝑇𝐹 .

(5)

𝑎2 =

𝑈𝐴𝐻𝐸

2.𝐴𝐻𝐸 𝜌𝐻𝑇𝐹 (𝑇𝑖𝑛)𝐶𝐻𝑇𝐹 (𝑇𝑖𝑛)

.

(10)

Where 𝑥𝜖𝑅𝑛 the vector for state variables is, 𝑢(𝑡)𝜖𝑅𝑚 is
the vector of input variables, 𝑦𝜖𝑅𝑝 is the vector of input
variables, g and f are nonlinear functions.
The Takagi-Sugeno Fuzzy modelling has recently been
found very suitable to model a large class of nonlinear
systems; the use of this approach allows transferring and
generalizing many methods developed in the linear
control domain to the nonlinear systems and yield good
approximation properties which can be used for control
purposes.
In this work, the dynamic TS model is used to represent
the nonlinear system of the plant (5) using locally
linearized state space models where all local models have
one common state vector [12],[13].
Several methods exist to perform the TS models, such as
the approach of transformation of the nonlinear sector: it
provides an accurate representation of the model
generated without loss on a compact state space together:

a = b = 0.4375.

𝜇1 (𝜉) = 𝑤11 𝑤21

𝜇2 (𝜉) = 𝑤11 𝑤22

𝑥 ′ (𝑡) = 𝐴𝑖 𝑥 + 𝐵𝑖 𝑢 + 𝑎𝑖

𝜇3 (𝜉) = 𝑤12 𝑤21

𝜇4 (𝜉) = 𝑤12 𝑤22

Under the assumptions

{

𝜉1𝑚𝑖𝑛 ≤ 𝜉1 (𝑡) ≤ 𝜉1𝑚𝑎𝑥
𝜉2𝑚𝑖𝑛 ≤ 𝜉2 (𝑡) ≤ 𝜉2𝑚𝑎𝑥

(11)

The local weighting functions defined by:

𝑤11 =
𝑤21 =

𝜉1 (𝑡)−𝜉1𝑚𝑖𝑛

𝜉1𝑚𝑎𝑥 −𝜉1𝑚𝑖𝑛
𝜉2 (𝑡)−𝜉2𝑚𝑖𝑛
𝜉2𝑚𝑎𝑥 −𝜉2𝑚𝑖𝑛

𝜉1𝑚𝑎𝑥 −𝜉1 (𝑡)

.

𝑤12 =

.

𝑤22 =

𝜉1𝑚𝑎𝑥 −𝜉1𝑚𝑖𝑛

(12)

𝜉2𝑚𝑎𝑥 −𝜉2 (𝑡)
𝜉2𝑚𝑎𝑥 −𝜉2𝑚𝑖𝑛

Finally, the weighting functions of the derived T-S model
are given by

(6)
𝑦 = 𝐶𝑖 𝑥 + 𝐷𝑖 𝑢 + 𝑐𝑖

(13)

Considering definitions (12) the reader should remark that
these functions respect the conditions (5) and (6).
The constant matrices 𝐴𝑖 , 𝐵𝑖 defining the 4 submodels, are
determined by replacing the premise variable 𝜉𝑗 in the

The local state spaces are given as the following step:
Firstly, the number of local sub model is depending at the
nonlinearities of system 𝑟 = 2𝑞 , where q is the number of
premise variable (term of non linearity)
Here the above model is constituted by twopremise
variables:

𝜕

𝑗

matrices 𝐴(𝜉)𝐵(𝜉) with the scalars 𝜉𝑗 𝑖 , 𝑖 = 1, . . , 2𝑞 :
𝜕1

𝜕2

𝐴𝑖 = 𝐴 (𝜉𝑗 𝑖 , 𝜉𝑗 𝑖 ) 𝑖 = 1, . . ,4
𝐵𝑖 =

𝜕1 𝜕2
𝐵 (𝜉𝑗 𝑖 , 𝜉𝑗 𝑖 ) 𝑖

= 1, . . ,4

(14)
(15)
𝑗
𝜕𝑖 (𝑖

In the definitions of (20) and (21), the indexes
=
1, . . ,4 𝑎𝑛𝑑𝑗 = 1,2) are equal to min ore max, and indicate
witch partition of the jth premise variable (𝑤𝑗1 𝑜𝑟𝑤𝑗2 ) is
involved in the ith sub models.
The ith rule of the fuzzy model has the following form:

𝜉1 (𝑡)=𝑉 ′ (𝑡) .
𝜉2 (𝑡) = −0.1(𝑉 ′ ⁄2. 𝑉0 + 𝑚′ (t)/2.𝑚0 ) + 1.025..
Notice that several choices of these premise variables are
possible, due to the existence of different equivalent
quasi-LPV forms [18]
The system (5) can be rewritten as:
𝑥 ′ = 𝐴(𝜉(𝑡))𝑥 + 𝐵(𝜉(𝑡))𝑢.

(8)

Model rule i : 𝐼𝐹 𝜀1 (𝑡)𝑖𝑠 𝑀1𝑖 𝑎𝑛𝑑 … 𝜀𝑞 (𝑡) 𝑖𝑠 𝑀1𝑖
𝑇ℎ𝑒𝑛
𝑥̇ (𝑡) = 𝐴𝑖 𝑥(𝑡) + 𝐵𝑖 𝑢(𝑡)
𝑦(𝑡) = 𝐶𝑖 𝑥(𝑡)

(7)
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Where 𝑥(𝑡) ∈ 𝑅𝑚 is the state vector, 𝑢(𝑡) ∈ 𝑅𝑚 is the
input vector, 𝑢̅(𝑡) ∈ 𝑅𝑞 , 𝑞 < 𝑛, the vector of unknown
inputs and 𝑦(𝑡) ∈ 𝑅𝑝 the vector of measurable output.
For the ith local model 𝐴𝑖 (𝑡) ∈ 𝑅𝑛×𝑛 is the state matrix,
𝐵𝑖 (𝑡) ∈ 𝑅𝑛×𝑚 is the matrix of inputs, 𝑅𝑖 (𝑡) ∈ 𝑅𝑛×𝑞 is
the matrix of influence of unknown inputs, 𝑎𝑖 (𝑡) ∈
𝑅𝑛×1 is the offset vector which depends on the operating
point and𝐶(𝑡) ∈ 𝑅 𝑝×𝑛 is the matrix of output. Finally,
𝑍 represent the scheduling vector which is formed by a
subset of the input and/or the measurable state variables
to define the validity regions of the local models.

Consequently, the nonlinear model (10) can be proposed
as:
{

𝑥̇ (𝑡) = ∑4𝑖=1 𝜇𝑖 (𝜉(𝑡))(𝐴𝑖 𝑥(𝑡) + 𝐵𝑖 𝑢(𝑡))
𝑦(𝑡) = 𝐶𝑥(𝑡)

(16)

IV. FUZZY SLIDING MODE OBSERVER
Sliding mode observers are known for their robustness
and insensitivity with respect to many kinds of
uncertainty. These observers are more robust than
Luenberger observers, as the discontinuous term enables
the observers to reject disturbances, and are also
independent of a class of i mismatch between the system
and the observer. The discontinuous term is designed so
that the state estimation error vector remains on a surface
in the error space. The induced motion is referred to as the
sliding mode .In most cases, the sliding surface is the
difference between the observer and system output which
is therefore forced to be zero. Several authors have
proposed sliding mode observers design methods [14]
.The method of Walcott and Zak [15] requires a symbolic
manipulation package to solve the design problem which
is formulated. Edwards and Spurgeon [16] proposed a
canonical form for sliding-mode observer design and they
give a numerically tractable algorithm to compute the
gain matrices and the state transformation matrix to
obtain the canonical form. The observer developed in this
section is based on ideas found in [17]. The main idea
behind it is to extend the sliding mode observers to
dynamical systems described by a multiple model. In this
context, the design of fuzzy Luenberger observers are
proposed in [18], and lately applied for the detection and
isolation of faults in nonlinear dynamic systems [19].

The problem considered here i consists in the
reconstruction of the state variables by using the
information provided by the input and output signals
and, in the case of sliding mode, the reconstruction of
faults is also treated. The proposed observer for the
multiple models (6) is a linear combination of local
observers, each of them having the structure proposed
by Walcott and Zak. In this context, we consider that
the inputs‖𝑢̅(𝑡)‖ ≤ Ƞ, where is scalar and ‖‖· represents
the Euclidean norm. It is also assumed that there exists
matrices𝐺𝑖 (𝑡) ∈ 𝑅 𝑛×𝑃 , such that 𝐴0𝑖 = 𝐴𝑖 − 𝐺𝑖 𝐶 have
stable eigen values and that there exists Lyapunov pairs
(P,Qi) of matrices and other matrices 𝐹𝑖 (𝑡) ∈

𝑅𝑞×𝑞 respecting the following structural constraints:
{

𝐴𝑇0𝑖 𝑃 + 𝑝𝐴0𝑖 = −𝑄
𝐹𝑖 𝐶 = 𝑅𝑖𝑇 𝑃 , ∀ 𝑖 ∈ 1, … , 𝑀

(21)

The proposed observer has the form:
{

Assume that the fuzzy approximation of a nonlinear
system reads:

𝑥̂̇ = ∑𝑀
̂ + 𝐵𝑖 𝑢 + 𝑎𝑖 + 𝐺𝑖 𝑒𝑦 + 𝑅𝑖 𝑉𝑖 )
𝑖=1 𝑤𝑖 (𝑧)(𝐴𝑖 𝑥
𝑦 = 𝐶𝑥̂

(22)

Where 𝑒𝑦 is the output error defined as follows:
𝑒𝑦 = 𝑦 − 𝑦̂ = 𝐶(𝑥 − 𝑥̂) = 𝐶𝑒

𝑀

𝑥 ′ = ∑ 𝑤𝑖 (𝑧)(𝐴𝑖 𝑥 + 𝐵𝑖 𝑢 + 𝑎𝑖 ) + 𝑓(𝑡, 𝑥, 𝑢)

(23)

With e(t) represent the state estimation error, such as:

𝑖=1

(17)

𝑒(𝑡) = 𝑥(𝑡) − 𝑥̂(𝑡)

𝑦 = 𝐶𝑥

And the following assumptions are satisfied:

The matrices 𝐺𝑖 and the control variables𝑉𝑖 , with 𝑉𝑖 (𝑡) ∈
𝑅𝑡 must be determined in order to guarantee the
asymptotic convergence of 𝑥̂(𝑡) towards𝑥(𝑡). The terms
𝑉𝑖 (𝑡) compensate errors due to the unknown inputs. The
dynamic of state estimation error is given as follows:

𝐴1 . 𝑓(𝑡, 𝑥, 𝑢) = 𝑅𝑢̅(𝑡)
𝑀

𝐴2 . 𝑅 = ∑ 𝑤𝑖 (𝑧)𝑅𝑖

(24)

(18)

𝑀

𝑖=1

𝑒̇ = ∑ 𝑊𝑖 (𝑍)(𝐴𝑖 − 𝐺𝑖 𝐶)𝑒 + 𝑅𝑖 𝑢
̅ − 𝑅𝑖 𝑉𝑖 )

𝐴3 . 𝑢̅(𝑡) ∈ 𝑅𝑞 , 𝑅𝑖 ∈ 𝑅𝑛×𝑞 , and 𝐶 ∈ 𝑅𝑝×𝑛 with 𝑝 ≥ 𝑞.

(25)

𝑖=1

The function 𝑢̅(𝑡) represents the matched uncertainty
due to the existence of unknown inputs. For the sake of
simplicity, 𝑢̅(𝑡) is denoted by 𝑢̅.
𝑥̇ = ∑𝑀
̅ + 𝑎𝑖 )
𝑖=1 𝑤𝑖 (𝑧)(𝐴𝑖 𝑥 + 𝐵𝑖 𝑢 + 𝑅𝑖 𝑢
{
𝑦 = 𝐶𝑥
Such that:

(19)

∑𝑀
𝑖=𝑖 𝑤𝑖 (𝜉) = 1
{
0 ≤ 𝑤𝑖 (𝑧) ≤ 1 ∀ 𝑖 = {1, … , 𝑀}

(20)

V. DIAGNOSIS SIMULATION RESULTS
V.1. Faults affecting SPP
Due to anomalies of the hydraulic system functioning for
the transfer of calories to the storage tank, during an
accidental stop (ruling) of the flow of heat transfer fluid,
concentrated calories at the tube will not be evacuated.
The hydraulic system is then in danger because there is
risk of overheating of boiling putting the fluid under
overpressure. On the other hand, if the temperature of the

4
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water in the tank is close to the boiling point, it becomes
useless and dangerous as it continues to want to store
more calories.

V.4.Fault detection and isolation for SPP model
The objective of this part is to generate residuals that
reflect the faults acting on the system (16). An ideal
residual signal should remain zero in the fault-free case
and non zero when fault occurs. Once a fault has been
detected, it must be estimated. The fault estimation will
specify the type of fault, its duration, its amplitude and
eventually its probable evolution, knowing that the
threshold used in our case being fixed

V.2. Simulation
The TS fuzzy model of the plant described in section 2 is
formed by four IF-THEN logical rules that have a fuzzy
antecedent part and a functional consequent part.
Concerning the dynamics of the solar power plant and its
nonlinear model structure, two fuzzy variables are
considered in the antecedent part of the TS fuzzy model.
The memberships functions of the scheduling variables
are depicted in figure4.The local dynamic models are
deduced from the nonlinear model (1) through dynamic
linearization by sector transformation.
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This implies that it is possible to estimate the state
through either the first output 𝑇𝑜𝑢𝑡 (𝑦1 )or the second one
𝑇𝑠𝑡𝑒𝑎𝑚 (𝑦2 )
The sensor fault detection and localization is based on the
analysis of the residuals generated by three observers
𝑟𝑦𝑖,𝑘 = 𝑦𝑖 − 𝑦𝑖,𝑘 The three observers, diagrammed in
figure7, estimates the states of the system from the input
(the HTF volume flow rate), the measured disturbances
(environmental data, steam mass flow rate, heat
exchanger water inlet temperature), and the measurement
of the collector outlet temperature.

0.5

µ4

µ3

Three fuzzy sliding mode observers are designed, one
based on the outlet collector temperature observer
𝑦1 = 𝑇𝑜𝑢𝑡 , the second based on the steam temperature
𝑦2 = 𝑇𝑠𝑡𝑒𝑎𝑚 and the last is based on the two outputs 𝑇𝑜𝑢𝑡
and 𝑇𝑠𝑡𝑒𝑎𝑚 .
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In order to identify the sensor fault, we consider that the
Actuator is faultless ( 𝑢̅ = 0) while the output vector y is
corrupted by the sensor fault ∆𝑦 = 0 .
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V.4.1.Sensor fault detection:
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Figure4. Membership functions of scheduling variables.

V.3.State estimation
To see the effectiveness of the proposed observer,
simulation results are presented in figures 5 and 6. Figure
5 shows the unknown inputs presented to the system
while Figure 6 shows the state estimation. Based on
Figures 5 and 6, it can be seen that the observer performs
as expected despite the presence of the unknown inputs
and the real and estimated states are found to be close.
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Figure7. Block diagram of the banc observer-based FDI
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Figures 8 and 9 show signals that represent sensor
failures, the first one has been added to sensor 1 output y1
between 11 and 13 hr, and the second one has been added
to sensor 2 output y2between 09 and 10hr .
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Figure 5: The unknown inputs
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Figure 6: The four states: Dotted line: estimated
state; solid line: real state
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based on the synthesis of the proposed fuzzy sliding mode
observer is realized. The numerical simulation results for
solar power plant show that sensor fault detection can be
performed as well by this type of observer. Also for the
near future we plan to apply in this FDI structure adaptive
detection threshold which will lead to a marked
improvement in the latter.
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V.4.1.2.FDI using sliding mode observer1
The simulation results of the fault detection and isolation
based on theobserver1are illustrated on the figures 10
(part1 and part2). The residuals 𝑟1,2 and 𝑟2,1 generated by
the observer1 allow to detect and locate the fault sensor on
the y1. The fault detection and localization is possible by
this observer1, because this observer does not depend on
the faulty output2.
VI. CONCLUSION
As to the interest of the technology of solar power plants,
it is necessary not only to design processes of conversion
of energy, but it is also important to assure availability of
these equipment by using the concept of the fault
detection and isolation (FDI).
A suitable sliding mode observer for dynamic nonlinear
processes subject to unknown inputs is developed in this
paper. The nonlinear system is decomposed by nonlinear
transformation sector used to design different kinds of
fuzzy observers. An application to sensor fault diagnosis
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