A Robust Unknown Input Observer for Open Channel Irrigation Systems
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Abstract

In agriculture, most of the water for irrigation is transported by means of open-flow channel networks. To ensure their optimal
operation, it is very important to monitor all system state variables accurately. This paper proposes a new state estimation scheme
able to mitigate the effect of unknown inputs (e.g., user demands, seepage and rain) and noise based on a robust unknown input
observer (RUIO) that expresses the canal control-oriented model as a one-sided Lipschitz (OSL) quadratically inner bounded (QIB)
system. The modeling methodology also includes the discharges of each gate, along with a transition flow that considers the effect
of potential energy (channel slope) and kinetic energy (velocity in the transport of matter and frictional losses). The performance
of the proposed observer is evaluated on the Corning channel benchmark using data provided by SIC?, which is a high-fidelity
simulator that solves numerically the Saint-Venant equations and thus generates data that is close to the real canal operation. The
obtained results demonstrate that the RUIO is capable of estimating the upstream heights from the downstream height measurements
(which are subject to noise and unknown inputs), hence showing that this strategy can lead to savings in terms of required sensors.

Keywords: Open Channel Irrigation Systems, Unknown Input Observer, Robust Nonlinear State Estimation, One-Sided Lipschitz

Systems.

1. Introduction

Most of the water consumed in the world is used for irrigation
[1]. This vital substance is transported by means of open-flow
channel networks, which are mostly operated manually, lead-
ing to high losses and inefficient operation [2]. To mitigate this
problem, automatic control systems could be included to im-
prove the operation [3]. However, in practice the number of
available sensors is limited, making it difficult to apply control
strategies that require full state information [4]. To overcome
this limitation, different works have been reported in the liter-
ature, as is the case of [5], where an ensemble Kalman filter
(EnKF) and Saint-Venant equations (SVE) are used to estimate
the discharges and heights in the Yellow river (China). The use
of a particle filter is proposed in [6] together with SVE to esti-
mate the flow in a network of 19 sub-channels and one reservoir
in the southern part of San Joaquin Delta in Sacramento (Cali-
fornia). A moving horizon estimator (MHE) is used in [7-10]
to reconstruct all the levels in inland waterways in the north of
France.

In the previous references, several approaches are used to-
wards monitoring variables involved in operating open chan-
nels for water transport, notably discharges and water levels.
However, this type of systems is usually subject to unknown in-
puts (as e.g., theft, leakage, rainfall and user demands) that can
affect e stimation q uality, m otivating t he d esign o f estimation
strategies that can deal with these uncertainties. An unknown
input observer (UIO) scheme for linear systems is proposed in
[11] using a model of an open channel based on linearized SVE
to reconstruct infiltrations. The unknown inputs that can affect

the open channel are reconstructed in [12] with a UIO-MHE al-
gorithm, using the Corning channel (California) as case study.
On the other hand, a sliding mode UIO is designed in [13] to es-
timate the discharge and the time-varying infiltration in a canal
of three reaches with rectangular sections. A UIO for linear
continuous-time systems with delayed states and inputs is de-
signed in [14] to reconstruct unknown inputs (actuators faults)
in the Gignac canal.

The literature review performed reveals that the design of
UIO for the state estimation of open channels is an active area
of research. However, the majority of the approaches in the
literature assume certain simplifications, most notably the use
of linear models, while nonlinear state estimation consider-
ing unknown inputs in water channels has been poorly inves-
tigated. Motivated by this limitation, this paper explores the
design of a UIO on the basis of the nonlinear model proposed
in [15], which has been shown to perform adequately when
tested against the EPA SWMM software, with the aim to mit-
igate the effect of unknown inputs and noise. This dynamic
nonlinear model is reformulated using a one-sided Lipschitz
quadratically inner-bounded (OSL-QIB) nonlinear system rep-
resentation [16]. The main advantage of OSL-QIB systems over
conventional Lipschitz systems is that the former allows to rep-
resent dynamic systems in a more general manner compared to
the latter. This is due to the fact that OSL-QIB systems admit
an unbounded decay rate and negative constants, while conven-
tional Lipschitz systems have bounded decay and growth rates,
and can moreover only be represented with a single positive
constant [17].



The OSL-QIB model is used in this paper to propose a ro-
bust estimation scheme that mitigates the effect of unknown in-
puts (e.g. user demands, seepage, leaks and rain) and noise by
means of a robust UIO (RUIO) scheme for an open-flow chan-
nel system. The performance of the RUIO is tested considering
the first three pools of the Corning channel (California) as case
study, with the goal of estimating the upstream levels using the
measurements of the downstream levels subjected to unknown
inputs, hence showing that downstream level measurements are
sufficient to reconstruct the upstream levels, which makes it
possible to incur capital cost savings in relation to the number
of sensors to be purchased [18]. This work extends previous
results presented in [16], as that observer used a simple ODE-
based virtual plant for comparison. However, this paper carries
out the validation phase using close-to-reality data provided by
SIC? (Simulation and Integration of Control for Canals), a spe-
cialized hydraulic software that solves the Saint-Venant equa-
tions (SVE) by means of the Preissman discretization method
[19-21]. SVE is the most accepted model by the scientific com-
munity for water channel modeling, providing data very close
to reality, which makes SIC? a robust tool for testing control
algorithms in waterways [22]. This is, to the best knowledge of
the authors, the first case study where the results are contrasted
with data close to reality (provided by SIC?). Moreover, para-
metric uncertainty associated with the model is explicitly taken
into account inside the observer formulation, see, e.g., [23-26].

The following is a summary of the contributions of this arti-
cle with respect to the current state of the art:

e The use of a control-oriented model for open-flow channel
systems for water level estimation, together with its refor-
mulation as a nonlinear OSL-QIB system.

e The design of a RUIO for OSL-QIB systems considering
robustness against measurement noise, parameter uncer-
tainty and unknown inputs simultaneously, which consti-
tutes a novel result. This work is an extension of the work
reported by [27], where the integration of parametric un-
certainty in the observer design is considered.

e The validation of the performance of the RUIO in a well-
known case study (Corning channel) in a high-fidelity sim-
ulator for open-flow channels.

The structure of the paper is the following: in Section 2, the
problem statement is defined and the proposed approach based
on the UIO scheme for OSL-QIB systems is given. Section 3
introduces the case study based on the Corning channel, and
the results obtained by applying the proposed approach are pre-
sented and discussed in Section 4. Finally, Section 5 draws the
main conclusions of the present work.

2. Problem Statement

As discussed in the introduction, the design of an observer
for open-flow channels systems implies dealing with robustness
against parameter uncertainty and measurement noise, as these
can deteriorate the performance of the state estimation strategy.

Therefore, the goal of this work is to formulate an observer that
is robust to parameter uncertainty and noise. The implemen-
tation of an observer characterized by these features becomes
interesting for real-time state estimation applications.

The design of a UIO with robustness properties for open wa-
ter channels will be based on the phenomenologically-based
model presented in [15], and can explain the evolution of the
dynamic system at multiple equilibrium points. The reason be-
hind this choice is twofold. First, the design of a UIO using
the OSL-QIB property for the model presented in [15] is rel-
atively simple. Second, other existing models in the literature
describing the open-channel dynamics are highly nonlinear or
mathematically more complex. Examples of this are the nonlin-
ear model based on the discretization of the SVE by orthogonal
placement used in [28] for observer-based control, which is a
high-dimensional model that is hard to use for long channels
with several reaches, and the nonlinear version of the Integra-
tor Delay Zero model (IDZ), where the presence of the delays
renders the design of a nonlinear time-delay UIO more compli-
cated. Taking into account the above arguments, it can be con-
cluded that the phenomenological model presented in [15] is a
good alternative with manageable complexity that can be used
for water level estimation in canals. Despite the advantages
this model offers in terms of implementability and mathemati-
cal simplicity, it should be noted that it is necessary to design a
robust observer to obtain a satisfactory estimation, since some
of its parameters are time-varying [29].

An overview of the open-flow channel modeling approach
that will be considered in the observer design is presented first.
Then, the model is reformulated in the OSL-QIB framework.

2.1. Overview of the modeling approach

Multiple-pool open-channel systems such as the one depicted
in Figure 1 are considered. Each channel pool is described by
two differential equations based on material and energy bal-
ances per storage unit as follows:

Aupiyup,‘ = Ql(t) - Qtr,'(t)v (1)
AdnYan, = Qur (1) = Qour, (1) = Qis1 (1), )

where the subindex i corresponds to the i pool of the channel,
Yup, 18 the upstream level, yg,, is the downstream level, Q. (f)
are the outflows that feed other users or other channels (mod-
eled as undershoot gates in free flow [12]), and A,,, and Ay,
are the surface areas for each storage unit. Moreover, Q;(¢) is
the inflow that comes from the upstream channel and Q;(?) is
an outflow that feeds the downstream channel according to

O; = ciwu; \/2_8\/|)/dm,1 = Yup,|- (3)

The transition flow is given by
Qtr, = Ktr,yup,- \“yup,- = Ydn; + Az, “)

AZ = Zup, — Zan;» )

with
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Figure 1: Example of a multiple-pool open-channel system, inspired by [30].

where K, is a constant that encapsulates the friction losses,
Zup, and z4,, are the upstream and downstream heights of the
channel, respectively, ¢; is the gate discharge coefficient, and w;
and u; are the gate width and height, respectively.

2.2. Reformulation as an OSL-QIB nonlinear system
The general form of an OSL-QIB system can be expressed as

& = Ax(t) + Dyf(Hx,u) + Dv, ()
D;=H=1I, ™)

where Dy and H are matrices of proper dimensions, and D is
the matrix associated with the unknown inputs (0 in this partic-
ular example). In order to complete the characterization of the
system, the OSL-QIB constants must be found, i.e., parameters
p,7v, B in Equations (19) and (21).

To explain the procedure of moving from a phenomenolog-
ical model (mass and energy balances, in this case) to a non-
linear OSL-QIB model, the first pool of the channel reported
in Figure 1 is used as example. For the previously described
channel section, the following mass and energy balances are
proposed:

Aup,’yup,' = Ql(t) - Qtri(t)’ (8)
Adl’l,’ydn,' = Qtr,-(t) - Qum‘(t) - Qi+1(t)a (9)

Qi = cwitti 28 \Jl¥s = Yupis (10)
Qit1 = CistWis1lis1 \/@\H)’dn,,l = Yup;|- (1)

Having defined the nonlinear dynamics (for i = 1), the next
step is to find the equilibrium points of the system for given
gates openings, and then linearize to obtain matrix A as

Wup;  Wup,

— (rjy'upl (')y(m,
A= B (12)

Oup,  OVamy

X=Xeq

From the knowledge of matrix A, and assuming that B = 0,
it is possible to write the nonlinear part as the error of lineariza-
y upi
sented in the OSL-IQIB form using the OSL-QIB constants. The
corresponding values are reported in [16], and the methodology
to determine them is also discussed.

tion as e(x) = [ ] — Ax = f(x,u). Then, pool 1 can be repre-

2.3. Uncertain OSL-QIB nonlinear systems

Consider the following dynamical system subject to time-
varying terms, which are used to model the effects of uncer-
tainties in the linear and nonlinear part:

%= (A + AA)x(?) + Bu(t) + Dy f(Hx(1)) + Dv(1), (13)
y = Cx(t) + Rh(2), (14)
F(Hx) = fo(Hx(®)) + 0f (Hx(1)), 5)

where x € R” is the state, u € R" is the input, y € R? is the
output, v € R” is an unknown input, s € R/ is the measurement
noise, and A € R™, B € R™", C € R?", D e R™, D €
R™" H € R™ and R € R? are the system matrices. On the
other hand, matrix AA and the term 6f(Hx) are time-varying,
and are used to model the parameter uncertainty [24]. Both
elements are assumed to have the following properties [24]:

AA = MiF(t)N}, (16)
16 (Hx(@)Il < 8llx@l, (17

where 6 is a positive scalar, M; € R™" and N; € R are
known and constants matrices, and F(¢) is a time-varying matrix
that satisfies F(1)" F(f) < I [31]. The nonlinearity’s nominal
term fy(Hx) is assumed to fulfill the OSL and QIB conditions
that are summarized below [32]:

Condition 1: The nonlinearity fy(Hx) satisfies the OSL con-
dition if the following inequalities are fulfilled:

FotHX(D)=fo(HE®), H(x(1)=2(1))) < plHD—=E@)IF. (18)

Defining Af = f(HX(¢)) — f(Hx(t)) and e = X(t) — x(¢), Equa-
tion (18) can be rewritten as

AfT(OHe(t) < pe()" H He(t), (19)

where p € R is the OSL constant.
Condition 2: As in Condition 1, the following inequalities
are formulated to state the QIB property:

I fo(Hx)() = fo(HE@)I < BIH(x(r) = K@)I+
Y{fo(Hx(®)) = fo(HX(1)), H(x(1) — X(1))). (20)

Defining Af(t) = f(HX(t)) — f(Hx(f)) and e = X(¢) — x(¢),
Equation (20) can be rewritten as

AfTOAS(1) < Be)" H He(t) + ye(t)' HAf(1), 2y

and the scalars y, 8 in (21) are the QIB constants.

It should be noted that every vector function that is lo-
cally Lipschitz satisfies the one-sided Lipschitz property, but
the inverse is not true [32]. For instance, the scalar function
f(x) = —x? is locally Lipschitz but not globally Lipschitz [33].
However, by applying (19) it is possible to conclude that the
condition is fulfilled with p = 0, and thus the system is OSL.
From the above, it can be inferred that the OSL condition en-
compasses a much larger family of dynamical systems than the
classical Lipschitz condition. Hence, the design of an observer
with this property could estimate the unmeasurable state of a
wide variety of systems (more than including classical Lips-
chitz property).



3. Proposed Approach

3.1. Preliminaries

In order to present the approaches presented in this paper, the
following preliminary definitions and lemmas are necessary:

Definition 1. (Exponential Observer) [34]: An observer X is
an exponential observer of x with convergence rate o and over-
shoot Q if the following inequality holds for all t > 0:

llx(r) = 2(D)II < QIx(0) — Z(O)lle™ ™. (22)

Definition 2. (Continuous-time robust observer) [34]: An ob-
server X of x with L, gain u is said to be robust with respect to
perturbation v, if :

foo (e(s)Te(s) - /,tzv(s)Tv(s)) ds <0, (23)
0

where e(s) corresponds to the error of estimation (X(s) — x(s)).

Lemma 1. Young inequality [24]: For real matrices of appro-
priate dimensions X,Y, and F(t) fulfilling F®)TF(t) < I, the
following expression can be defined [24]:

XFY +YTFT()XT < e'XXT + YTy, (24)
where € is a positive scalar.

Lemma 2. Schur complement [35]: Given matrices Q = Q7,
R = RT and S with appropriate dimensions, the following
propositions are equivalent:

& 3 e<oo-0r-m 25)
R<0,0-SR'sT <0 (26)

3.2. Robust Unknown Input Observer

This section will address the design of a RUIO for OSL-QIB
nonlinear systems, and in particular for the case of an open-
channel system. Initially, consider the following UIO structure
[32]:

2(t) = Nz(t) + TBu(t) + Gy(t) + T Dy fo(HX(1)), 27)
(1) = z(1) — Ey(0), (28)

where z is the auxiliary variable and X is the estimation of the
system state. The matrices N, J,L,E and T = I, + EC are the
observer gains. In the following equations, the observer gains
are stated as functions of other matrices (P, Q, S) that will be
used as matrix variables in LME and LMI:

E=P'S,
K=rP"Q,
N=TA-KC,

G =K + KCE - TAE. (29)

The subtraction between the estimated state and the real state
of the system allows to define the estimation error as

e(t) = x(t) — X(r)
= x(t) — z(t) + ECx(2)
= Tx(t) — 2(). (30)
Taking the time derivative of (30), the error dynamics are
given by
é=Ne+TDsAf +TDs0f(Hx)
+ TAAx — (GR + NER)h + ERh + TDv. (31)
Theorem 1. Considering system (13), with relations (16)-(21)
verified, if there exists a symmetric matrix P > 0, and matrices
S, O, and positive scalars T, Ty, T3, T4, Ts, A1, Ao, €1, €, €&

and u for which the following constrained-convex optimization
problem can be solved:

min /1+€1+€2+E3—(T3+T4+T5)

Ay T (32)
s.t. [rg _92} <0,

PD+SCD =0, (33)

w? al 0 -QR SR

aq —2T21n 0 0 0

A2 = () 0 (oa 0 O 5
—RTQT 0 0 -el, O
RTST 0 0 0 -&l,

wr = PN+ NP+ Qrip+20,8H"H + 71,
a) = D]TcalT -71H +1yH,
o= /lleTNl — Elln,

a]Df (11M1 0 0 0
0 0 0 00
=] 0 0 I, 0 0|,
0 0 0 00
0 0 0 00
O =diag((ily by pl, I, 1))

Then observer (27) is a robust observer of system (13) consid-
ering noise and parameter uncertainty, with L, gains equal to

max(e, €, &)
min(t3, 74, 7s)’

and its gains are given by (29).
Proof. By assuming PD + SCD = 0, and since P is invertible,
it follows that D + P~'SCD = 0. Moreover, since P~'S = E,
(I + EC)D = 0, it follows that TD = 0. Furthermore:
NT+GC-TA=N+NEC+GC-TA
=—-KC + NEC + GC
= NEC + (KCE - TAE)C
=(N+KC-TAEC
=0.



With the above considerations, the following simplified error
dynamics are obtained:

é=Ne+TDsAf +TDs0f(Hx)
+TAAx — (GR + NER)h + ERh. (34)
Considering the error dynamics (34), the quadratic Lyapunov

function (LF) V = e Pe is proposed. Taking the LF derivative,
the following expression is found [24]:

V =2¢" PN +2¢" a\DyAf +2¢" a\DOf(Hx)
+2e¢la; M F(f)N\x — 2¢" QRh + 2¢" SRh.  (35)

Applying Lemma 1 to (35) and properties (16) and (17), the
following inequalities are obtained:

2¢"a\Ds0f(Hx) < A'e" a\DsDiaje + 1,0x"x,  (36)

2e"ay M F(t)N 1 x < X5 e"ay MM al e + ,x" NI Nyx. (37)

As a first step towards obtaining a satisfactory performance
against the parametric uncertainty of the nonlinear part, the sub-
stitution 1,6 = u~! is performed. Pre-multiplying OSL-QIB
properties by the positive scalars 27; and 27,, and considering
(36) and (37), an upper bound for the LF derivative is found as

V<V+ /lfleTalDfD;alTe +u X x+ et aM M al e
+ X" NTNyx = 211AfTHe + 21 1pe" H He — 21,AfT Af
+ 21,86 H He + 2t,ye" HAF.  (38)
Equations (39)-(41) represent the £, gains €, &, €3, which in-

clude the effect of parameter uncertainty, noise and its deriva-
tive:

T T

T3¢ e — e x x <0, 39)
T4eTe - ethh <0, 40)
1sele — ehTh < 0. 41)

Adding Equations (39)—(41) to both sides of Equation (38),
and defining the variable ¢ = [z//T KT hT], the set of matri-
ces that define the upper bound of LF derivative are defined:

W al 0 -OR SR
an —27‘21,, 0 0 0
Ay = 0 0 loa 0 0 |,
—RTQT 0 0 -el, 0
RTST 0 0 0 —el,

o= LNIN, - g1,

ai(A]'DDy + ;' MiM)af 0 0 0 0

0 0 00

D, = 0 0 wp'l, 0 0],
0 0 0 00

0 0 0 00

Virele—ex'x—eh"h—ehh= (_f::T(A2 + Oy)é. (42)

(A +D)E<0 (43)
Integrating both sides of Equation (42) leads to

f ele— w(xTx +h"h+h"h) <0.
0 min(ts3, 74,7s)

Note that (43) corresponds to a nonlinear matrix inequality
(NMI), hence convexity cannot be ensured. However, matrix ®
can be decomposed to transform the NMI into an LMI. Defining
matrices I», ¥, and @,, Equation (43) can be rewritten as

Oy = 1L,¥,05, (44)
where
alDf a1M1 0 0 O
0 0 0 0 O
I=| 0 0 I, 0 0 45)
0 0 0 0 O
0 0 0 0 O
and

¥y =diag (47" 5'L ' L L])=9'. (46)

Given Equations (45) and (46), the Schur complement lemma
is used to rewrite the NMI problem A, —1"2(—‘}’2)1"5 < O into the
following semidefinite programming (SDP) form to find robust
performance for the UIO:

mn u+e+e+6a-—1

A Ty 47
s.t. [1_27 _QJ<O.

The feasibility of the optimization problem (47) concludes
the proof. O

Proposition 1. Necessary and sufficient conditions for (27) to
be a UIO for the system defined by (13) are [36]:

o rank(C) = rank(CD),
e the pair (A, C) is detectable, with
A, = A-D[(CD)'cDI /(CD)"CA,
o there exist nonzero OSL-QIB constants such that the LMI
in (47) is negative definite.

Proof. The LMI in (47) (when the OSL-QIB constants are 0)
can be expressed defining the variables w, = PN + NTP + 71,
and a1 = DgalT — 71H. The LMI can then be rewritten as

7 [Az I

o 92] x = x] Agxy + 2x1 Toxy — x5 Qo ;. (48)
2

From Equation (48), and assuming the detectability condi-
tion, it is possible to conclude that

T T T 2
X Aoxy +2x1Tox0 — x5, Qo X < = A (A)NIx1 |

+ 2llxi Tl = ellxall®, - (49)



Pool Length (m) Width(m) Az(m) u;(m) yg, (m) y,, (m)
1 7000 7 1.1 0.35 2.84 2.38
2 3000 7 0.46 1.18 2.93 2.65
3 3000 7 0.47 0.95 3.02 2.7

Table 1: Geometrical properties of the Corning channel [30].

with e = A; + 1.
Applying the Cauchy-Schwarz inequality to Equation (48),
the following relationship is obtained:

[l 1T

2T Ml ezl < + 12l PIIT I (50)

Using Equations (49) and (50), it is possible to bound the
non-definite sign matrix A term as

I
X Agxy + 22T Toxy + XL Quxy < —(Amaxmz) - ¢—2 117
1

— (e = I0allgn) Ibal®. (51

One can choose ¢; such that A,,,,,(I'2)— @ > 0, and also such
that € — |[[;||¢; > O, ensuring that LMI (48) is negative definite.
By continuity of negative definiteness, there exist small enough
OSL-QIB constants such that the LMI in (47) is feasible, and
relationship (49) is fulfilled. O

4. Case study: the Corning Channel

The Corning channel (California), which has been proposed
by the ASCE Task Committee on channel automation algo-
rithms [30] so that researchers can test control and estimation
algorithms, is selected as simulation case study and is depicted
in Figure 2. This channel consists of eight pools with verti-
cal sluice gates, including level sensors at the downstream of
each pool, and it operates in submerged flow in order to avoid
the transition between free and submerged flows. In this pa-
per, only the first three pools of the channel are considered in
order to illustrate the performance of the method. The goal is
to show that all the upstream heights can be reconstructed just
by measuring the downstream heights, which are subjected to
noise (normal distribution with 0 mean and standard deviation
1) and user demands.

The dynamic model considered by the observer is the one
proposed by [15], and it will be used to reconstruct the unmea-
sured heights from the realistic data provided by SIC? [19]. In
Table 4, the geometrical parameters of the channel and the gates
(undershoot in submerged flow) can be found together with the
nominal heights considered in the simulation. Then, the param-
eters of the model given by Equations (1) and (2) are found for
each pool using the data provided by SIC? together with the
formulation of a convex optimization problem [15]. The values
for each of the parameters after the identification process are
summarized in Table 4.

Analyzing each of the terms involved in Figure 2, y, and y
are constant heights in order to mimic the behavior of a water

Upstream
reservoir

Gate #1

Gate #3
Pool #2

3 Gate #4
Pool #3 Downstream

reservoir

Figure 2: Three-pool section of the Corning channel [13].

S

Pool Ktr,- (ﬁ) Aup,- (mZ) Adn,- (m2)

1 7.75 69887 70154
2 7.95 30338 29703
3 8.5 38464 38464

Table 2: Parameters for each pool of the Corning channel.

reservoir, and each w; corresponds to the first set of unknown
inputs to which a water channel may be subject (infiltration,
leakage, theft, rain, etc.), where a positive sign indicates an in-
flow, e.g., rainfall, and a negative sign indicates an outflow, e.g.,
leakage. Finally, the second unknown inputs are the water de-
mands by users, denoted with Q,,, which can occur simultane-
ously with w;. Figure 3 shows the SIC? simulation environment
with the implementation of the case study.

The performance of the RUIO is measured using the Integral
Squared Error (ISE), which is defined as

ISE = f | et | dt. (52)
0

5. Results and discussion

The performance of the UIO is evaluated using the case study
presented in Section 4. The upstream heights are estimated
using only the downstream height measurements, taking into
account all pools and levels involved (i = 1,...,3 pools and
j=1,...,6 heights).

The UIO gains are computed first. Then, three different sce-
narios are used to assess the performance of the approach.

5.1. UIO implementation

The data in Table 4 allow to determine the values of the math-
ematical model of the canal, given by Equations (1) and (2), as:

of .
A=orl o =P val =123 63
-2.892  1.008
1.676 —-1.595

et | 0 13652
A =10 0 0 , 54)
0 0
0 0
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Figure 3: SIC? environment of simulation for a three-pool section of the Corning channel.

01 000
00100
C=lb o0 1 0 (55)
00 0 0 1
0 0 0 0
5.904 0 0 0
—-57.249 29.412 0 0
—10-5.
=107 44500 _120 92200 o |° O
0 71200 -110  28.250
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The values of the terms in Equation (53) were found using
the steady-state values yg,,, Yup, and u; reported in Table 1. The
OSL-QIB constants were calculated according to the method-
ology proposed by [17], obtaining the values p = 10,y = 8 =
—1. Having the matrices with the nominal model, it is possible
to define the case study with the unknown inputs.

Knowledge of the system matrices (53)—(60), the OSL-QIB
constants and the balance equations allow to determine the UIO
gains for the Corning channel using Theorem 1. The gains ob-
tained by solving the SDP are as follows:
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5.2. Scenarios

Three different scenarios are used to test the performance.
The first scenario considers only user demands. The second
scenario tests the performance of the UIO under simultaneous
unknown inputs, i.e., demand and rain. Finally, the third sce-
nario features gate movements and sensor noise additionally
to simultaneous unknown inputs. Table 5.2.3 summarizes the
value of the ISE for each scenario.

5.2.1. User demands

In this case, only the users demands are considered, which
will be assumed to be served using a gate that is responsible
for extracting water from the main network. The gate opening
values are selected in order to ensure that the channel operates
in submerged flow. The total simulation time is 6 days with
a sampling time of 10 minutes. Figure 4 depicts each of the
gates involved in the study case (red color), and the values cor-
responding to each gate opening.

As shown in Figure 4, from day 1 the first flood gate opens,
and on day 3 both floodgates operate simultaneously in order to
provide water to the users. It is observed that on days 2 and 4
the gate heights (users demands) are modified in order to eval-
uate the robustness of the observer to changes in the unknown
inputs. The results of the estimation are summarized in Figure
5. As shown in Figure 5, the observer robustly estimates the
upstream heights of pools 1 and 2 with a maximum steady state
error of 2 and 2.1 cm, respectively. The errors found confirm
the good performance of the observer for this case, since they
are within tolerable uncertainty limits in different applications.
Additionally, analyzing Figure 5 (graphical description of the
case study whose result is in Figure 6) it can be noted that
the demands by the users are on average higher than in the
other cases, so this amplifies the magnitude of the unknown
input (since the demands have a greater impact on the estima-
tion than leakage and rainfall), causing the observer to present
a relatively high error with respect to the other case studies.
However, in terms of performance it does not compromise the
performance of the observer in the application under consider-
ation.

5.2.2. Simultaneous unknown inputs (user demands and rain)

To test the performance of the observer using more challeng-
ing scenarios, a larger number of openings of the gates that sup-
ply the users (unknown demands) are added, along with the ef-
fect of varying amounts of rainfall over the entire network (also
considered as unknown inputs). The rainfall values assigned for
each section of the channel (blue color in the letter w) are de-
picted in Figure 6, together with the openings of the gates over
time calculated with the CEM88(V) equation implemented in
SIC? [19].

The results reported in Figure 7 show a maximum steady-
state error equal to 1.5 cm for the first upstream height, and a
value of 3 cm for the upstream height of the last pool. From the

Simulation scenario ISEx10°
User demands 4.4286
User demands and rain 4.5677
User demands, seepage and noise ~ 4.9378

Table 3: Performance of the RUIO in each scenario

results obtained, it can be concluded that the second unknown
input (rain) does not affect considerably the performance of the
observer, so it can be inferred that the UIO is robust to its oc-
currence.

5.2.3. Simultaneous unknown inputs, gate movements and sen-
Sor noise

The last case to be discussed subjects the observer to more
complex conditions than those previously evaluated. Initially, a
leak (unknown input) is placed in pool number 2, and simulta-
neously the demands required by the users (as discussed in case
2) are considered. In order to compensate for the loss of water
in the canal, gates 1, 2 and 3 are opened while the last one is
closed in order to retain as much water as possible in the net-
work. Figure 8 details each of the variables considered in the
simulation case.

The simulation case in Figure 8 was formulated in order to
evaluate the observer’s ability to capture transients generated
by changes in inputs (gate movements) while being subjected
to unknown inputs, sensor noise and parameter uncertainty (it is
recalled that K,,,, A, and Ay, vary according to the operating
point).

The results produced by the UIO when capturing the data
delivered by SIC? can be found in Figure 9, which shows a
maximum steady-state error of approximately 3 cm for each of
the upstream heights. Although it is true that this result has a
slightly higher error compared to the past cases (approximately
0.5-1 cm), the performance of the UIO is outstanding, as it man-
ages to reject all adverse conditions (unknown inputs and para-
metric uncertainty) and captures the transients generated by the
changes in the gate position. It can be concluded that the UIO is
an attractive proposal to implement in situations that are similar
to this third scenario.

Table 3 summarizes the ISE for each scenario, and allows to
conclude the satisfactory performance of the RUIO. Each sce-
nario considers the impact of the unknown inputs (demands),
then another additional unknown input is added (user demands
and rain), to finally consider both unknown inputs simultane-
ously with another type of unknown input, i.e., noise in the
sensor and movement of gates. The observer yields low steady-
state errors and a value of ISE that increases with each of the
adversities, but without an abrupt or considerable change in its
magnitude. Although the ISE metric has a large absolute value,
this is due to the simulation time, since the integral is calculated
over a horizon of 5 - 10° seconds.
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Figure 5: State estimation in the first scenario (user demands).

6. Conclusions and future work

This paper presented the design of a RUIO for OCIS in sub-
merged flow, and tested its performance considering three dif-
ferent scenarios using a high fidelity model of the Corning
channel. The results obtained allowed to conclude that the
RUIO cis an attractive algorithm to be used in the estimation of
water level in open channels, as it proved capable of rejecting
the sensor noise generated and mitigate the adverse conditions
generated in each simulation scenario (parameter uncertainty,
unknown inputs and transients generated by the movement of
the gates). By using data that are very close to reality, the

RUIO is a reliable and innovative approach for state estimation
in OCIS.

As future work, it would be interesting to evaluate the per-
formance of the RUIO in longer channels, and observe the in-
teraction of the levels of each of the pools by modifying each
of the variables involved in the process. Testing the estimation
algorithm developed in this article in real systems would also
be of practical interest, as this allow to evaluate the impact that
this type of solutions can have for relevant stakeholders.



Upstream

reservoir
Gate #1 Gate #2
E:1
Pool #1 3,

Qa,

day 1 — ug, = 0.06m
day 2 — uy, = 0.07m

Downstream
Treservoir

¥ =34m

day 3 — uy, = 0.05m
day 4 — uy, = 0.08m
day 5 — uy, = 0.04m

Figure 6: Simulation case 2: user demands (red) and rain (blue).

14

= 12f -

£ ——RUIO

o - - sic?
> 1 1

08 . ' ! . . |

0 05 1 15 2 25 3 35 4 45 5
Time(s) x10°

25 3
Time(s)

1.5 2

2.5 3 3.5 4

Time(s)

15 2
x10°

25 3
Time(s)

25 3
Time(s)

Figure 7: State estimation in case 2 (user demands and rain).

References

(1]

[2]

(3]

[4]

[3]

(6]

G. Conde, N. Quijano, C. Ocampo-Martinez, Modeling and control in
open-channel irrigation systems: A review, Annual Reviews in Control
51(2021) 153-171.

G. Conde, C. Ocampo-Martinez, N. Quijano, A novel nonlinear model
predictive control approach to minimize losses in open-channel irrigation
systems, ISA Transactions (2025).

A. Castelletti, A. Ficchi, A. Cominola, P. Segovia, M. Giuliani, W. Wu,
S. Lucia, C. Ocampo-Martinez, B. De Schutter, J. M. Maestre, Model pre-
dictive control of water resources systems: A review and research agenda,
Annual Reviews in Control (2023).

P. Segovia, V. Puig, E. Duviella, Set-membership-based distributed mov-
ing horizon estimation of large-scale systems, ISA Transactions 128
(2022) 402-413.

R. Lai, H. Fang, G. He, X. Yu, M. Yang, M. Wang, Dual state-parameter
optimal estimation of one-dimensional open channel model using ensem-
ble kalman filter, Journal of hydrodynamics 25 (4) (2013) 564-571.

M. Rafiee, A. Barrau, A. Bayen, State estimation in large-scale open
channel networks using particle filters, in: American Control Conference
(ACC). IEEE, 2012, pp. 1104-1110.

10

(71

(8]

[9]

[10]

[11]

[12]

[13]

P. Segovia, L. Rajaoarisoa, F. Nejjari, E. Duviella, V. Puig, Model predic-
tive control and moving horizon estimation for water level regulation in
inland waterways, Journal of Process Control 76 (2019) 1-14.

F. Karimi Pour, P. Segovia, E. Duviella, V. Puig, A two-layer control
architecture for operational management and hydroelectricity production
maximization in inland waterways using model predictive control, Con-
trol Engineering Practice 124 (2022) 105172.

R. Ranjbar, P. Segovia, E. Duviella, L. Etienne, J. M. Maestre, E. F. Ca-
macho, Digital Twin of Calais Canal with Model Predictive Controller: A
Simulation on a Real Database, Journal of Water Resources Planning and
Management 150 (5) (2024) 05024002.

P. Segovia, V. Puig, E. Duviella, A Multilayer Control Strategy for the
Calais Canal, IEEE Transactions on Control Systems Technology 32 (2)
(2024) 311-325.

S. Pillosu, A. Pisano, E. Usai, Unknown-input observation techniques in
open channel hydraulic systems, in: IFAC Proceedings Volumes, 2011,
pp. 1151-1156.

G. Conde, N. Quijano, C. Ocampo-Martinez, An unknown input mov-
ing horizon estimator for open channel irrigation systems., in: European
Control Conference (ECC). IEEE, 2021, pp. 1249-1254.

S. Pillosu, A. Pisano, E. Usai, Unknown-input observation techniques for



(14]

[15]

[16]

(17]

[18]

Upstream
reservoir

Gate #1

Pool #1

Yup,

Wy

day 1 = ug, = 0.06m
day 2 = ugz, = 0.07m

day 2 = u; = 0.4m
day 3 — u; = 0.8m

Gate #4
Gate #3
3 Zy
day 1 — uz = 0.95m day 1 - u, = 0.2m
i Pool #3
T

reservoir

¥y =34m

Downstream ‘

day 3 — uy, = 0.05m
day 4 — uy, = 0.08m
day 5 — uy, = 0.04m

Figure 8: Simulation case 3: user demands (red), leak (blue) and gate movements (green).

Time(s)

25 3
Time(s)

3.5 4

25 3
Time(s)

x10°

(m)

ydn

25 3
Time(s)

15 2

25 3
Time(s)

15 2

25 3 3.5 4

Time(s)

1.5 2

Figure 9: State estimation in case 3 (user demands, leak, gate movements and parameter uncertainty).

infiltration and water flow estimation in open-channel hydraulic systems,
Control Engineering Practice 20.12 (2012) 1374-1384.

D. Koenig, N. Bedjaoui, X. Litrico, Unknown input observers design for
time-delay systems application to an open-channel, in: Proceedings of the
44th IEEE Conference on Decision and Control, IEEE, 2005, pp. 5794—
5799.

G. Conde, N. Quijano, C. Ocampo-Martinez, Control-oriented modeling
approach for open channel irrigation systems, IFAC-PapersOnLine 53 (2)
(2020) 16630-16635.

J. P. Arango, G. Conde, E. Duviella, L. Etienne, K. Langueh, P. Segovia,
V. Puig, C. Ocampo-Martinez, N. Quijano, Unknown input observer
scheme for open-flow irrigation channels, IFAC-PapersOnLine 58 (2)
(2024) 7-12.

S. A. Nugroho, V. Hoang, M. Radosz, S. Wang, A. F. Taha, New in-
sights on one-sided lipschitz and quadratically-inner bounded nonlinear
dynamic systems, in: 2020 American Control Conference (ACC), 2020,
pp. 4558-4563.

S. A. Hoffmann, C. Wohltat, K. M. Miiller, K. M. Arndt, A user-friendly,
low-cost turbidostat with versatile growth rate estimation based on an ex-

11

[19]

[20]

[21]

[22]

[23]

tended kalman filter, PloS one 12 (7) (2017) e0181923.

J.-P. Baume, et al., Sic: a 1d hydrodynamic model for river and irrigation
canal modeling and regulation., Métodos numéricos em recursos hidricos
7 (2005) 1-81.

E. Duviella, P. Chiron, P. Charbonnaud, A reactive control strategy
for networked hydrographical system management, Control engineering
practice 19 (8) (2011) 851-861.

A. Akhenak, E. Duviella, L. Bako, S. Lecoeuche, Online fault diagno-
sis using recursive subspace identification: Application to a dam-gallery
open channel system, Control Engineering Practice 21 (6) (2013) 797—
806.

D. Lozano, D. Dorchies, G. Belaud, X. Litrico, L. Mateos, Simulation
study on the influence of roughness on the downstream automatic con-
trol of an irrigation canal, Journal of irrigation and drainage engineering
138 (4) (2012) 285-293.

S. Mondal, G. Chakraborty, K. Bhattacharyya, Lmi approach to robust
unknown input observer design for continuous systems with noise and
uncertainties., International Journal of Control, Automation, and Systems



(24]

[25]

(26]

(27]

[28]

(29]

8(2) (2010) 210-219. doi:10.1007/s12555-010-0205-9.

N. Cuong, P. N. Pathirana, H. Trinh, Robust observer design for uncer-
tain one-sided lipschitz systems with disturbances, International Journal
of Robust and Nonlinear Control 28.4 (2018) 1366—1380.

C. M. Nguyen, P. N. Pathirana, H. Trinh, Robust observer and observer-
based control designs for discrete one-sided lipschitz systems subject to
uncertainties and disturbances, Applied Mathematics and Computation
353 (2019) 42-53.

E. H. Badreddine, E. A. Hicham, H. Abdelaziz, E. H. Ahmed, E. H. Tis-
sir, New approach to robust observer-based control of one-sided lipschitz
non-linear systems, IET Control Theory & Applications 13 (2019) 333—
342.

J. P. Arango, L. Etienne, E. Duviella, K. Langueh, P. Segovia, V. Puig,
Unknown input observer for quadratically inner bounded-one sided lips-
chitz perturbed nonlinear systems, International Journal of Systems Sci-
ence (2024) 1-14.

G. Besangon, J.-F. Dulhoste, D. Georges, Nonlinear observer-based feed-
back for open-channel level control, Journal of Hydraulic Engineering
134 (9) (2008) 1267-1274.

X. Litrico, V. Fromion, Analytical approximation of open-channel flow
for controller design, Applied Mathematical Modelling 28 (7) (2004)
677-695.

12

[30]

[31]

[32]

[33]

A.J.Clemmens, T. F. Kacerek, B. Grawitz, W. Schuurmans, Test cases for
canal control algorithms, Journal of irrigation and drainage engineering
124 (1) (1998) 23-30.

M. C. Nguyen, H. Trinh, Unknown input observer design for one-sided
lipschitz discrete-time systems subject to time-delay, Applied Mathemat-
ics and Computation 286 (2016) 57-71.

W. Zhang, H. Su, F. Zhu, G. Azar, Unknown input observer design for
one-sided lipschitz nonlinear systems, Nonlinear Dynamics 79 (2014)
1469-1479.

W. Zhang, H. Su, F. Zhu, S. P. Bhattacharyya, Improved exponential
observer design for one-sided lipschitz nonlinear systems, International
Journal of Robust and Nonlinear Control 16 (18) (2016) 3958-3973.
doi:10.1002/rnc.3543.

H. K. Khalil, Nonlinear Control, Prentice Hall, Upper Saddle River, NJ
07458.,2015.

S. Boyd, V. Balakrishnan, E. Feron, L. EIGhaoui, Control system analysis
and synthesis via linear matrix inequalities, in: 1993 American Control
Conference, IEEE, 1993, pp. 2147-2154.

J. Chen, R. J. Patton, H.-Y. Zhang, Design of unknown input observers
and robust fault detection filters, International Journal of control 63 (1)
(1996) 85-105.



