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Abstract

In the present paper, a reduced observer-bank synthesis and edge-oriented implementa-
tion framework for a model-based residual chlorine concentration soft sensor in water
distribution networks is presented. For a benchmark network described through nonlin-
ear hydraulic and chlorine transport-reaction dynamics, local discrete-time linear approx-
imants are derived around admissible operating points. Based on these approximants, a
finite bank of full-order Luenberger-type observers is designed for the estimation of non-
measurable chlorine concentration variables. The observer parameters are selected
through a metaheuristic multicriterion tuning procedure that combines discrete-time
pole-placement requirements with estimation-performance objectives. A central contribu-
tion of the paper is an observer-bank construction algorithm that eliminates redundant
target operating areas. The algorithm adaptively covers the normalized input domain by
generating each observer operating area after nonlinear steady-state computation, local
linearization, observer tuning, and validation for each operating point. The resulting ob-
server bank is combined with a switching supervisor based on target-area overlap and
measurable-output convergence. The resulting scheme is implemented in a Node-RED
edge runtime, where multiple observers execute in parallel and the supervisor/switching
mechanism selects the active observer that provides the appropriate estimate. Determin-
istic telemetry generated by a MATLAB R2025b simulation of the water distribution net-
work is fed to the Node-RED instance, enabling repeatable evaluation of acquisition, esti-
mation, switching, single-stream telemetry arbitration, and runtime adaptation. Compu-
tational and edge runtime experiments demonstrate the feasibility of deploying the pro-
posed switching-observer soft sensor for real-time chlorine monitoring in water distribu-
tion networks.

Keywords: water distribution networks; residual chlorine soft sensors; discrete-time
switching observers; observer-bank construction; observer-bank reduction; Node-RED
edge implementation; simulation-supported edge validation
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1. Introduction

Soft sensors are widely used when direct measurement of an important process varia-
ble is costly, delayed, intrusive, or technically difficult. They are commonly classified into
data-driven and model-driven approaches, depending on whether the estimation mecha-
nism is primarily learned from process data or derived from a physical/dynamic model (see
[1,2] and the references therein). Observer-based soft sensors belong to the model-driven
family. Instead of estimating the desired variable only through a static input-output rela-
tion, they propagate a dynamic state-space model and continuously correct the estimate
through the measured-output residual. This is particularly useful when analytic process
models can be produced, because convergence, sensitivity, and robustness can be addressed
explicitly through Luenberger observers, Kalman-family filters, unknown-input observers,
or related estimator structures (see [3—6] and the references therein).

Soft sensors have demonstrated broad applicability in systems where important var-
iables are spatially distributed, inaccessible or costly to measure. Such applications in-
clude, among others, energy systems (indicatively see [7-10]), manufacturing and metal-
lurgical processes (indicatively see [11-14]), water and water management applications
(indicatively see [15-18]), and bioprocess and biomanufacturing applications (indicatively
see [19-22]). Soft sensors constitute a generally applicable estimation framework for sup-
plementing physical instrumentation and supporting monitoring, control, optimization,
and fault-detection functions.

For nonlinear processes, a single linear observer is usually reliable only near the op-
erating point for which it was designed. A practical way to retain the simplicity of linear
observer design while covering a wider operating envelope is to construct a bank of local
observers and switch among them according to the current operating region. This idea
has been formalized in switching-observer soft sensor design, where local linear approxi-
mants, observer-oriented target operating areas, and rule-based switching are combined
to estimate nonmeasurable process variables (see [2]). The approach was further extended
through metaheuristic procedures for selecting observer parameters and organizing ob-
server banks for soft sensor applications (see [23]). This line of work is directly connected
with the present paper, since the proposed residual-chlorine soft sensor also relies on local
linear approximants of nonlinear water-network dynamics, a bank of Luenberger-type
observers, and a supervisory switching mechanism to maintain estimation accuracy dur-
ing operating transitions (see [3,4]).

In water distribution networks, observer-based estimation has mainly been devel-
oped for hydraulic monitoring and diagnosis. Recent examples include extended Kalman
filter (EKF) based hydraulic state estimation from sparse pressure and flow measurements
(see [24]), nonlinear state observers for pipe-roughness calibration (see [25]), interval state-
estimation methods (see [26]), unknown-input observer interpretations of EKF arrays for
nodal-demand estimation (see [27]), and banks of Kalman observers for leak diagnosis
(see [28]). These papers highlight the importance of model-based estimators in sparsely
instrumented water distribution networks, but they mostly concern hydraulic states, de-
mands, leakage, or calibration parameters. Relevant chlorine-oriented work includes
data-driven chlorine soft sensing (see [29]), switching-observer chlorine soft sensors (see
[3-5]), interval estimation of unmeasured chlorine states (see [30]), and ensemble Kalman
filter data assimilation for chlorine state and reaction-parameter estimation (see [31]).

Soft sensor research has increasingly moved from purely simulation-based estima-
tion toward deployable cyber—physical implementations. In wastewater treatment [32], a
cost-effective Internet of Things (IoT) strategy for the remote deployment of a soft sensor
is proposed. In [33], the authors present a full-scale study on the implementation of soft
sensors for phosphorus and chemical oxygen demand estimation, supported by a non-
intrusive industrial IoT infrastructure and a web-based visualization interface. Similar
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implementation-oriented directions have also been reported for biochemical oxygen de-
mand estimation using intelligence at the edge (see [34]), as well as for low-cost nitrate
monitoring through an open-source soft sensor methodology that integrates IoT data
streams and MQTT publish/subscribe messaging protocol based communication (see
[35]). At the hardware level, embedded and on-device soft sensors have also received
growing attention. Ling et al. proposed an on-device soft sensor framework for real-time
fluid-flow estimation using microcontroller units or field-programmable gate array
(FPGA) based execution, highlighting the advantages of moving inference from the cloud
to local devices (see [36]). Related work has considered FPGA-oriented quantization strat-
egies for real-time soft sensing (see [37]), automated construction of embedded FPGA soft
sensors for wastewater-flow estimation (see [38]), and configurable multilayer perceptron
based soft sensors on embedded FPGAs with different latency, precision, and resource-
use targets (see [39]). Embedded soft sensor implementations have also been reported on
Zynq system-on-chip platforms for bioprocess applications (see [40,41]), while earlier
FPGA-based work addressed industrial soft sensing for kerosene freezing-point estima-
tion (see [42]). Broader TinyML and edge-computing examples further confirm the feasi-
bility of executing soft sensor models close to the physical process (see [43,44]). Neverthe-
less, most implementation-oriented studies are data-driven or application-specific,
whereas edge implementation of a physics-based, switching-observer residual-chlorine
soft sensor remains much less explored.

The present work contributes to this direction by implementing a bank of discrete-
time observers in Node-RED, acquiring measurements using MQTT for cloud-supervised
switching, and validating the complete estimation pipeline under simulation-supported
edge runtime conditions. In particular, it develops an edge-oriented implementation
framework for a residual chlorine concentration soft sensor in a benchmark water distri-
bution network. The proposed soft sensor is based on a finite bank of discrete-time Luen-
berger-type observers, each designed around a nominal operating point of the nonlinear
chlorine-transport model. For every nominal point, the corresponding steady-state model
is computed, and a local discrete-time linear approximant is constructed and shown to be
both reconstructable and observable. The observer parameters are tuned through a me-
taheuristic/multicriterion optimization procedure that combines pole-placement require-
ments with estimation-performance objectives. A central contribution of the paper is the
observer-bank construction algorithm, which systematically builds the observer bank as
an adaptive covering of the normalized input domain, reducing the total number of ob-
servers included in the bank. The resulting bank and its switching supervisor are then
transferred to a Node-RED edge runtime, where the observers execute in parallel and the
supervisor selects the active estimate. Deterministic telemetry generated by a MATLAB
R2025b simulation of the water distribution network is fed to the Node-RED instance,
enabling reproducible validation of the runtime behavior, single-stream telemetry arbi-
tration, and continuous adaptation of the implemented soft sensor during operating tran-
sitions. The proposed implementation is shown to provide highly accurate estimates suc-
cessfully reconstructing all nonmeasurable concentrations.

2. Mathematical Modeling of a Benchmark Water
Distribution Network

Adequate free chlorine residual must be maintained throughout a water distribution
network, as it constitutes a barrier against microbial regrowth and post-treatment contam-
ination. However, chlorine concentration is inherently nonuniform over the network and
evolves under the combined effects of hydraulic transients, demand variability, water age,
and bulk and wall reactions. Since continuous in-line chlorine measurement at all critical
locations is not practically feasible, soft sensors are required to estimate chlorine
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concentration at uninstrumented points from routinely available telemetry sampled in
discrete time. In the present work, the soft sensor is derived using a physics-based ap-
proach. This requires a mathematical model of the network that captures the coupling
between hydraulic behavior and chlorine transport and decay, supports observer design
with analysable convergence properties, and reduces dependence on purely black-box
predictors, whose performance may deteriorate under changing operating conditions. In
the present paper, the benchmark network shown in Figure 1 is used. The network has a
loop-free, tree-type topology and consists of twelve hydraulic nodes interconnected
through eleven conduits. Five of the nodes, namely Nodes 2, 4, 5, 6, and 10, represent
internal junctions at which aggregated water demands are imposed. The remaining nodes,
namely Nodes 1, 3, 7, 8, 9, 11, and 12, are terminal boundary-head nodes at which the
corresponding hydraulic boundary conditions are imposed. The network contains several
successive branching levels. Conduit 1 connects boundary Node 1 to the first demand
junction, Node 2. From Node 2, the network is divided into two branches. Conduit 2 leads
to boundary Node 3, whereas Conduit 3 leads to the second demand junction, Node 4.
The network is further divided at Node 4, with Conduits 4 and 5 connecting it to demand
Nodes 5 and 6, respectively. Node 5 is connected to the terminal boundary Nodes 7 and 8
through Conduits 6 and 7. Similarly, Node 6 is connected to boundary Node 9 through
Conduit 8 and to demand Node 10 through Conduit 9. The final branching level occurs at
Node 10, which is connected to the terminal boundary Nodes 11 and 12 through Conduits
10 and 11, respectively. The selected topology introduces spatially distributed water with-
drawals, successive hydraulic divisions, and transport paths of different lengths. Conse-
quently, hydraulic variations occurring at an upstream junction propagate through sev-
eral downstream branches, while the chlorine concentration in each conduit depends on
the local flow conditions, the upstream concentration, and the accumulated transport and
reaction effects along the corresponding path.

0

=d,0

on o

Figure 1. Benchmark water distribution network.
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2.1. Continuous Time Nonlinear Model
The mathematical model describing flow and chlorine concentration dynamics can
be approximated by a nonlinear state-space model of the form

EX=F(X)+Z(x)u, 1)

where

X:[xl x38]T:[Q1 0 0 0, O O O & O 0 Q]]

§H2 H, H;, Hy H, ¢, ¢, ¢, G, €, G, C C, G Csy i

, T
iCG1 Cep G Cp Gy Gy Gop Cop Cop CGop Gy 011,2:|

“:[”1 uls]T:[H1 H, H, H, H, H, H, ¢
O O Qs Qs Q]
F(x):[;/j(x)JeR”“, Z(x)z[zi’j(x)]eRmB.

Their nonzero elements are presented in Appendix A. Note that H,, H,, H,, H,,
H,, H, and H,, areboundary (actuatable) pressure heads imposed by reservoirs at the
corresponding nodes; @, is the volumetric flow rate in conduit i, Q,,, O,,, OQ.s5, O,
and Q,,, areaggregated consumption flow rates at internal Nodes 2, 4, 5, 6 and 10, respec-
tively; c,; is the chlorine concentration at section j of conduit i; ¢, is the influent
chlorine concentration to the network from Node 1. The matrix E is equal to I,; where
I, isthe axa identity matrix. If the hydraulic subsystem of the model is assumed to be

static, a quasi-static flow-chlorine model is resulted (see [4]); it takes on the block diagonal
form E =diag{0,,.I,,}, where 0, , isthe axf zeromatrix.

2.2. Continuous and Discrete-Time Linear Approximant

Let #, (j=1,...,13) be the nominal values of the inputs of the system and X,
(i=1,...,38) be the corresponding nominal values of the state variables. Furthermore, let
i=[# - #,] and X=[% - X,] be the vectors of nominal values of the inputs

and the state variables. The operating vector of the system’s dynamics is denoted by the
pair ©=(u,X), where its elements satisfy the following equality

O(X,u)=T(X)+Z(X)u=0,,. )

In the case of constant flow directions and applying a series of computations, it can
be verified that relation (2) is satisfied if and only if the equalities in Appendix B are sat-
isfied. Applying a series of computations, it can be verified that the linear approximant of
the nonlinear model (1) is of the form

Edx =J (X,u)dx+Z(X)du, 3)

where 9x is the response of the linear approximant (3) for édu=Au=u—-u that approx-
imates Ax=x-X around the operating point 0=(u,X) , and where

J, (X,u)=00(x,u)/ox

_. It is important to mention that the nonlinear algebraic sys-

tem of equations in (2) is solvable with respectto X (see [3,4]). Hence, there exists a non-
linear vector function that maps the nominal values of the inputs to the nominal values of
the states, i.e, X =0(u).Hence, the linear approximant system matrices can be expressed

as A(u)=J, (o(u),u), B(u)=Z(c(u)) and the linear approximant becomes
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Edx = A (1)dx+B(i)du. (4)
Define
oz=[6z, - Oz,] =[x - x|,
ﬁqz[é'q1 5q22]r=[5x17 5x38]r.

Applying a series of computations to (4), it can be observed that the linear approxi-
mant can be rewritten as

A, (0)dz+B, (1)du=0,,, (5)

dq=A,, (1)dz+A,,(7)dq+B,(T)du. (6)

In zero-order-hold discretization conditions, i.e., if the input vector &u(t)is piece-

wise constant over each sampling interval, the exact discrete-time model at sampling in-
stants ¢ =kT , where keN, and 7, €R", takes on the form

dq(k+1)=A, (u)dq(k)+B, (1)du(k), )

where

A, (0)=[(a,),, |=exp(A,, ()T,),

B, (1)=[(5,),, |- .([exp(Am (8)7)(B, (8) - Ay, (W) A, (8)" B, (1)) dz.

It is important to mention that the discrete-time linear approximant in (7) is recon-
structable (see [2]). The measurable variables are only the chlorine concentrations at the
exit of Conduits 2, 6, 7, 8, 10 and 11, i.e., dq,, 9q,,, 0q.,, Oq, 0q, and Oq, . Thus,

the measurable output vector is 6y(k)=Cd6q(k) , where the nonzero elements of

Ci= I:(cd )i,j:| eR"* are (¢, )1,4 = (<, )2,12 = (<, )3,14 = (< )4,16 = (<, )5,20 = (<, )6,22 =1

3. Soft Sensor Design
3.1. Soft Sensor Structure

In the present section, based on the discrete-time linear approximant (7), a soft sensor
for the estimation of chlorine concentration inside the network will be designed. The soft
sensor will be based on discrete-time full-order Luenberger type observers of the form

3:8q(k+1)=(A, (0)-L(u)C,)dq(k)+B, (w)du(k)+L(u)dy(k); 8q(0)=23q, 8)

A - 22x6
e R™

where %4 is the estimate of 4 and L (@) is an appropriate observer matrix, to
be selected by the designer. For pre-selected operating points, different observers will be
designed and an appropriate switching mechanism between them will be implemented.
Applying elementary computations, it can be verified that the linear approximant in (7) is
observable. Hence, the elements of L can be selected by the designer such that the eigen-

values of F(@)=A, (5)-L{@)C, are appropriately adjusted. It can readily be verified that
the discrete-time linear approximant (7) is observable, hence, arbitrary eigenvalue assign-

ment of F(u) can be achieved by appropriately selecting the elements of L . Let

po(z) = det(z1,, -F (1)), 9)

p,(z)=det(zL,, - A, (1)). (10)
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Let z,, (i=1,...,22) be the roots of po(z) and z, (i=1,...,22) be the roots of

<

. and <

0,i

T

0,i+1

T

8,0

T

§,i+1

p,(z) . Without loss of generality, assume that

(i=1,...,21). In what follows, the observer polynomial roots are restricted to satisfy the

following constraints:
e Therootsof p, (z) are real, nonnegative and stable, i.e.,, 7,; € [0,1) ,
e Therootsof p,(z) are ordered and separated by minimum distance being equal to

yeR",ie, itholds that =, >y+7,,,

e Regional stability is achieved, i.e., it holds that 7, < |7sz)1.

7

e The H, norm of the resolvent matrix R(z)=(zL,, —F(ﬁ))f1 of the error dynamics
is minimized.

Regarding the last design goal, minimization of the H, norm of the resolvent ma-
trix of the error dynamics corresponds to minimizing the root-mean-square energy gain
from the initial estimation error to the error transient. Applying a series of computations
to (9), it can be verified that the design requirement of pole placement can be achieved by
selecting the elements of the first column of L . Once the poles are fixed, the elements of
the second column of L can be used to satisfy the norm-based design requirement. The
above design requirements lead to a multicriteria optimization problem which is gener-
ally nonlinear and nonconvex. For this reason, a numerical optimization approach is re-
quired.

3.2. Observer-Parameter Tuning Algorithm

Given the complexity involved in deriving the observer degrees of freedom pre-
sented in the previous subsection, here, toward numerical minimization of the H, norm
of the resolvent matrix of the error dynamics, an eigenstructure-based approach for the
derivation of the observer-gain elements (see [45-48]) will be used, in combination with a
metaheuristic optimization algorithm, similar to that presented in [3,49,50].

For a fixed operating point u, let v, e R*"' (i=1,...,22) be the corresponding left-
eigenvector directions of the error-dynamics matrix corresponding to the observer pole
7,, - The required eigenstructure therefore satisfies

Fi (@), (w) =7, (u)v, (u) (11)
Let z,(u)eR®™ be the output-direction vector, determined through
z, (l_l)=LT (l_l)Vl. (l_l) (12)
Substituting (12) into (11) and applying a series of computations results in
(A7 (W)-7,, (W)L, )v, (§) = Ciz (1) (13)

Provided that A} (u)-7,,(u)l,, is nonsingular, the left-eigenvector direction asso-

ciated with the i-th prescribed pole is determined through
—_— —_— —_— -1 —_—
v, () =(A](0)-7,, (W)L,) Clz(u). (14)

The pair (v,(t),z, (1)) is invariant with respect to multiplication by the same non-

zero scalar. Hence, one component of every output-direction vector may be fixed without
restricting the attainable observer matrices. Let ¢, € {1,...,6} denote the anchor index as-

sociated with the i-th pole, let e, (i) R® be the corresponding canonical vector, and
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let E, € R* be the matrix obtained from I after deleting its «, -th column. The out-

put direction is parameterized as
z,(u)=e, (U)+E,d,(0); d,(u)eR™ (15)

Thus, the anchor component of z, (1) is equal to one, while its remaining five com-

ponents constitute free observer parameters. To avoid normalization with respect to a

component of very small magnitude, the anchor index is selected from an initial feasible
(0)
z

r,i

observer as a, =argmax,
re

6] and is retained unchanged during the optimization.

Define the modal matrix, the output-direction matrix and the diagonal matrix of pre-
scribed observer poles as

V(@ =[v, (@) - v, (u)] (16)
Z(u)=[z (@) - z,(1)] (17)

10, (u) = diag(,, (11)...., 7, ,, (11)). (18)

If V(u) isnonsingular, the relations L' (u)v,(u)=z,(u), i=1,...,22 uniquely de-

termine the complete observer matrix. Clearly, it holds that

L (@) v (@) =2 (u) (19)
L(w)=(z(@)V(@)') (20)
Using the definitions of v, (1) and z, (u) gives

F' () V () = (A] (3) ~CIL(®)" )V (W) (21)

or equivalently
F' (u)V(u)=V(u)I, (u) (22)

and therefore

F' () =V (@)1, (w) V" (u) (23)

Consequently, the eigenvalues of A, (u)-L(u)C, are precisely =, ; (i=1,...,22).

For improved numerical scaling, the columns of V and Z may be normalized by the
Euclidean norms of the corresponding vectors v, . Defining

S(u) =diag (|| v, (W) lby- .|l v,y (W) I})
defines V(u)=V(u)S'(u) and Z(u)=Z(u)S'(u) . Clearly, it holds that
Z(ﬁ)(”l (a)=Z(m) V™' (u). Hence, the common column normalization does not alter the

resulting observer matrix. It only improves the numerical scaling of its reconstruction.

Accordingly, the observer degrees of freedom used by the metaheuristic optimiza-
tion algorithm are the 22 prescribed observer poles and the five free output-direction com-
ponents associated with each pole. The optimization vector is

1@ =[x, (@ - 7, a@@ - d(@)] <R (24)

Clearly, the H, norm of the resolvent matrix of the dynamics of the error is a func-

tionof y and u, i.e., it holds that
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/(@) = [R(2)[,.- (25)

Note that ||R(z)||§ can be determined through

[R(=)[; = (B (@), (26)

where P(u) is the unique positive semidefinite solution of the discrete Lyapunov equa-

tion
P (W) = (A, (8)-L(®)C, ) P(u)(A, (8)-L(@)C,) +1,. 27)

Since the system and observer matrices depend upon the operating point, minimiza-
tion of f(u) will be performed for each operating point .

The proposed optimization algorithm is based on a constrained, iterative random-
search metaheuristic approach defined over a progressively refined hyperrectangular re-
gion of the observer-parameter space. At each stage, valid parameter sets are randomly
generated within the search box. The sampling process is organized into multiple repeti-
tions, each producing a local feasible solution, while the best solution over the entire op-
timization run is retained separately. Upon completion of all repetitions, the search region
is updated according to the dispersion of the best solutions generated during the repeti-
tions, thereby shrinking the parameter search area. The procedure is repeated until either
the maximum number of objective-function evaluations is reached or the normalized half-
widths of the search box become smaller than the prescribed tolerance. The constrained
metaheuristic algorithm was selected because of its transparent operation and straightfor-
ward implementation. Every candidate observer is synthesized according to explicit up-
per/lower bounds on the design parameters, validated against the stability and gain con-
straints, and analyzed regarding a given performance specification, thereby providing an
intuitive and reproducible observer design procedure. Additionally, the algorithm can
easily be extended to accommodate higher model dimensions and more design con-
straints. Because it runs offline, it does not affect the real-time performance of the soft
sensor. Let

o J

best

be the optimal objective value found over the whole run,

e % be the corresponding best observer-parameter vector,

o ( Ve >(.m) be the center of the search interval for parameter ; atrefinementstep m,

. ( Z; )(:1) be the half-width of the search interval for parameter ; at refinement step

m,

e n,, bethenumber of repetitions per refinement step,

n,,, be the number of evaluations per repetition,

e 1n,, bethemaximum total number of objective-function evaluations,

total

e 1n,, bethe maximum number of resampling attempts to find a feasible point in the

search box,
¢ be the termination tolerance.

The metaheuristic optimization algorithm is summarized in Algorithm 1:
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Algorithm 1. Metaheuristic optimization algorithm.

Set N,,=0 and J,,, =« . Choose the initial search-box center and half-
S0: , (©) o . . .

widths (;(j )C and (;(j )V (j=1,...,132). Set the refinement index m=0.

Define the current search space
S1: (m) _ 121 (m) (m) (m) (m) .

=R '(Zf)c _(Z/)w <X S(Z/)c +(Z.f)w =132

S2: Set i, =0.
S3: Set i, =i +1 and i,=0.
S4: Set the feasibility-resampling counter »=0.

Randomly generate a candidate vector

. o - . T

S5: X(""ZH) = |:(Zl )(" ) (1132 )(l"lz+1):| e SO('") andset r=r+1.

Check if the constraints presented in Section 3.1 are satisfied. If they are not
Sé6: satisfied and r <n,,, go to S5. If they are not satisfied and r=n,,, termi-

nate the algorithm unsuccessfully. If they are satisfied, continue.
S7: Set i, =i,+1 and N,, =N, +1.Evaluate J, =f(1_1,x("""2)).
S8: If J,, <J,, thenset J,, =J, . and y :x(i' )
S9: If N,,=n,, thengo toS15.
S10: If i, <n,,, thengotoS4.

Find J, ., = min{JiM.’ i, = 1,...,n,00p} and the corresponding observer-parame-
S11: A ’

ter vector xf;‘,l .
S12: If i <n,, thengotoS3.

Determine the observer parameter vectors ¥, and Y,. corresponding to
S13: J in =min{J,.l,m,.n,il = 1’---’”@} and J, =max{J, ...i=L...,n,}, respec-

tively.

Update the search-box center and half-widths according to

(m+1) (Xmin ) ot (Xmax ) P (m+1) (Xmin ) - (Xmax ) : .
() =", (z,)] =—‘ ’ Z(j=1,...,132)
c 2 w 2

If

S14:
(m+1)
(%),
j= m+1) > €
j=l,...12 max {1’ ()(j )(‘ }

thenset m=m+1 and go to S1. Otherwise, go to S15.

S15: Return the best observer-parameter vector found y=1y".

3.3. Target Operating Areas Derivation

As mentioned in the previous subsections, each observer in the soft sensor bank is
designed for a specific operating point. Considering that the observers are linear and the
process is inherently nonlinear, it is imperative to determine the operating area of each
observer, namely, the input region in which it behaves satisfactorily. For a given observer,
designed around an operating point, let u, its operating area, is defined as a 13-dimen-

sional hypercube of the form
H(u)= {ﬁ eR™ 1y (W) <d, <u (W),i= 1,...,13} , (28)

i

where i; denotes the steady-state value of u; (i=1,...,13) during a stepwise transition,

i is the corresponding steady-state vector, while u; and u are the lower and upper
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bounds of the corresponding input variables. The 13-dimensional hypercube in (28) can
be rewritten in an equivalent Cartesian product form as

13

H(u) = x [u; (W), ()], (29)
s
where x Q; denotes the Cartesian product of the argument ranges Q, (i=a.....f),

ie., l;a(@,. =Q, x---xQ, . Define i:[qf ﬁr]T , E:[(]T ﬁT]T and ¢, :[qf ﬁr]T ,
where §=[G, -~ G| =[%, - %, Iis the steady-state vector of the chlorine con-
centration  variables  after  application of the  stepwise  transition,
q, = [c}al G,y ]T = [fc&” X ]T is the steady-state estimation of the chlorine con-
centration variables determined through the observer in (8) and where
G=[¢@ -~ @] =[%, - X,] isthe corresponding vector of nominal values. The ob-

server’s steady-state performance is quantified by the normalized steady-state estimation
error

g
—_—
[T Y
|
[T Y
«
~—
| —
=
[ —

)] x100%, (30)

where

| diag{g} 0,

31
0,322 diag {ﬁ;l } ey

This metric measures, in relative and dimensionless form, the weighted Euclidean
distance between the actual steady-state augmented vector and its observer-generated es-
timate, normalized with respect to the weighted distance between the actual operating
point and the nominal one. Accordingly, the operating area of the observer is defined as
the set of all operating points for which the observer satisfies a prescribed steady-state
accuracy requirement, i.e.,

H, (W) ={a e H(u): &, <2}, (32)

where ¢, is a positive parameter selected by the observer designer, that defines the

admissible error bound. In the present paper, the observer operating area is chosen to be
a 13-dimensional hypercube entirely contained in A, (@). Therefore, every operating
point inside this hypercube guarantees that the normalized steady-state estimation error
remains below the prescribed threshold, and thus the observer exhibits satisfactory
steady-state estimation performance throughout the whole region.

To determine u; and u (i=1,...,13), the present paper assumes that the operat-
(i=1,..,13)

be lower and upper hard bounds that cannot be violated during system operation. Fur-

ing area is symmetrical around the nominal value. Let («,) . and (u;)

max

thermore, consider the affine transformation of the form
1 (), :
l - o ’ lf (ui )max * (ui )min
Ti (ﬂ’) = (ui )max - (ui )min (ui )max - (Mi )min (33)
1’ lf(ul )max = (ui )min

and its inverse
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https://doi.org/10.3390/w18151924

Water 2026, 18, 1924

12 of 48

7 ()= (1) e = () )2 () - (34)
The transformation in (33) maps any u, € [(uf)min (u, )maX] to a normalized parame-

ter ¢, =7,(u,) such that ¢ €[0,1]. Similarly, the inverse transformation (34) maps any

parameter ¢, €[0,1] to the original range [(u[)min (u, )max] .

In what follows, the target operating areas will be determined in the normalized pa-
rameter space rather than in the original input space. This is due to the fact that the trans-
formation (33) maps the admissible range of each input variable onto the common interval
[0,1], thereby eliminating the influence of heterogeneous units and unequal numerical

ranges. After normalization, all coordinates become dimensionless and directly compara-
ble, while the resulting operating areas retain exact correspondence with the original in-
put space through the inverse transformation (34). Consequently, distances, volumes, and
symmetric margins admit a clearer geometric interpretation, and the construction of the
operating areas becomes more consistent across all input dimensions. Let ¢, =7,(4,),

o =1 (i), gol.‘:r,.(u,.'), (pfzr,.(uf) (i=1,..,13) and =[@ ... @,] . The normal-
ized operating area bounds will be selected to be of the form
¢, (¢)=max{(1-a)@,.0}, (35)
o/ (®)=min{(1+a)2.1}, (36)

where a is an expansion factor under the constraint a e [0,1] .

Clearly, the exact evaluation of the worst-case steady-state estimation error over the
entire operating region leads to a nonconvex global optimization problem in 13 variables.
To simplify operating region determination procedure, a randomized approximation is
adopted. For a fixed trial value of the relative expansion factor «, independent random
relative perturbations of the nominal input are generated in the interval [I-a,1+a] for

each input component and are then saturated to the globally admissible bounds. Each
resulting input vector defines a candidate final steady operating point for the nonlinear
process. The corresponding normalized steady-state estimation error is evaluated, and the
maximum over the random sample is used as an empirical approximation of the worst-
case error. The value of ¢ is accepted if no sampled operating point violates the pre-
scribed steady-state accuracy bound. To estimate the maximum value of a for which no
sampled operating points violate the prescribed steady-state accuracy bound, an interval
<a

‘min max

division algorithm is employed. Assume that there exist a_ and a,,, with a

max /

such that when a =a,;,, no sampled operating point violates the prescribed steady-state

accuracy bound (i.e., a is acceptable), whereas when a=a there exist operating

max /

points violating the prescribed steady-state accuracy bound (i.e., a is not acceptable).
Furthermore, define the Boolean function

1, if ais acceptable
o )—{ )

0, if a isnotacceptable '

Assuming monotonic behavior, i.e., if a given value of a is acceptable, then every
smaller value is also acceptable, the admissible set of values is an interval of the form
[am,a* ] , where a" is the largest admissible value to be determined. Based on the above

definitions, a six-step algorithm (SO to S5) of the following form may be implemented (Al-
gorithm 2).
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Algorithm 2. Interval division algorithm.
S0: Set a,=a,, and a, =a

max *

S1: If a,-a,<¢ thengotoS5.1f a, —a, >¢&, proceed to S2.
62: Compute the midpoint a,, =(a, +a,)/2.

S3: If d)(aM ) =1, set a, =a, , otherwise, set a, =a,,.

S4: GotoSl.

S5: Return the estimate of a” as d" =(a, +a,)/2

After determining 4", the normalized operating bounds can be determined through
(35) and (36) which can be mapped to the original input space through (34). Note that the
operating area determination procedure described above can be interpreted as a random-
ized feasibility test. If p,(a) denotes the probability under the adopted sampling proce-
dure that a random perturbation of relative size a yields an estimation error above the
admissible threshold, then the probability that such a violating point is missed by N in-
dependent samples is (1-p, (a))" . Hence, if N is selected to be large enough, a’ can

be estimated with high confidence.

3.4. Observer-Bank Construction Algorithm

As already mentioned, the above procedure must be repeated for a sufficiently large
number of points to ensure that the desired area of inputs is covered by target operating
areas that satisfy the dense web principle (see [23]). Let

13
H, = x[0.1] (38)
be the desired area of normalized inputs. For a normalized nominal operating point
T ~ ~
o) = [gﬁ,(”) (ﬁ](f)] ,where p=1,...,u,let H, ((T)(”) ) c H, denote the corresponding

(p)

target operating area and let 3’ denote the corresponding observer. The problem con-

sidered here is the determination of a finite family of operating points and corresponding
observers, i.e., to determine an appropriate finite g such that

'u ~ ~
UL, (2" <, (39)
p=1
Equivalently, if
N ~
L, =, (9" (40)
p=1

denotes the region covered after the determination of N observers, then the uncovered
region is

Jy=M,\Ly (41)
and the objective is to construct observers until J, =& .

The proposed procedure is adaptive, in the sense that each new operating point is
selected from the geometry of the uncovered part of H, .The first operating point is cho-
sen at the center of the desired input region, namely

(1) _ Punin + Prnax
ol = :
where ¢, =0,,, ¢, =1, and where 0 _, and 1, are axb constant matrices

, (42)

containing only zeros and ones, respectively.

For this normalized operating point, the nominal steady-state values of the nonlinear
model are computed; the corresponding observer is tuned by the algorithm presented
previously and the associated target operating area is determined. After N observers
have been determined, an exact coverage test is performed with respect to the family of
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already computed target operating areas. For each input/coordinate in the 13-dimensional
space, define the set of breakpoints

& = o oUf(0) (o)) (43)
k=1

By ordering the elements of G, the interval [0,1] is partitioned into elementary
one-dimensional intervals. The Cartesian product of these partitions induces a finite de-
composition of H, into elementary 13-dimensional boxes. Since all boundaries of the al-
ready computed target operating areas belong to this partition, each elementary box is
either fully covered or fully uncovered. Hence, the uncovered region J, can be repre-
sented exactly as the union of the uncovered elementary boxes. If J, # &, a new operat-

ing point must be selected inside the uncovered region. To this end, a box-search proce-
dure is employed. Let

V= x[(B), () | <, (44)

i=1
be a candidate box, i.e., one of the uncovered elementary boxes. Let

vol(¥) = [[((5),..~(8),.) )

i=1

13 * *
be the 13-dimensional volume of the elementary box V. Let V' = X [(b,-)mm (b, )max] be
the box with the maximum volume. The next operating point is then selected as the center
of this box, namely
(T)(N+1) — I:)min ;bmax , (46)

where

. L . s 7

bmin = |:(bl )min (b13 )min:| 4 bmax = |:(b1 )max (bIS)max] 4
and the procedure is repeated. Clearly, if more than one uncovered elementary box has
the maximum volume, then the center of any one of them may be selected. It is important

to mention that since a newly determined target operating area T, ((T)<" )) may overlap

with, or even fully contain, previously computed target operating areas, the iterative con-
struction of the observer bank may introduce redundant observer-area pairs. To avoid
unnecessary observers, an exact elimination step may be performed after each update of
the family of target operating areas. More precisely, if for some k€{l,...,N} itholds that

. (5")< Ut (), (47)
j=1
J#k

then I, ((T)(k)) is redundant and may be removed together with the corresponding ob-

server 3. This elimination does not alter the covered region, since equality

"l (59 = 11 (5"
IL:JIHa("’j):HHa("’j) (48)
Tk
remains valid after the removal of any redundant target operating area.

Algorithmically, the proposed observer-bank construction can be interpreted as a
problem-specific adaptive geometric-covering procedure over the normalized input do-
main. It follows the general idea of adaptive covering, where the covering elements are
generated sequentially and their size is determined from local information (see [51]), but
differs from classical geometric set-cover formulations (see [52]), since the candidate tar-
get operating areas are not known a priori. Instead, each covering set is produced only
after the corresponding nonlinear steady-state computation, local linearization, observer
tuning, and target-area validation have been completed. Since the accepted target
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operating areas are axis-aligned hyperrectangles, computing the covered region, the un-
covered region, and the redundancy condition reduce to union and containment opera-
tions for boxes, which are related to Klee-type measure problems (see [53]). The selection
of the next nominal operating point as the center of the largest uncovered elementary box
introduces a greedy largest gap mechanism, related to largest empty box search problems
(see [54]). The complete procedure can be summarized in a seventeen-step procedure (SO
to 516) as follows (Algorithm 3).

Algorithm 3. Observer-bank construction algorithm with elimination of redundant tar-
get operating areas.

S0: Define H,.Set " =(9,, +§,.)/2 and N=1.

S1: For the current operating point o compute the corresponding nominal steady-

state values of the nonlinear model.
Construct the local linear approximant and determine the corresponding observer

R

S2:

5

83: Determine the target operating area I, ((T)(N)) of 3
S4: Update the current family of target operating areas by appending T, ((T)(N)) .

For each ke{l,...,N}, check whether relation (47) holds true. If it does, eliminate

S5:
H, ((T)(")) together with the corresponding observer 39,

Repeat S5 until no further target operating areas can be eliminated. Reindex the re-
maining observer—area pairs and denote their total number again by N .

S7: For each coordinate i€ {l,...,13}, define the set of breakpoints in (43).

)

Se:

Arrange the elements of GEN in increasing order and form the one-dimensional in-

tervals
S8: ;

S = [y,(,]:)fl,yi(’fq ir=1...,v,, (49)
where v, denotes the number of elementary one-dimensional intervals induced
along the i-th coordinate.

13
§9: Construct the elementary 13-dimensional boxes ESIN),S =X Sf]:/) .

i=1
Determine the set of uncovered elementary boxes

o N I /
S10: pM = {(r] sty ) BV A JH, (@‘”) = @} : (50)
Jj=1

s11: 1f P =@, go to S16.
s12: Foreach (7;,....n;)eP"), compute Vol(]EEIIY?_,,,”) through (45).

Select an uncovered elementary box of maximum volume, i.e., choose

S13: (rl*,,,,,r;; ) =arg max _ VOI(E(qA,/.?.,m ) . (51)

(Hseemsti )ES(M

Set the next operating point equal to

S14: (T)(N+l):[(7~(N) +7,fN)>/2 (7_("’) +7,-(,Z*))/2T'

¥ « ¥
i —1 in irs—1

§15: Set N=N+land go to S1.
S16: Terminate.

The above procedure constructs a finite observer bank whose target operating areas
cover the desired area of inputs, while the elimination step removes redundant observer—
area pairs without affecting the covered region.
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3.5. Switching Between Observers

As already mentioned, the observer matrices depend upon the operating point of the
system. Consequently, for the finite family of nominal operating points determined in the
previous subsection, a corresponding bank of observers 30 , R e RIDEET obtained,
where observer 3 g

is associated with nominal operating point q’ and target operat-

ing area M, (1‘1([)) (i=1L...,u). For proper operation of the soft sensor, an appropriate

switching mechanism is required, so that the observer used for estimation remains com-
patible with the current operating condition of the nonlinear process. The switching policy
adopted here is based on the overlap of target operating areas and on the convergence of
the measurable outputs to a steady-state value corresponding to inputs belonging in the
overlapping parts of the target operating areas. Let 3% be the currently active observer

~

and 3 be a candidate observer. If
H, (ﬁ(") ) AH, (ﬁ(’) ) O, (52)

then both observers are valid in the overlap region, and therefore a transition from 3¥
to 3 is admissible whenever the process approaches this region. Define the overlap re-

gion

HY =H, (@)~ H, (3@). (53)

"

By construction, every operating point in H'"" is admissible for both observers.

Therefore, switching should take place when the process approaches H'*) . Since the

measurable output vector is available in real time, the switching decision is based on the
measurable output proximity to the overlap region. Let

y(k)=C,q(k) (54)

denote the measurable output vector at sampling instant & . Furthermore, let ' =C d(_l(i)

be the nominal measurable output vector associated with the current observer 3% and

¥y =C,q De the steady-state value of the measurable output vector corresponding to the
steady-state value of the inputs belonging to the overlap region. The following time-de-
pendent convergence metric is then introduced:

_ly (),
=

¢ (k)

x100% . (55)

2

Switching between observers will take place whenever the convergence metric
reaches a threshold ¢, e R, i.e, when ¢ (k)<e,.

4. Performance of the Soft Sensor Scheme

To demonstrate the performance of the proposed soft sensor scheme, a two-stage ap-
proach is adopted. First, the system performance is evaluated through a series of compu-
tational experiments. In this phase, for a prescribed input area of the water distribution
network, the observer-bank construction algorithm presented in Section 3.4 is imple-
mented, and its performance is assessed for a representative transition between an initial
and a final point within the specified input area.

In the second stage, using the observers and target operating areas identified during
the simulation phase, a simulation-supported edge runtime validation approach is em-
ployed to evaluate the operation of the proposed scheme under realistic industrial com-
munication network conditions. In this case, measurement data are generated by a
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computer-based simulation of the network operation. The architecture is based on a
Node-RED edge runtime, which acquires the generated “measurements”, executes a bank
of discrete-time observers, and forwards to the cloud both the state-variable estimates
produced by the observer bank and the system output “measurements” used to trigger a
supervisory switching signal.

4.1. Model Parameters and Input Area Selection

Let L,=300[m], D,=0.[m], & =035[mm] ( j=1..11) g=981[ms"|,
p=999.1[Kg/m’| , u=0.0011[Pas] , &k =0.1[h"], b=1200[mis] , A4 =0.11[-],
A, =68[-] and ¢

$§,max

=5[%] . Regarding the sampling period, it is assumed to be
T. =15[s] which is a valid assumption for typical primary water distribution networks.

Considering the constant flow direction constraint imposed in Section 2.2 and to identify
admissible nominal operating conditions, a numerical testing procedure will be imple-
mented to explore the space of nominal input values. Clearly, chlorine concentration dy-
namics do not affect the water flow conditions. Consequently, they can be omitted from
flow reversal analysis. Let # €[28,32][m] , @, €[4555]m] ( j=2...7 ),

i, €[0,0.0003][m*/s] (1=9,10,13)and i, €[0,0.003][m’/s] (m=11,12). The objective of

the test was to determine combinations of nominal inputs that produce admissible / posi-
tive nominal flow and nodal pressure values. More specifically, for each sampled input

vector, the corresponding nominal solution, let ¥, =[¥ - X, ]T , was computed and as-
sessed with respect to the positivity condition X, >0 (j=1,...,11). Input vectors satisfy-

ing this condition were classified as non-flow-reversal operating points, whereas samples
producing at least one negative nominal flow value were classified as flow-reversal oper-
ating points. In the present approach, the input space is examined using a sampling-based
search strategy. A large set of input combinations is generated within the prescribed hy-
per-rectangular domain, and additional deterministic samples corresponding to the ver-
tices of the domain and its midpoint are also included. The search set combined every
vertex of the 12-dimensional hyperrectangle, a 50,000-point Latin-hypercube design in its
interior as well as 300 randomized points on each lower and upper boundary face. The
numerical search was performed over a total of 61,298 candidate nominal input vectors.
All evaluated samples resulted in solver-valid nominal solutions, indicating that the re-
duced scalar evaluation procedure was numerically robust over the considered input do-
main. No sample was rejected due to solver failure or excessive residual error. Among the
combinations, 6044 preserved all reference flow directions and 55,254 contained at least
one reversed flow. The corresponding test-set frequencies were 9.860% and 90.140%, re-
spectively, while no sampled combination belonged to the near-zero class. The reversals
were confined to the downstream part of the network. The nominal flows of x, to x;
(see Figure 2) remained positive for every evaluated combination. The reversal rates of
¥, and x, were 19.084% and 19.159%, respectively, and the rates of x; and x, were
12.418% and 15.337%. The most sensitive branches were x,, and x,,, which reversed in
40.218% and 40.279% of the valid combinations. The number of simultaneously reversed
flows remained limited (see Figure 3). A single reversed branch occurred in 27,491 com-
binations, corresponding to 44.848% of all valid samples, while two reversed branches
occurred in 21,666 combinations, corresponding to 35.345%. Three and four simultaneous
reversals occurred in 8.831% and 1.116% of the valid combinations, respectively. Thus,
88.966% of all reversal cases involved only one or two branches, and no sampled combi-
nation contained more than four reversed flows.
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From the data analysis it can be verified that the identified non-flow-reversal samples
provide a feasible set of candidate operating conditions for the design and validation of
the proposed observer-based methodology. Furthermore, the numerical point cloud indi-
cates that the admissible point set is irregular, with admissible samples appearing only in
restricted coupled regions of the input space. Therefore, the admissible domain cannot be
represented by simple independent bounds on the nominal values of the inputs. For this
reason and to demonstrate the soft sensor design procedure and performance, a conserva-
tive hyper-rectangular subarea will be selected. Without loss of generality, it will be as-
sumed that i, =30[m], u#,=5[m] (j=2,...,7), @& =0.0002]m*/s], i, =0.0001[m’/s],

i, = O.OOOI[m3 /s] and u, e [0,0.003][m3 /s:| (j=1L12) . It can be readily verified that in

the above regions, no flow reversal occurs. Regarding the range of nominal values of the
influent chlorine concentration, it will be assumed that. #; €[0,3][mg/L].

[5%) %) e
o wh <
T T T

8]
i
T

—
wh
T

—
(=]
T

Reversal cases [% of valid solves]
ro
o
T

h
T

(=

X, X> X3 Xy Xs X X7 Xy Xy X0 Xn
Hydraulic state variable

Figure 2. Percentage of combinations producing a reversal in each nominal pipe flow.

x10%

Number of valid combinations

0 1 2 3 - 5 6 7 8 9 10 11
Number of reversed hydraulic states

Figure 3. Distribution of the number of reversed nominal pipe flows per input combination.
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4.2. Target Operating Areas

In the present subsection, following the results of Section 3, a soft sensor will be de-
signed, toward estimation of the nonmeasurable chlorine concentration variables of the
benchmark water distribution network presented in Section 2. Toward implementation of
the affine transformations (33) and (34), it clearly holds that (u8 )min = O[mg/L] ,

(), = 0[m3/s] ,(uy),, = 0[m3/s] (), =3[megL], (w,),,. = 0.003[m3/sJ and
(), =0.003 [m3 /S:| . Regarding implementation of the algorithm, the sampling period
is set to T, =15[s]; the admissible normalized steady-state estimation error was set to

€mx =5[%] and each candidate target operating area is validated using 5000 sampled

operating points generated by Latin-hypercube sampling. The expansion factor of each
target operating area was determined by bisection with tolerance of 10°. The observer-
pole search was constrained to real nonnegative discrete-time poles in the interval [0,1)

with a minimum pole spacing of 0.005 and a minimum ordered distance of 0.01 from
the plant poles. The free observer-gain parameters were searched in the interval
[-100,100].

Regarding selection of the number of sampled operating points, let p, denote the

probability, under the adopted sampling distribution, that an operating point within a
candidate target area violates the prescribed steady-state accuracy threshold. If no viola-
tion is observed among N validation samples, the probability of missing a violating

pointis (1-p, )N . Consequently, with confidence 1- £, the violation probability satisfies
p, <1-pB" . For N=5000, zero observed violations correspond to upper bounds of ap-

proximately 0.0599% and 0.0921% at confidence levels of 95% and 99%, respectively.
Equivalently, a violating subset with probability of at least 0.1% would be detected with
approximately 99.33% probability.

Application of the observer-bank construction algorithm presented in Section 3.4 re-
sults in a three-dimensional volume coverage of 88.82% after producing a bank of 242
active observers and the corresponding operating areas. From the simulation results it can
be verified that the number of active observers may change during algorithm implemen-
tation due to elimination of previously evaluated redundant observers and corresponding
operating areas. In Figures 4-9 graphical presentations of the coverage is represented for
indicative algorithm loops, where it can be verified that the three-dimensional input space
(since ten of the inputs are constant) is gradually covered by the new observers and their
corresponding operating areas. The evolution of coverage clearly shows the effect of the
redundancy-elimination mechanism. In the early iterations, large target operating areas
remove previously selected smaller regions.

The evolution of the covered volume shows that the proposed procedure initially
captures the broader admissible regions and subsequently resolves the remaining local-
ized gaps. The first observer covers approximately 10.82% of the normalized three-dimen-
sional scheduling domain, whereas the largest individual retained target area, generated
at construction Step 8, occupies approximately 30.15% of this domain. The total covered
volume reaches approximately 43.98% after eight construction steps, 64.37% after 22 steps,
71.32% after 39 steps, and 77.91% after 88 steps. At Step 274, 242 observers remain active
following the elimination of 32 redundant pairs, and their union covers approximately
88.82% of the prescribed domain, leaving 11.18% uncovered. Hence, the increase in cov-
erage from approximately 77.91% to 88.82% requires 186 additional construction steps,
indicating that the remaining uncovered set is fragmented into small regions that require
highly localized observers. The distribution of the nominal operating points is also in-
formative. The normalized u;, and wu, are broadly centered within their prescribed
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ranges, with mean values of approximately 0.548 and 0.527 and median values of approx-
imately 0.547 and 0.541, respectively. By contrast, the normalized u,, coordinate has a
mean value of approximately 0.746 and a median value of approximately 0.792, while 162
of the 242 retained operating points, corresponding to approximately 66.94%, are located
in its upper quarter. These results demonstrate an asymmetric distribution of the operat-
ing points and a substantially finer partitioning requirement near the upper part of the
selected u,, range.

It is important to mention that the evaluation of the target operating areas, including
nonlinear steady-state calculation, local linearization, observer-gain tuning, target-oper-
ating-area validation, coverage evaluation, and redundancy elimination, is a very compu-
tationally demanding stage. Nevertheless, as it is a procedure performed offline and does
not enter the real-time execution cycle of the soft sensor, it does not constitute a critical
computational limitation for the implementability of the soft sensor.
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Figure 4. Three-dimensional volume coverage after Step 1.
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Figure 5. Three-dimensional volume coverage after Step 3.
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Figure 6. Three-dimensional volume coverage after Step 4.
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Figure 9. Three-dimensional volume coverage after Step 274.

4.3. Simulation Results

The performance of the switched soft sensor scheme will be evaluated through a hy-
brid continuous/discrete simulation. The nonlinear hydraulic and chlorine concentration
model will be used as the reference process, while the soft sensor will be implemented as
a bank of discrete-time linear observers associated with precomputed operating areas. The
simulation was initialized at the steady state corresponding to the first selected input
point. Therefore, the initial estimation error is set to zero and the subsequent deviations
were caused only by the imposed input transitions and by the switching between local
observer models. The input sequence started from a point covered only by Observer 8,
will pass through overlap regions of consecutive observer operating areas, and will end
at a point covered only by Observer 1. Considering the observer tuning results presented
in the previous subsection, the selected observer path will be 8 — 2 — 13 — 1. Each inter-
mediate input point will be selected so that it belongs to the overlap of two consecutive
operating areas. That way the currently active observer and the next observer are both
valid at the switching point. The physical input values used in the simulation are summa-
rized in Table 1.

Table 1. Input sequence used in the hybrid nonlinear simulation.

Step Region Type Observer Membership uy[mg/l]  w, [m3/s] u, [m3/s]

1 Unique start 8 2.494287 0.001421 0.001809
2 Overlap 8 2 0.595551 0.000581 0.000027
3 Overlap 2,13 2.434529 0.002419 0.000687
4 Overlap 13,1 2.064902 0.001898 0.001715
5 Unique end 1 0.813750 0.000814 0.002186

The nonlinear model was integrated with a maximum integration step of 1 s, whereas
the observer was updated every 15 s. Thus, the observer operated at the sampling period
used for the discrete-time soft sensor design, while the continuous-time plant dynamics
were resolved on a finer numerical time scale. Switching was enabled using relation (55)
setting ¢, =1% . After each switch, the absolute estimated chlorine vector was preserved
and only its deviation-coordinate representation was changed according to the nominal
point of the newly activated observer. Consequently, the observer switching operation
did not introduce artificial jumps in the estimated absolute chlorine concentrations.
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From Table 1 as well as the simulation results (see Figures 10-31), it can be verified
that the simulation involved four input transitions and three observer switches (see Table
2). All four transitions satisfied the prescribed convergence requirement before the maxi-
mum segment time. The switches from Observer 8 to Observer 2, from Observer 2 to Ob-
server 13, and from Observer 13 to Observer 1 occurred at 223.75, 473.50, and 759.25 min,
respectively. Observer 1 then remained active while the process approached the final
point, which belongs exclusively to its target operating area. The complete experiment
lasted 1174.75 min, corresponding to approximately 19.58 h. The shortest transition re-
quired 223.75 min; the longest required 415.50 min, and the mean transition duration was
293.69 min. Table 2 reports the final measurable-output convergence metric and the nor-
malized state-estimation error at the end of each segment. The final convergence metric
remained below 1% in every case, whereas the final normalized estimation error did not
exceed 0.156547%.

Table 2. Transition times and switching accuracy, and final estimation accuracy.

Transition  Observer Switch End Time [min] Duration [min] €, [%] S [%]
152 8§ -2 223.75 223.75 0.992441 0.058558
253 2 —>13 473.50 249.75 0.999383 0.044245
3 54 13—-1 759.25 285.75 0.998654 0.035599
4 -5 No Change 1174.75 415.50 0.995911 0.156547

The hydraulic trajectories remained compatible with the prescribed flow orientation
throughout the complete experiment. The chlorine concentration estimates closely fol-
lowed the nonlinear model trajectories over the complete sequence. The mean of the 22
normalized error values was 0.71%, and 16 of the 22 chlorine states exhibited an error
below 1%. The largest value was 2.27% for state x,;. Larger errors were concentrated in
states x,,,, x;; and Xx,,, whose trajectories display a small transient lag during the final
and longest transition. For the six measured chlorine states x,,, X3, X, X;,, X3, and
Xy, the normalized root-mean-square error (RMSE) remained below 0.3%. When all 22
states and all observer sampling instants were considered jointly, the aggregate RMSE and
mean absolute error were 0.01177[mg/L] and 0.0042[mg/L], respectively. The largest

absolute estimation error observed during the experiment was 0.128116[mg/L] for state
variable x, during the initial transition. Among the measured output states, the maxi-
mum absolute error was 0.029208[mg/L] and occurred for x,,. The instantaneous nor-

malized error of the complete 22-state estimate reached a maximum of 2.896651% at 812.75
min during the final transition, and subsequently decreased as the process approached
the final operating point. The concentration responses therefore show that the switching
mechanism selected the prescribed observer sequence without estimate jumps, preserved
the assumed flow directions, and maintained accurate reconstruction of both measured
and nonmeasurable chlorine concentrations over widely separated operating conditions.
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Figure 10. Chlorine concentration estimation in Section 1 of Conduit 1.
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Figure 11. Chlorine concentration estimation in Section 2 of Conduit 1.
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Figure 12. Chlorine concentration estimation in Section 1 of Conduit 2.
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Figure 13. Chlorine concentration estimation in Section 2 of Conduit 2.

Model

2.5
E — — —Soft Sensor
[an]
o
= 2
0
£
=
8=
E 1.5
=
3
=
S
&)
g1
—
5
=
o

0.5 : : : : .

0 200 400 600 800 1000
Time [min]

Figure 14. Chlorine concentration estimation in Section 1 of Conduit 3.

o 23 Model
72 — — —Soft Sensor
[an]
o
o 2
=)
g
=
8=
B 15
=
5]
Q
=
S
&)
2 1
=)
£
=
R |
0.5 1 L L L L
0 200 400 600 800 1000
Time [min]

Figure 15. Chlorine concentration estimation in Section 2 of Conduit 3.
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Figure 16. Chlorine concentration estimation in Section 1 of Conduit 4.
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Figure 17. Chlorine concentration estimation in Section 2 of Conduit 4.
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Figure 18. Chlorine concentration estimation in Section 1 of Conduit 5.

https://doi.org/10.3390/w18151924


https://doi.org/10.3390/w18151924

Water 2026, 18, 1924

27 of 48

25¢

Chlorine Concentration [mg/L] - C5/S82
un

-

0.5

Model
= = =Soft Sensor

——

0 200

400

600
Time [min]

800 1000

Figure 19. Chlorine concentration estimation in Section 2 of Conduit 5.
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Figure 20. Chlorine concentration estimation in Section 1 of Conduit 6.
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Figure 21. Chlorine concentration estimation in Section 2 of Conduit 6.
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Figure 22. Chlorine concentration estimation in Section 1 of Conduit 7.
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Figure 23. Chlorine concentration estimation in Section 2 of Conduit 7.
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Figure 24. Chlorine concentration estimation in Section 1 of Conduit 8.
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Figure 25. Chlorine concentration estimation in Section 2 of Conduit 8.
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Figure 26. Chlorine concentration estimation in Section 1 of Conduit 9.
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Figure 27. Chlorine concentration estimation in Section 2 of Conduit 9.
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Figure 28. Chlorine concentration estimation in Section 1 of Conduit 10.
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Figure 29. Chlorine concentration estimation in Section 2 of Conduit 10.

24F

Model
= = =Soft Sensor | 1

22+t

Chlorine Concentration [mg/L] - C11/S1

0 200 400 600 800 1000
Time [min]

Figure 30. Chlorine concentration estimation in Section 1 of Conduit 11.
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Figure 31. Chlorine concentration estimation in Section 2 of Conduit 11.

Note that extending the simulated trajectory to include a larger part of the observer
bank is straightforward, since additional transitions can be introduced by concatenating
pairwise-overlapping operating areas and applying the same convergence rules. Because
the observer matrices and their target operating areas are computed and validated offline,
increasing the path length primarily increases the total simulation duration and number
of switching events, without materially affecting the per-sample computational burden.
The estimation performance is governed by the locally validated observers and overlap
conditions rather than by the total number of observers traversed.

It is important to mention that a comparison with a direct single-step transition from
the initial point directly to the final, using the fixed Luenberger observer of Area 8 con-
firmed the improved transient robustness of the proposed multistep strategy. The multi-
step procedure reduced the peak normalized error by 16.95% and the maximum chlorine-
estimation error by 48.35%, while providing lower maximum errors for 15 of the 22 con-
centration states.

Regarding the performance of the soft sensor scheme in the presence of uncertainties
to model parameters, a sensitivity analysis was performed by perturbing the pipe rough-
ness & (i=1,...,11), the friction parameters 4, and A4,, and bulk chlorine-decay coeffi-
cient k, by +2.5% and 5%, while keeping the soft sensor and switching logic un-

changed. All perturbed cases completed the prescribed observer sequence with three
switches, and every transition satisfied the convergence criterion. The estimation accuracy
was most sensitive to 4,. A £5% variation increased the maximum normalized RMSE,
peak normalized error, and maximum chlorine-error norm by 21.60%, 21.68%, and 23.51%,
respectively. Variations in roughness and 4, had considerably smaller effects, whereas
k, mainly influenced the terminal accuracy, with a maximum increase of 17.49% in the
final normalized error. Pipe roughness had a moderate but systematic influence on the
transient estimation accuracy. A 5% roughness variation increased the maximum normal-
ized RMSE, peak normalized error, and maximum chlorine-error norm by 3.24%, 4.02%,
and 4.92%, respectively. Conversely, a -5% variation reduced the peak error but increased
the final normalized error and the time spent above the prescribed error threshold.

5. Implementation

The proposed switching-observer soft sensor was implemented in a Node-RED
runtime to verify that the observer bank and the switching supervisor can be executed in
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a deployable edge-oriented environment. The implementation follows a distributed edge-
supervisory architecture. The local layer (see Figure 32) executes the discrete-time observ-
ers, whereas the supervisory layer (see Figure 33) evaluates the operating-area infor-
mation and sends the active observer identifier back to the local layer. In the validation
setup, deterministic telemetry generated by the MATLAB benchmark simulation was re-
layed through MQTT so that the Node-RED implementation received the same input se-
quence as that used in the computational study of Section 4. This made the implementa-
tion test reproducible and enabled direct comparison between the Node-RED estimates
and the MATLAB reference trajectories.

Reset Observer 1
Payload to cloud
Observer 2
MQTT Merge Payload Observer 3 Gate local1/topic
@ connected
Observer 4
ObserverSwitch Logging csv /data/logging/sim_result.csv

Figure 32. Local Node-RED observer-bank execution flow.

At each sampling instant, the local flow receives the process input vector and the
measured output vector. The six measured outputs correspond to the chlorine concentra-
tions measured at the outlet sections of Conduits 2, 6, 7, 8, 10 and 11. The MQTT input
nodes subscribe to the topics sensors/yl, sensors/y2, sensors/y3, sensors/y4, sensors/y5
and sensors/y6 for the measured outputs and to data/topic for the supervisory infor-
mation returned by the supervisory layer. A merge function assembles the latest values
into a single payload containing the input vector, the measured output vector, the active
observer identifier, and a timestamp. This payload is forwarded to the observer bank.

Payload from observer
Payload to observer

locall/topic Store Payload Decision Final packet data/topic
@ connected @ connected
Find Observer Area
Ut/topic
@ connected Interpolation xf
Load CsV
timestamp * Lookup Table csv CSV Check
Load CSV
timestamp * Parameters csv CSV Check

Figure 33. Node-RED edge-cloud implementation architecture.

Each observer is implemented as a JavaScript function node that executes the dis-
crete-time Luenberger-type observer equation derived in Section 3.1. The observer func-
tions run in parallel and produce candidate estimates of the chlorine-state vector. The gate
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function (see Figure 34) performs telemetry arbitration. It compares the identifier of each
candidate observer with the active observer identifier received from the supervisory layer,
rejects non-active estimates, and publishes only the selected estimate. The outgoing packet
is transmitted through the topic locall/topic and contains the timestamp, active observer
identifier, selected estimate, and the corresponding measured-output data. This structure
preserves parallel observer execution while enforcing a single output stream.

let active = flow.get("activeObserver™) || &;

if (msg.observer !== active) {
return null;

const xestArr = Array.from{

{ length: 22 },

9 (_, 1) == msg.payload.xest["x" + (i + 17}]
10 IH

11

12 flow.set("lastActiveObserver”, active);

1
2
3
4
5 )
4
g

13 Tlow.set("lastActiveXest", xestArr);
14

15 msg.topic = "locall/topic";

16 node.warn({

17 activeObserver: active,

18 observer: msg.observer,

19 xest: msg.payload.xest

20 3);
21 return msg;

Figure 34. Gate function for active-observer telemetry arbitration.

The supervisory flow receives the selected local estimate through locall/topic and the
target input information through Uf/topic. Two lookup/interpolation functions use CSV
files generated offline from the observer-bank construction procedure. These files contain
the nominal operating points, target-operating-area bounds, steady-state values, and ob-
server identifiers required by the switching logic. The supervisory decision block com-
bines the incoming payloads, identifies the current target operating area, evaluates the
switching condition based on measurable-output convergence, and publishes the new ac-
tive observer identifier to data/topic.

A reset function was included for repeatable validation. It clears the stored observer
states and initializes the Node-RED context variables before a new replay sequence is
started. This reset action is used only at the beginning of a validation run and is not part
of the normal online operation of the soft sensor.

Although the observer-bank construction procedure of Section 4 produced 242 re-
tained observer—area pairs for the selected normalized input domain, the validation tra-
jectory activates only the observer path 8 — 2 — 13 — 1. It should be noted that, for
demonstration purposes only, the Node-RED instance implemented the subset of observ-
ers that were activated during the considered validation scenario. Implementing the full
previously determined and evaluated observer bank leads to the same results, since the
additional observers remain inactive throughout the experiment.

The Node-RED implementation logs the selected estimate, active observer identifier,
switching instants, timestamps, and reference values. The logs are exported automatically
to CSV files and compared with the MATLAB reference trajectories. The comparison con-
firms that the Node-RED implementation reproduces the intended observer scheduling,
performs the required switching sequence, preserves convergence after transitions, and
maintains small estimation errors. Indicatively, in Figures 35-56 the estimations of the
chlorine concentrations generated via the Node-RED implementation vs. the respective
chlorine concentration generated through the MATLAB simulations in Section 4.2 are pre-
sented. Comparing the reference data generated through MATLAB with the correspond-
ing Node-RED estimation data, it can readily be verified that the Node-RED implementa-
tion reproduces the reference system dynamics, as well as the reference estimated data
with practically identical behavior. The error distribution is strongly concentrated close to
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zero. The median absolute error is 0.00098[mg/L] ; 95% of the absolute errors are below
0.02675[mg/L], and 98.19% are below 0.05[mg/L]. The maximum absolute error is
0.12813[mg/L] and occurred for state x,, during the initial transient. The results confirm

that the Node-RED realization accurately preserves the behavior of the reference imple-
mentation.

Model
»  Node-RED

22 1

1.8 1
1.6 1
1.4 1
1.2 1

0.8

Chlorine Concentration [mg/L] - C1/S1

0.6 1
0 200 400 600 800 1000
Time [min]

Figure 35. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 1.
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Figure 36. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 1.

It is important to mention that the Node-RED experiment constitutes a simulation-
supported edge runtime validation rather than a field trial. The nonlinear MATLAB
model represents the water distribution process and generates the telemetry supplied to
the Node-RED runtime through MQTT. Consequently, this experiment evaluates the fi-
delity of the edge implementation, including data acquisition, observer execution, super-
visory switching, and telemetry arbitration, relative to the MATLAB reference implemen-
tation. It does not independently validate the physical model or the estimation accuracy
using measurements obtained from an operating water distribution network. Validation
using operational supervisory control and data acquisition (SCADA) data and field chlo-
rine measurements therefore remains a subject of future work.
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Figure 37. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 2.
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Figure 38. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 2.
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Figure 39. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 3.

https://doi.org/10.3390/w18151924


https://doi.org/10.3390/w18151924

Water 2026, 18, 1924

36 of 48

o~ 23 Model
g *  Node-RED
(28]
@)
O 2
=0
g
=}
2
B 15
=
L5
2
=
<
&)
21
g
=)
=
U L
0.5 I I 1 i I
0 200 400 600 800 1000
Time [min]

Figure 40. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 3.
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Figure 41. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 4.
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Figure 42. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 4.
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Figure 43. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 5.
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Figure 44. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 5.
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Figure 45. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 6.
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Figure 46. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 6.

25F

Chlorine Concentration [mg/L] - C7/S1
i

-

0.5

Model
% Node-RED

|

0 200

400

600
Time [min]

800 1000

Figure 47. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 7.
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Figure 48. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 7.
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Figure 49. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 8.
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Figure 50. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 8.
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Figure 51. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 9.
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Figure 52. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 9.
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Figure 53. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 10.
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Figure 54. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 10.
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Figure 55. Node-RED chlorine concentration estimation vs. reference in Section 1 of Conduit 11.
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Figure 56. Node-RED chlorine concentration estimation vs. reference in Section 2 of Conduit 11.

6. Conclusions

In the present paper, a reduced observer-bank synthesis and edge-oriented imple-
mentation framework for a residual chlorine concentration soft sensor in water distribu-
tion networks was presented. The proposed approach was developed for a benchmark
network described by nonlinear hydraulic and chlorine transport-reaction dynamics.
Around admissible operating points, local discrete-time linear approximants were de-
rived and used as the basis for the design of a finite bank of full-order Luenberger-type
observers. The resulting soft sensor estimates nonmeasurable chlorine concentration var-
iables using only a limited set of measurable chlorine outputs, thus addressing the practi-
cal limitation of sparse water-quality instrumentation in distribution networks.

A main component of the proposed methodology is the systematic construction of
the observer bank. For each admissible operating point, the corresponding nonlinear
steady state was computed, a local discrete-time linear approximant was obtained, and
the observer parameters were selected through a metaheuristic multicriterion tuning pro-
cedure. The tuning combined discrete-time pole-placement constraints with estimation-
performance objectives, so that each observer was not only locally stable but also suitable
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for chlorine estimation within a prescribed neighborhood of its nominal point. The target
operating area of each observer was then determined through validation over sampled
operating conditions. A central contribution of the paper was the observer-bank construc-
tion algorithm that eliminates redundant target operating areas. Instead of selecting all
operating points a priori, the algorithm adaptively covered the normalized input domain
by adding new observer—area pairs only where uncovered regions remained. After each
new target operating area was generated, the algorithm checked whether any previously
retained operating area was fully covered by the union of the remaining ones. Such re-
dundant areas, together with their corresponding observers, were removed without re-
ducing the covered region. In this way, the proposed algorithm produced a compact ob-
server bank, preserving operating-domain coverage while avoiding unnecessary parallel
observers and reducing the implementation burden at the edge. The observer bank was
combined with a switching supervisor based on target-area overlap and measurable-out-
put convergence. This mechanism enabled the soft sensor to change the active observer
during operating transitions while maintaining consistency between the selected observer
and the current operating condition. The complete scheme was then transferred to a
Node-RED edge runtime. Within this runtime, the observers were executed in parallel,
while the supervisor and switching mechanism selected the active estimate and for-
warded it through a single telemetry stream. Deterministic measurement data generated
by a MATLAB simulation of the benchmark water distribution network were fed to the
Node-RED instance, allowing repeatable evaluation of data acquisition, observer execu-
tion, switching, telemetry arbitration, and runtime adaptation. The proposed implemen-
tation was shown to reconstruct all nonmeasurable chlorine concentrations with high ac-
curacy.

Future research will focus on (a) the development of online adaptation mechanisms,
allowing the observer-bank parameters, target operating areas, or switching thresholds to
be updated when the hydraulic regime, chlorine reaction parameters, or demand patterns
change, and (b) investigation of larger and more complex network topologies, distributed
edge deployments and integration with SCADA, IoT, and cloud platforms for operational
decision support.
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f(QaD,g):% |:8/D+Dﬂﬂ‘2,u/(4Qp):|l/4’

where L, and D, are thelength and inner diameter of conduit i, 4, =zD/4, ¢, isthe
absolute roughness of conduit i, g is the magnitude of the gravitational acceleration vec-
tor, b is the pressure wave speed, p and u are the density and dynamic viscosity of
the water, n, is the number of spatial discretization sections (n, =2), k, is a first-order

chlorine reaction rate, while 4, and 4, are positive pipe friction model parameters.
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