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Abstract— This paper presents an edge-oriented implementation of a discrete-time bank of switching observers 
for chlorine estimation in a benchmark water distribution network (WDN). The approach combines local 
execution of multiple observers within a Node-RED runtime, deterministic data acquisition from a programmable 
logic controller (PLC) via Modbus Transmission Control Protocol (TCP), and cloud-supervised switching. The 
architecture enables parallel observer execution, telemetry arbitration across a single stream, and continuous 
adaptation of the runtime. The experimental validation is carried out in a hardware-in-the-loop setup in which a 
hydraulic and quality simulated model provide the measurement data for a physical PLC in real-time, allowing to 
assess the entire edge–cloud pipeline under realistic conditions of an industrial communication system. 
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I. INTRODUCTION 
Edge computing plays a critical role in water quality monitoring within WDNs, particularly when timely 
detection and response are required. By executing estimation functions at the edge, continuous operation can 
be maintained even under intermittent cloud connectivity. Moreover, edge-based processing enables scalable 
deployment across geographically distributed infrastructures, minimizes communication load, and enhances 
resilience. Thus, it is particularly suitable for real-time soft-sensing applications in WDNs. 

Edge and Internet-of-Things (IoT) architectures are increasingly adopted in WDNs to cope with latency, 
bandwidth, and scalability constraints that arise in large sensing deployments. An explicit edge–cloud 
monitoring paradigm for water quality in a WDN is given in [1], illustrating the practical value of distributing 
data processing between near-field nodes and cloud services. At a broader scale, massive IoT deployments for 
water distribution systems, and the associated communication, data-management, and evaluation challenges, 
are analyzed in [2], while a concrete large-scale smart-water IoT framework and its performance evaluation 
are studied in [3] and [4]. Complementary to platform-level frameworks, data-efficient monitoring and 
inference mechanisms motivated by energy and communication constraints are addressed in [5]. These works 
establish the enabling edge/IoT foundation for distributed monitoring in WDNs. However, explicit 
implementations of model-based soft sensors executed at the edge (and coordinated via cloud-supervised 
switching), to the best of our knowledge, have not as yet been studied. 

This paper investigates the transition of chlorine soft sensors from simulation-oriented designs to 
deployable cyber-physical implementations by presenting an edge-oriented realization of a discrete-time bank 
of switching observers for a benchmark water distribution network. The proposed approach executes multiple 
observer instances locally within a Node-RED runtime, acquires measurements deterministically from a PLC 
through Modbus TCP, and performs cloud-supervised observer activation and selection. A gating stage 
enforces single-stream telemetry while preserving parallel observer execution at the edge, thereby enabling 
uninterrupted runtime adaptation. Experimental validation is performed in a hardware-in-the-loop 
configuration, where a real-time hydraulic and water-quality simulator generates sensor-like measurements 
that are injected into a physical programmable logic controller, allowing the full edge–cloud pipeline to be 
assessed under realistic industrial communication conditions. 
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II. BENCHMARK WATER DISTRIBUTION NETWORK AND OBSERVER FORM 
Maintaining an adequate free chlorine residual throughout a water distribution network is a central 

operational requirement (see [6]-[13] and the references therein) because chlorine is the last protective barrier 
against microbial regrowth and contamination events after treatment. However, the residual is not spatially 
uniform and can change rapidly with hydraulic transients, demand patterns, water age, and reactions in the 
bulk water and at pipe walls. In practice, utilities cannot instrument every critical pipe section with in-line 
chlorine analysers, so soft sensors become essential to infer chlorine concentration at unmonitored locations 
from routinely available telemetry at the network’s discrete-time sampling rate. For the derivation of the soft 
sensor, here a physics-based approach will be used (see [13]-[14]). Toward this goal, a mathematical model of 
the water distribution network is required to provide the causal link between hydraulics and chlorine transport 
/ decay, to support systematic estimator / observer design with analysable convergence properties, and to 
avoid relying solely on black-box predictors whose reliability can degrade under varying operating conditions. 
For later-on observer design purposes, a benchmark water distribution network of the form presented in Figure 
1 will be used. The configuration consists of a star-shaped network composed of three reservoirs 
interconnected through three pipes to a single internal junction while aggregated consumer demand is also 
introduced at the node.  

 

 
Fig. 1  Benchmark Water Distribution Network Setup 

Applying series of computations (see [14]), the dynamic model of the WDN is  
 ( ) ( )Ex x Z x u= Γ +  (1) 

where [ ]1 10 1 2 3 1,1 1,2 2,1 2,2 3,1 3,2
TT

nx x x Q Q Q H c c c c c c = =   , [ ]5
*
11

Tu u Hu = =   
* *
2 3 0

T

dQH H c  , iQ  ( { }1,2,3i∈ ),  *
iH  ( { }1,2,3i∈ ) is boundary (actuatable) pressure heads imposed by 

the reservoir i , iQ  is the volumetric flow rate in conduit i , dQ  is the aggregated consumption flow rate, ,i jc  
is the chlorine concentration at section j  of conduit i and 0c  is the influent chlorine concentration to the 
network from reservoir 1, while E , ( )xΓ  and ( )Z x  are appropriate system matrices depending upon the 
geometry of the network and water flow properties. Based on the model (1), a linear approximant of the 
following form can be produced 
 ( ) ( ),sE x J x u x Z x uδ δ δ= +  (2) 
where x  and u  are the vectors of nominal values of the state and input vectors of the nonlinear model. 
Clearly, the system matrices sJ  and Z  depend upon the nominal values of the system. Following a quasi-
static approach, i.e. assuming that the water flow model is static and applying zero-order-hold interpolation, 
the discrete time dynamics of the chlorine concentration in the network take on the form  
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 ( ) ( ) ( ) ( ) ( )1 d dq k A u q k B u u kδ δ δ+ = +  (3) 
The discrete time linear approximant system matrices in (3) will be used for observer / chlorine soft sensor 
design purposes. Following the procedure in [14], the soft sensor comprises of a predefined bank of observers 
of the form 
 ( ) ( ) ( )( ) ( ) ( ) ( ) ( ) ( ) ( ) 0ˆ ˆ ˆ ˆ: 1 ; 0d d dq k A u L u C q k B u u k L u y k q qδ δ δ δ δ δℑ + = − + + − =  (4) 

where ( )L u  is an observer matrix to be determined by the designer. Clearly, each observer depends upon the 
nominal values of the system. Hence, as the system diverges from the operating point, the estimation error is 
bound to increase and hence switching between the observers of the soft sensor is necessary. In what follows, 
a system architecture for edge implementation of the soft sensor system (indicatively consisting of four 
individual observers) will be presented. 

III. SYSTEM ARCHITECTURE - EDGE EXECUTION WITH CLOUD-SUPERVISED SWITCHING 
The proposed platform implements a complete edge-to-cloud pipeline for soft sensing in water distribution 

networks, with emphasis on runtime operation (see Figure 2). The architecture is centred on a Node-RED edge 
runtime that a) acquires industrial measurements from a programmable logic controller, b) executes a bank of 
discrete-time observers in parallel, and c) forwards to the cloud the state variables estimate, produced by the 
bank, as well as measurements of the system output to be used to trigger a supervisory switching signal.  

 
Fig. 2  System Architecture 

 
This structure (see Figure 3) allows the computationally critical estimation tasks to be performed locally at the 
edge, while retaining a cloud layer for supervision, monitoring, and remote adaptation of the estimation mode 
during operation. 

At the measurement interface, the edge runtime connects to the field layer through a Modbus TCP link to 
the PLC. A Modbus client node cyclically reads a block of seven holding registers, which arrive in Node-RED 
as a sequential array (see Figure 4). A parsing stage then unpacks this array into individual scalar signals, 
assembling a five-dimensional control-input vector and a two-dimensional measured-output vector that drive 
the observer-bank execution. The use of a single block read reduces protocol overhead, yields a predictable 
sampling pattern, and simplifies time alignment of signals at the edge. 

In addition to the direct PLC measurements, the architecture supports ingestion of auxiliary quantities 
through Message Queuing Telemetry Transport (MQTT). A topic hierarchy of the form Measurements/# (see 
Figure 5) is used to deliver values needed by the edge logic (i.e. operating-point values, configuration and 
other parameters that are updated less frequently than the main sampling loop). Each topic is isolated through 
a dedicated filter, and the most recent value is stored in Node-RED’s flow context. MQTT updates modify 
cached context values whenever they arrive, whereas observer execution reads a snapshot of those cached 
values at the time a new measurement tick occurs. 



Proceedings of Engineering & Technology PET -Vol 98, pp.28-34 Advances in Control Systems and Information Technology 
 
 

Copyright © 2026  
ISSN: 1737-9334 

12th International Conference on Control Engineering & Information Technology (CEIT-2026)                                          10.051103/PET.260597705 

 
Fig. 3  Node-Red flows Overview 

 

 
Fig. 4  Modbus/TCP Splitted Registers Function 

 

 
Fig. 5  Measurements MQTT Topic 

The estimation layer is implemented as a bank of four observers that run in parallel within the same edge 
runtime. The observers share the same execution template and message interface, but use different internal 
parameterizations, corresponding to distinct locally valid models (e.g., different operating regions). From a 
system point of view, the key architectural feature is that the observer bank can be executed at the edge.  

A key element of the architecture is the explicit separation between estimation and selection. Switching is 
realized through a dedicated supervisory path. Node-RED subscribes to a switch/# topic, interprets received 
commands as an active-observer index, and stores the selected index in flow context. Importantly, reception of 
a switch command does not interrupt the acquisition pipeline or the observer-bank execution. Instead, it 
updates only the selection state that will be used downstream to determine which estimate stream is published. 
This design supports remote adaptation of the soft sensor during runtime while avoiding disruptions of the 
edge process, which is critical when the edge node must remain operational under intermittent connectivity or 
during frequent operating changes. 

To enforce single-stream publication, a gating mechanism is placed immediately before the cloud-facing 
output. Each observer tags its outgoing message with an identifier, and a gate compares this identifier against 
the stored active-observer index.  

On the cloud interface, the selected estimate stream is published to a Microsoft Azure MQTT broker. 
Architecturally, this yields three distinct communication paths: a) the field-to-edge data path via Modbus TCP, 
b) the cloud-to-edge supervisory path via MQTT (both Measurements/# and switch/#), and c) the edge-to-
cloud telemetry path via gated MQTT publication. The separation of these paths improves modularity and 
operational resilience since loss or delay of supervisory messages does not halt estimation at the edge, and 
intermittent cloud connectivity does not interfere with acquisition from the programmable logic controller. 

IV. EXPERIMENTAL RESULTS 
The experimental validation will be conducted under a hardware-in-the-loop configuration in order to 

emulate realistic field conditions while preserving full control over the underlying plant dynamics. In this 
setup, a computer-based simulation environment implements the water distribution network model and 
generates, in real time, the measurable outputs that would normally be produced by physical sensors. The 
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execution from that moment forward is completely real. As already mentioned, the system implements a bank 
consisting of four observers. These observers are designed on the following input operating points: a) 

[ ]1 20 mu = , [ ]2 15 mu = , [ ]3 10 mu = , 3
4 0.006 m /su  =   , [ ]5 2 mg/lu = , b) [ ]1 26 mu = , [ ]2 13 mu = , [ ]3 8.4 mu = , 

3
4 0.005 m /su  =   , [ ]5 1.9 mg/lu = , c) [ ]1 35 mu = , [ ]2 10 mu = , [ ]3 6 mu = , 3

4 0.0035 m /su  =   , [ ]5 1.75 mg/lu = , 

d) [ ]1 44 mu = , [ ]2 7 mu = , [ ]3 3.6 mu = , 3
4 0.002 m /su  =   , [ ]5 1.6 mg/lu = . 

It can readily be verified that the accuracy regions corresponding to the above operating points satisfy the 
dense web principle. Following the procedure in [14], the corresponding observer matrices are derived to be 

( )
0.0044 0.002 0.092 0.5448 0.0028 0.0021
0.0021 0.0032 0.0178 0.009 0.0055 0.0926

T

L u
− − 

=  − 
 

( )
0.0017 0.0013 0.0155 0.2205 0.0009 0.0019
0.0021 0.0033 0.0043 0.0054 0.0022 0.0044

T

L u
− − − 

=  − 
 

( )
0.0005 0.0003 0.0035 0.0877 0.0023 0.0004
0.0021 0.0023 0.0023 0.0025 0.0009 0.0176

T

L u
− 

=  − − 
 

( )
0.0013 0.0002 0.002 0.0434 0.0017 0.0006
0.0025 0.0002 0.0019 0.0008 0.0001 0.0083

T

L u
− 

=  − − − 
 

Regarding the sampling period it will be assumed that it is equal to 1 minute, being typical for online chlorine 
concentration measurements in WDNs, while for the network simulation, the data presented in [14] will be 
used. Initializing the observer with zero estimation error, in Figures 6 to 9 chlorine concentration plots for the 
non-measurable are produced for transitions between five points. It can readily be verified that 
“measurements” and soft sensor estimations during the experiment are almost identical. 

 
Fig. 6  Chlorine concentration Vs estimation in the section 1 of pipe 1 

 
Fig. 7  Chlorine concentration Vs estimation in section 2 of pipe 1 

 
Fig. 8  Chlorine concentration Vs estimation in section 1 of pipe 2 

 
Fig. 9  Chlorine concentration Vs estimation in the section 1 of pipe 3 
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V. CONCLUSIONS 
An edge-oriented implementation of a physics-based chlorine soft sensor for water distribution networks, 

based on a discrete-time bank of switching observers designed around multiple operating points, has been 
introduced. The edge–cloud architecture that has been proposed executes all observers continuously within a 
Node-RED runtime, acquires measurements from a programmable logic controller via Modbus TCP, and uses 
cloud-supervised switching through MQTT. A gating mechanism ensures that only the cloud-selected 
observer publishes estimates, enabling seamless runtime adaptation without interrupting acquisition or 
estimation. Validation has been conducted in a hardware-in-the-loop setting, confirming accurate chlorine 
reconstruction during operating-point transitions and demonstrating the feasibility of deploying switching soft 
sensors at the network edge. A general edge implemetation framework for a parametric number of step wise 
safe observers is currently under investigation.  
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