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Abstract

Service pressure control is a powerful tool to reduce leakage and risk of pipe bursts in Water Distribution Networks (WDNs).
However, to obtain good control performances, it is essential to rely on a good model of the plant. A typical approach consists of the
identification of a linear, local model of the system around the desired working point. Previous works relied on black-box, high order
models to demonstrate that WDNs are characterised by a very complex dynamic behaviour, which should be properly modelled to
avoid stability issues resulting from poor regulator design. This work aims at providing a physical justification for such complex
dynamic behaviour, by means of a particular grey-box model structure, with pure delays as its fundamental blocks. Moreover, this
works demonstrates that the new model structure can be very effective and efficient in modelling the WDN dynamics. Finally,
to proper exploit the new model, this work proposes a bi-objective optimisation based procedure for the regulator design. The
potentialities of both model identification and regulator design phases are assessed by means of simulated experiments performed
on a detailed unsteady flow model of three different WDNs.
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1. Introduction1

In the recent years, the rise of the Water 4.0 approach for2

the management of Water Distribution Networks (WDNs)3

has attracted the interests of both hydraulic and automatic4

scholar communities, with the final aim of developing and5

implementing new techniques to save water and energy [1].6

New management techniques should exploit at best the new7

possibilities offered by the Water 4.0 approach, such as the8

spread of smart sensors and actuators, connected to control9

units by means of high speed communication networks. New10

techniques include measuring and predicting users’ water con-11

sumption [2, 3, 4], evaluating and improving WDN reliability12

[5, 6], monitoring and controlling water quality [7, 8].13

14

Among new techniques, Real Time Control (RTC) of15

service pressure [9, 10, 11] plays a fundamental role, since16

it has been demonstrated to reduce water leakage [12, 13],17

risk of pipe burst [14, 15] and to extend the overall WDN18

infrastructure lifetime. Moreover, pressure RTC can be19

combined with higher level, optimal or predictive controllers20

designed for an optimised control of the whole WDN struc-21

ture [16, 17, 18, 19, 20, 21, 22, 23], to further improve its22

management. Novel RTC techniques also allow to recover23

part of the energy by coupling standard Pressure Control24

Valves (PCVs) or Pressure Reducing Valves (PRVs) with25

Pump as Turbine (PAT) devices [24, 25, 26, 27], thus making26

RTC an even more interesting and profitable option for WDN27

managers. The problem of pressure RTC is typically faced28
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with frequency domain control techniques [28, 29, 30], based 29

on local, linear approximations of the WDN dynamics around 30

the desired working point [28, 29]. However, the process 31

typically moves away from its working point during operation, 32

as a consequence of the time-varying nature of users’ water 33

demand. Due to the combined action of a strong process static 34

gain nonlineairity, and a complex high frequency behaviour, 35

this may result in instability of the closed-loop system [31]. As 36

a crucial example, [32] describes an instability event occurred 37

in a real WDN, due to the lack of understanding of the process 38

dynamics, and a consequent poor control design. Such insta- 39

bility event had serious physical and financial consequences 40

in terms of number of reported bursts at that time. A reliable 41

process model is therefore essential for a proper tuning the 42

regulator. The purpose of this work is then twofold: first, 43

provide a physical-based justification for the complex high 44

frequency dynamic of the plant, which was previously analysed 45

by means of black-box models only [31, 33]. This result can 46

be achieved by means of a particular grey-box model structure, 47

based on the sum of pure delay contributions. Second, propose 48

an optimisation-based procedure for the design of a regulator, 49

built on top of the new model structure. 50

51

In particular, this work proposes a methodology for the com- 52

putation of admissible delay values, based on the knowledge of 53

structural WDN data only, and adopts a LASSO [34] approach 54

for the selection of the most significant contributions and, at the 55

same time, for the identification of free model parameters. This 56

allows keeping the complexity of the model at a reasonable 57

level, while retaining a sufficient amount of information about 58

process dynamics. This paper also demonstrates that the new 59

model structure can be effective and more efficient than stan- 60
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Figure 1: Case Studies A1 and A2. Topology of the water distribution systems.

dard, rational transfer functions, when the system step response61

shows a stair-shaped behaviour. As far as regulator tuning is62

concerned, this work follows the same rationale proposed in63

[35]: a bi-objective problem is setup, to express the trade-off64

between regulation performances and cost of control, while65

robustness of the design is taken into consideration by means66

of constraints on minimum robustness margins. The overall67

control scheme is implemented including a gain scheduling68

approach to further mitigate the effect of process gain non-69

lineariy on the closed-loop performance and robustness [36].70

Simulations performed over a detailed numerical model of71

three different WDNs allows investigating the effectiveness72

and reliability of both model identification and regulator design.73

74

This paper is organised as follows: § 2 describes the three75

WDNs adopted as Case Studies and the numerical modelling76

approach for the nonlinear WDN simulator; § 3 discusses in77

details the methodology for model identification through the78

computation of admissible delay values, and the use of LASSO79

for the identification of the free model parameters; § 3 also80

discusses the regulator design based on the solution of a bi-81

objective optimisation problem. Then, § 4 describes the appli-82

cation of the model identification procedure to the three Case83

Studies, and analyses the regulator design and test for the three84

Case Studies. Finally, § 5 discusses the overall results obtained85

with the proposed methodology, while § 6 formulates some86

concluding remarks.87

2. Case studies and WDN unsteady flow model88

In this work, three different Case Studies are adopted to89

demonstrate and discuss the identification of linear local90

models for the purpose of service pressure control, and their91

application in the design of linear regulators. This Section92

is therefore devoted to the description of the topology of the93

three WDNs adopted for simulations and of the specific control94

goals, as well as to a brief summary of the unsteady flow95

modelling methodology adopted to develop the simulation96

environment, which should describe the dynamics of the three97

systems in a highly accurate way and work as replacement of98

the real system to test the pressure control algorithms proposed99

in this work.100

101
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Figure 2: Case Studies A1 and A2. Source pressure and demand profile.

Figure 3: Case Study B. Topology of the WDN [3].

Case Studies A1 and A2, depicted in Figure 1, consists of 102

WDNs with a simple topology, characterised by a single source 103

node, connected to a single demanding node by means of a 104

pipe. Actuation is obtained by means of a pressure control valve 105

(PCV), whose closure speed is saturated for safety reasons. In 106

particular, a full valve closure from the completely open po- 107

sition can be obtained in 100 s for this case study. The two 108

topologies are characterised by the following distances: 109

• Source node - Valve distance dsn−v, set to 250 m for Case 110

Study A1, and 3000 m for Case Study A2, respectively. 111

• Valve - Controlled node distance dv−cn, set to 4750 m for 112

Case Study A1, and 1000 m for Case Study A2, respec- 113

tively. 114

• Controlled node - Demanding node distance dcn−dn, set to 115

5000 m for Case Study A1, and 6000 m for Case Study 116

A2, respectively. 117

The temporal patterns of source pressure head and demand are 118

depicted in Figure 2. No leakage is considered in this system. 119

120

Note that Case Studies A1 ad A2 are also exploited to test 121

the design of pressure control algorithms based on the proposed 122
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Figure 4: Case Study B. Source pressure and total demand profiles (sum of
nodal demands across the WDN).

models. To this end, the range of available scenarios is extended123

by introducing two different offsets ({−0.03; 0.05} [m3/s]) in124

the demand profile, to cover a wider range of operating condi-125

tions and account for possible seasonal variation of the demand.126

127

Case Study B is represented by the skeletonized WDN of the128

Italian town of Castelfranco Emilia (about 30,000 inhabitants).129

Actuation is obtained by means of a PCV installed in pipe130

26-20 linking the source to the rest of the network, while131

pressure is measured at node 1, as depicted in Figure 3. The132

network consists of 26 demanding nodes with ground elevation133

of 0 m a.s.l. and 1 source node with ground level of 35 m134

a.s.l., and 32 pipes. For closed-loop simulations, two different135

demand patterns are considered for this case study, leading136

to two different trends of the total WDN demand (see Figure137

4): a flatter trend (profile A) and a more peaked trend (profile138

B), sharing the same average values for each single demand139

profile. The source pressure head profile is reported in Figure140

4 as well. A leakage percentage of 20% is also considered in141

this system. Note that PCV moves from a completely open to a142

completely closed position in 300 s.143

144

Further details about the Case Studies can be found in145

[28, 36].146

147

Remark: The choice of the three WDNs topologies is mo-148

tivated by their different dynamic behaviours, as underlined149

by preliminary step responses experiment, depicted in Figures150

5a, 5b, 5c. Note that step responses range from a clear stair151

shaped behaviour (Case Study A1) to a much smoother one,152

mainly exhibiting damped oscillations (Case Study B). This153

can be imputed to the three different network layouts, which154

result in different dominant physical phenomena. In particular,155

Case Studies A1 and A2 are characterised by a simple topol-156

ogy, and their dynamic behaviour is mainly determined by to157

wave reflection phenomena. In a real world scenario, these158

Case Studies approximate WDNs whose dynamics is strongly159

affected by that of its main water supply pipe. A stair-like be-160

haviour is reported in different works in the pressure control161

literature [32, 37, 29, 31]. Notably, [32] reports an instability162

event recorded in a real plant due to a control design that was 163

not properly handling such stair shaped dynamic behaviour, as 164

discussed more in detail in [31, 33]. On the other hand, Case 165

Study B is characterised by a complex topology and a very com- 166

plex dynamic response, which is in this case caused by waves 167

following different paths simultaneously and reaching the sen- 168

sor at different time instants. As a result, this choice of the 169

Case Studies allows investigating the proposed modelling and 170

control methodologies in a wide range of realistic situations. 171

172

2.1. Numerical model 173

To carefully simulate dynamics of the Case Studies described
earlier in this Section, a pressure-driven, nonlinear, unsteady
flow modelling approach [38, 39, 40] is adopted, in order to al-
low a proper analysis of the hydraulic transients resulting from
rapid nodal demand and/or valve setting variations. Moreover,
to improve the accuracy of the model, pipe friction slopes are
first computed according to the Darcy-Weisback formula, and
then increased using the correction proposed by Pezzinga in
[41], to account for the unsteady flow effects. In addition, for
Case Study B, the presence of leakage from WDN pipes is con-
sidered by means of a pressure-dependent outflow. The effect
of the control valve is modelled by considering no link at the
valve site and setting nodal inflow at the upstream end Qup and
downstream end Qdown at:

Qup = Qdown =

√
2g
ξ(α)

A
√

∆Hvalve (1)

where A [m2] is the valve cross-section area, g [m/s2] is the 174

gravity acceleration constant, ξ is the valve head loss coeffi- 175

cient, ∆Hvalve is the head drop in the valve and α is the valve 176

closure setting, ranging from 0 (fully open) to 1 (fully closed). 177

The valve head loss coefficient is a growing function of α. This 178

function is typically made available by the valve manufacturer. 179

Users’demand and tank pressure profiles are generated accord- 180

ing to the bottom-up procedure, as described in [42, 43]. Fi- 181

nally, in order to obtain a more realistic framework, measure- 182

ment noises nh(t) and nq(t) are introduced in the WDN model, 183

acting respectively on the measured pressure h(t), and on the 184

flow at the valve site Q(t). 185

3. Methodology 186

This Section focuses on a detailed description of the method- 187

ology, and is organised in three subsections, each one focusing 188

on a different phase of the methodology. The first Subsection 189

summarises the overall control design framework; the second 190

Subsection introduces the main novelty of this work, i.e. the 191

identification of a special class of linear models, composed of 192

pure delays only, to describe the local dynamics of the system 193

around the desired working point. Finally, the third subsection 194

includes the new model structure in a bi-objective optimisation 195

based approach for the design of a linear regulator. 196
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Figure 5: Step response output data δh(t) (Top: identification data, Bottom: validation data) and admissible delays based on structural WDN information for Case
Study A1 (a), Case Study A2 (b) and Case Study B (c).

3.1. Control framework197

This Subsection summarises the key points of the FnPI −198

S P − gs control algorithm originally discussed in [36], which199

can be consulted for further details. The overall control scheme200

is depicted in Figure 6. For sake of compactness, in this work,201

the control algorithm will be referred to simply as FnPI.202

• Definition of the nominal working point (WP) of the203

system.204

Consider the overall Multi-Input Multi-Output (MIMO)205

system characterised by input signals ξ(t), H(t) and Di(t)206

(i.e. the local head loss coefficient ([−]), the source207

pressure head ([m]) and the water demand ([m3/s]) at208

node i, respectively), and output signals h(t) and Q(t)209

(i.e. the pressure at the critical node of the WDN ([m])210

and the flow at the valve site ([m3/s]), respectively). In211

this scenario, the tuple WP = (ξ,H,D1, ...,DNnodes , h,Q)212

describes the working point of the system.213

Note that average values of typical H(t) and Di(t) profiles214

are usually available to the WDN manager, thus it is215

possible to consider such value as inputs to the system216

for the definition of the WP. Under this assumption, the217

value of ξ can be computed to obtain the desired pressure218

h = hsp at the controlled node. The values of the flow at219

the valve site Q is defined accordingly.220

221

• Identification of a linear, Single-Input Single-Output222

(SISO) model describing the system dynamics around WP.223

Once the curve ξ(α) has been characterised, a transfer224

function G(s), describing a SISO system with input signal225

δξ(t) = ξ(t) − ξ and output signal δh(t) = h(t) − h, can226

be identified from simulated step response experiments227

performed around WP. Note that the choice of ξ as the228

control variable is useful to compensate for a strong229

nonlinearity affecting the static gain of the process [36],230

which may endanger the stability of the closed-loop231

system when opearting far from WP, due to the presence232

of high frequency resonance peaks in G(s) [31]. As233

stressed in [31], the knowledge of both frequency and234

height of such peaks is important to properly guide the 235

phase of regulator tuning, which may otherwise rely on 236

poor evaluations of robustness margins. The presence 237

of resonance peaks was taken into account in [31, 36] 238

with the identification of a black-box, high order transfer 239

function with delay G(s). This work proposes instead a 240

class of gray-box linear models, whose structure is based 241

the physics of the process under control. The values of 242

the free parameters of the model can then be identified 243

exploiting input-output data. 244

245

• Nominal control design. 246

The nominal control design is based on the transfer 247

function G(s), and aims at regulating the pressure h(t) 248

to the setpoint hsp, in presence of process disturbances 249

generated by the effect of exogenous inputs H(t) and 250

Di(t). A Smith predictor is introduced to compensate for 251

the effect of the main delay present in G(s). As suggested 252

in [35], the design phase can be carried out by solving a 253

bi-objective optimisation problem, with objective func- 254

tions considering the product of static gain and critical 255

frequency of the loop function L(s) on one hand, and the 256

attenuation of resonance peaks on the other hand. The 257

tuning procedure, which was originally developed for 258

standard transfer function models, is extended to allow 259

for the use of the novel model structure proposed in this 260

work. 261

262

• Discretisation. All transfer functions involved in the con- 263

trol scheme are discretised by means of Tustin method, to 264

preserve their stability properties, with a proper sampling 265

time according to Nyquist sampling theorem [44]. 266

267

• Definition of a nonlinearity inversion block and a gain 268

scheduling policy for the regulator static gain. 269

A nonlinearity inversion block is introduced in the control 270

loop to compute, at each time instant, the value of α that 271

corresponds to the valve head loss coefficient ξ required by 272
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Figure 6: Complete block scheme for the FnPI−S P−gs control algorithm including: the unitary gain filter R f (s), a Proportional-Integral regulator with antiwindup
implementation Rpi(s), the nonlinearity inversion block ξ to α conversion for the online computation of the valve closure α corresponding to the desired local
head loss coefficient ξ, the WDN plant (simulated according to the unsteady flow modelling described in § 2.1), a Smith predictor for the compensation of the
main process delay, and gain scheduling policies for the online gain adaptation of the Smith predictor and of the regulator, based on the valve closure α and on the
measured values of flow at the valve site Q + nq.
The main signals in the loop are: the pressure setpoint hsp(t), the error signal e(t), the control action (local head loss coefficient variation) δξ(t), the equilibrium input
(equilibrium local head loss coefficient) ξ, the overall local head loss coefficient ξ(t), the valve closure α(t), the pressure at the controlled node h(t), the measurement
noise acting on the pressure nh(t), the flow at the valve site Q(t), the measurement noise acting on the pressure nq(t).

the regulator. Moreover, based on the availability of real273

time measurements of Q and α, a gain scheduling policy274

for R(s) can be introduced to further improve the robust-275

ness of the control scheme, and balance between cost of276

control and regulation error. Further details can be found277

in [36].278

3.2. Sum-of-Delays models identification279

This Section introduces the class of Sum-of-Delays (SOD)280

models and discusses the identification of its free parameters281

from structural data of the WDN under consideration, and282

from input-output data obtained from simulated step response283

experiments.284

285

Let s be the Laplace variable. In the Laplace domain, a SOD,
SISO transfer function model is defined as follows:

G(s) =
Y(s)
U(s)

=

P∑
p=1

µpe−sτp (2)

τ1 < τ2 < ... < τP (3)

with U(s) and Y(s) the Laplace transforms of generic system
input and output u(t) and y(t), respectively. The corresponding
time domain impulse response results:

y(t) =

P∑
p=1

µpu(t − τp) (4)

Note that the unitary step response of a SOD model results in 286

a stair-shaped response, with the output y(t) = 0 for t < τ1, 287

y(t) = µ1 for τ1 ≤ t < τ2, y(t) = µ1 + µ2 for τ2 ≤ t < τ3, 288

and so on. A single step variation of the input signal results 289

in multiple step variations, which only commute the output af- 290

ter determined time intervals. This reflects the dynamics of 291

wave propagation through a WDN, where pressure perturba- 292

tion waves travel through pipes at finite speed (celerity c) and 293

can trigger a reflected wave when reaching WDN nodes. As 294

the wave travels along the pipes, it looses energy due to fric- 295

tion. Once the topology of the WDN and the speed of pressure 296

waves are known, it is then possible to directly compute a finite 297

set of delay values {τ1, ..., τP} to be included in the model, with 298

P sufficiently high to capture all the significant contributions. 299

The physically-based computation of delays is now presented 300

for the two different WDN topologies adopted as Case Studies. 301

3.2.1. Physically-based computation of delays, Case Study A1 302

and A2 303

Consider the simple topology of Case Studies A1 and A2, de- 304

picted in Figure 1, with the associated characteristic distances 305

(dsn−v, dv−cn and dcn−dn) as introduced in § 2. Let also assume 306

the value of the celerity c to be known from Equation 52, re- 307

ported in § A. A step pressure perturbation, generated by clo- 308

sure or opening valve manoeuvres at time t = 0, travels through 309

the pipe at speeds ±c. Let consider the wave travelling at pos- 310

itive speed first. Such wave affects the measured pressure after 311

a time t = τ+
1 = dv−cn/c. The wave then progresses to the de- 312

manding node, where a reflected wave is generated, whose am- 313
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plitude is affected by the incident wave and the boundary condi-314

tion. The reflected wave travels back and affects the measured315

pressure after a time t = τ+
2 = τ+

1 + 2dcn−dn/c, and reaches back316

the valve, where part of the wave is reflected, and affects again317

the pressure measure at a time t = τ+
v3 = τ+

2 + 2dv−cn/c, while318

part can keep on travelling towards the source node, where it319

is reflected. Such reflected wave is partially reflected back by320

the valve, and partially affect the measured pressure at a time321

t = τ+
s3 = τ+

2 +2(dv−cn +dsn−v)/c, and so on. A similar dynamics322

characterises the wave that originally started travelling at speed323

−c. Note that each time a pressure wave reaches the valve, it324

splits into two waves travelling at opposite speeds. From a prac-325

tical viewpoint it is then convenient to consider a subset of all326

possible waves. In this work, the following waves are consid-327

ered, along with the corresponding delays:328

• T +
v , i.e. the set of delays associated with waves that start329

propagating with positive speed, and get reflected by the330

valve from the downstream end.331

• T +
s , i.e. the set of delays associated with waves that start332

propagating with positive speed, cross the valve and get333

reflected by the source node.334

• T −v , i.e. the set of delays associated with waves that start335

propagating with negative speed, and get reflected by the336

valve from the downstream end.337

• T −s , i.e. the set of delays associated with waves that start338

propagating with negative speed, cross the valve and get339

reflected by the source node.340

Moreover, due to friction, the number of waves travelling
trough the pipe remains finite, the effect of waves on the mea-
sured pressure reduces with the travelled distance, and the step
response eventually settles to a steady state value. The analysis
of the system step response allows definition of a time limit tmax,
after which the effect of pressure waves is negligible. Once tmax

is defined, each delay set can be populated by iteratively adding
delay contributions, until the computed delay value overcomes
tmax. For example, the elements of T +

v can be computed as:

τ+
v1 =dv−cn/c (5)
τ+

v2 =τ+
1 + 2dcn−dn/c (6)

τ+
v3 =τ+

2 + 2dv−cn/c (7)
... (8)

while the elements of T −v can be computed as:

τ−v1 =(2dsn−v + dv−cn)/c (9)
τ−v2 =τ−1 + 2dcn−dn/c (10)
τ−v3 =τ−2 + 2dv−cn/c (11)

... (12)

The overall set of admissible delay values is:

T a = T +
v

⋃
T +

s

⋃
T −v

⋃
T −s (13)

Note that duplicate delay values may appear in different delay341

classes, and the cardinality of T a is lower than the sum of the342

four cardinalities of delay classes.343

3.2.2. Physically-based computation of delays, Case Study B 344

Consider the complex topology of Case Study B, depicted in
Figure 3, and assume the value of the celerity c to be known
from Equation 52, for each pipe of the WDN. A step pres-
sure perturbation, generated by closure or opening valve ma-
noeuvres at time t = 0, can split in multiple waves which
travel through the WND pipes and reach the controlled node
through multiple paths. Moreover, once each wave has reached
the controlled node, it can keep travelling and reach again the
controlled node through other different paths, until friction re-
duces the perturbation that propagates as wave to a negligible
value. In this scenario, a weighted graph can be constructed,
with graph nodes corresponding with WDN nodes, graph edges
corresponding with WDN pipes and edge weights correspond-
ing to pipe travel times, with the travel time of the i− th pipe tti
defined as:

tti =
Li

ci
(14)

with Li the length of the i-th pipe, and ci the wave celerity 345

through the i-th pipe. In this framework, the PCV is replaced 346

by a dummy pipe connecting two dummy nodes, while the cor- 347

responding travel time is set at a negligible value. The graph 348

representation allows exploiting path-search algorithms to com- 349

pute set of admissible delay values (i.e. the overall travel time 350

of each path). For instance, let define two delay sets as follows: 351

• T simple, i.e. the set of delays associated with waves that 352

reach the controlled node through simple, loop-less paths. 353

• T looped, i.e. the set of delays associated with waves that 354

reach the controlled node through looped paths. 355

Yen’s k-shortest path algorithm [45] can be straightforwardly 356

exploited to compute the elements of T simple. A possibility 357

to compute the elements of T looped is to modify the weighted 358

graph by introducing a dummy controlled node and a dummy 359

edge (of negligible travel time), between the controlled node 360

and a neighbouring node. Then, a further delay set T cycles
361

can be defined as the set of delays associated with loop-less 362

paths starting from the controlled node and reaching the 363

dummy controlled node. Again, Yen’s algorithm can be used 364

to compute delays. Finally, the elements of T looped can be 365

computed starting from T simple and T cycles, by combining 366

(summing) each element of T simple with all elements of T cycles. 367

The procedure can be iterated to further extend the set of 368

admissible delays. 369

370

The overall set of admissible delay values is:

T a = T simple
⋃
T looped (15)

Note that duplicate delay values may appear in different delay 371

classes. Moreover, a preliminary analysis of the system step 372

response allows to define a time limit tmax, after which the 373

effect of pressure waves is negligible, to reduce the cardinality 374

of T a. 375

376
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Remark: One of the goals of this work is providing a phys-377

ical interpretation for the complex, high frequency process dy-378

namics that may impact on closed-loop stability [31]: this mo-379

tivates the choice of computing T a from structural data of the380

WDN. However, in practice, when the step response of the381

WDN around WP shows a clear, stair-shaped behaviour, it may382

be possible to define T a by direct inspection of step response383

data.384

3.2.3. Identification of free model parameters385

Once delay values τp are available, the only free parame-
ters are the associated gains µp, whose values can be identified
by means of input-output identification. As anticipated earlier
in this work, step response experiments performed around the
desired WP allow gathering input-output data for the purpose
of model identification. In this case, the input signal to the
SOD model is then u(t) = δξ(t) = ξ(t) − ξ, while its output is
y(t) = δh(t) = h(t) − h. Note that, assuming a sampling time Ts

for experimental data, pressure commutations can only occur at
time instants that are integer multiples of Ts. For this reason, it
is convenient to round the delay values of T a = {τa

1, τ
a
2, ...} to be

multiples of Ts (thus further reducing the cardinality of the set),
and move to a discrete-time notation. Let the corresponding
discrete-time delay set be defined as T d = {τd

1, τ
d
2, ...τ

d
P}, with:

τd
p = round(

τp

Ts
) (16)

Remarkably, if the values of the delays are all known, the SOD
model in its discrete-time domain formulation is linear with re-
spect to parameters µp. It is in fact possible to assume that the
input is applied at the discrete time instant k = 0, and write the
problem in the form:

Ψ =ΦΘ (17)

withΨ a N ×1 vector containing the output samples,Φ a N ×P386

matrix containing the delayed input samples, andΘ a P×1 vec-387

tor containing the gain associated to each delay. In this case, a388

simple Least Squares (LS) estimation [34] can be adopted to de-389

rive the optimizerΘ?. However, due to the high dimensionality390

of the parameter space (i.e. the number of possible delays),391

the straightforward use of this technique is likely to result in392

overfitting of identification data. To overcome the problem, a393

LASSO [34] approach is adopted in this work, i.e.:394

Θ? = arg min
Θ
||Ψ −ΦΘ||22 + λ||Θ||1 (18)

with λ a tuning parameter. Note that the norm-1 regularisation395

term λ||Θ||1, added to the standard LS cost function, has the396

effect of forcing some of the coefficient estimates to be exactly397

equal to zero when the tuning parameter λ is sufficiently398

large (with other norm penalties, such as norm-2 in Ridge399

Regression, some coefficient estimates may approach zero but400

never reach it) [34]. Hence, the LASSO can be exploited to401

perform variable selection and reduce the complexity of the402

final model.403

404

The choice of λ is typically based on a comparison of the
model performances with both an identification and a valida-
tion dataset, according to proper goodness of fit metrics. In
the context of this work, the choice is based on the Root Mean
Squared Error (RMSE):

RMS E =

√
||Ψ −ΦΘ||22

N
(19)

Other useful metrics are:

FIT =1 −
||Ψ −ΦΘ||2

||Ψ − mean(Ψ)||2
(20)

COD = = 1 −
||Ψ −ΦΘ||22

||Ψ − mean(Ψ)||22
(21)

In particular, RMSE, COD and FIT metrics are adopted in this 405

work for the evaluation of the model performances with a test 406

dataset, obtained from simulations of realistic valve trajectories. 407

Finally, since regulator tuning is performed in the Laplace
domain, it is possible to compute approximate continuous-time
delay values as follows:

τp = τd
pTs (22)

∀ p = 1, 2, ..., P (23)

and construct the corresponding SOD transfer function model 408

as in Eq. (2). 409

As discussed more in details in the reminder of this work, 410

the interaction of multiple pure delay contributions determines, 411

in the Bode diagram of G(s) magnitude, a number of resonance 412

peaks, with peaks corresponding to in-phase interactions, and 413

valleys to counter-phase interactions. 414

415

Remark: It is worth noting that the discrete time, sum-of-
delay model:

y(k) =

P∑
p=1

µpu(k − τd
p) (24)

can be interpreted as a sparse version of a general impulse re-
sponse model:

y(k) =

I∑
i=0

giu(k − i) (25)

with k the discrete time instant, I = τd
P, and where the impulse 416

response coefficients gi that are related to physically inadmis- 417

sible output commutations are constrained to zero. Since the 418

relevant information regarding the local frequency response of 419

the system is mainly encoded in the sharper jumps of the step 420

response, the model can be sparsified without any significant 421

loss of information. Note that the use of LASSO, opposed to 422

the standard LS approach, further explores this direction. Fi- 423

nally, note that the maximum number of admissible delays can 424

be made arbitrarily large, without any loss of generality. 425
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3.3. Regulator design426

This Section describes how to adapt the bi-objective tuning427

procedure originally developed in [35] to SOD, Laplace domain428

transfer functions. The proposed optimisation-based design of429

loop functions is particularly useful in case of SOD models,430

since it does not directly rely on the singularities of G(s), but431

refers more in general to the shape of magnitude and phase432

Bode diagrams of the loop function.433

3.3.1. Smith predictor434

Previous works [28, 31] highlighted the benefits of the435

introduction of a Smith predictor in the control scheme,436

with the aim of reducing the effect of pure delay on the437

control loop. Let H(s) be the product of a rational transfer438

function H′(s) and a single pure delay, i.e. H(s) = e−sτH′(s).439

Under these assumptions, the Smith predictor transfer func-440

tion P(s) = (1 − e−sτ)H′(s) can be derived by requiring441

H(s) + P(s) = H′(s). This allows neglecting the presence of442

the delay in the regulator tuning.443

444

With the proposed SOD transfer function models, a possibil-
ity is to design the Smith predictor on a simplified model Gp(s),
describing the low frequency behaviour of the plant around the
working point. A possible choice, which does not require any
additional model identification phase, is:

Gp(s) = e−sτ1G(0) (26)

Note that τ1 is the shortest time delay of G(s), while G(0) cor-
responds to its static gain. Then one can derive the Smith pre-
dictor as follows:

P(s) = (1 − e−sτ1 )G(0) (27)

The regulator tuning can then be performed with reference to445

the new process transfer function G′(s) = G(s) + P(s).446

447

Remark: While the above procedure does not allow fully448

neglecting the presence of the first delay of G(s), it allows com-449

pensating its effect in a sufficient frequency range. This can450

be reasonable since, to obtain resonance peak deamplification,451

the closed-loop bandwidth must always be placed at lower fre-452

quency than those of the resonance peaks. Moreover, the pro-453

posed approach explicitly accounts for the residual phase mar-454

gin reduction due to the model mismatch at higher frequencies455

in the design phase of the regulator.456

3.3.2. Bi-objective optimisation based regulator design457

Let G′(s) be a general, asymptotically stable process transfer458

function. Let µg be its static gain, and letWrp = {ωrp1 , ωrp2 , ...}459

be the set of frequencies associated with G′(s) resonance peaks.460

461

A FnPI regulator transfer function is given by:

R(s) = Rpi(s)R f (s) (28)

with:

Rpi(s) = µr
1 + sTi

s
(29)

R f (s) =

∏n
i=1(1 + sTdi )∏n
i=1(1 + sT fi )

(30)

Note that R(s) represents the cascade of a Proportional-Integral 462

regulator Rpi(s) and a unitary gain filer R f (s), with order n and 463

zero relative degree. 464

465

Let X be the vector of optimisation variables:

X = [µr Ti T f1 ... T fn Td1 ... Tdn ]′ (31)

It holds then:

L(s, X) = R(s, X)G′(s) (32)

In particular, let µL(X) = µrµg be the static gain of L(s, X), 466

andWc = {ωc1 , ωc2 , ...} be the set of crossover frequencies, i.e. 467

ωc ∈ Wc i f |L( jωc, X)| = 1. Finally, letWπ = {ωπ1 , ωπ2 , ...}, 468

with ωπ ∈ Wπ i f arg(L( jωπ, X)) = −180◦. 469

470

The following robustness indicators [46] can be introduced: 471

• Phase margin: φm = 180◦ − |argL( jω?c , X)|, with 472

ω?c = arg minωc∈Wc |L( jωc, X) + 1|. 473

• Gain margin: Km = 1/|L( jω?π , X)|, with 474

ω?π = arg minωπ∈Wπ
|L( jωπ, X) + 1|. 475

• Vector margin: ∆m = minω |1 + L( jω, X)|, 476

Assume a single crossover frequency ω?c exists for L(s, X).
Then two objective functions can be defined as follows:

J1(X) = −|µL(X)ω?c (X)| (33)
J2(X) = max

ωrp∈Wrp

(|L( jωrp, X)|) (34)

with −J1 the Gain-Bandwidth Product (GBP) and J2 the 477

Maximum Peak Height (MPH). 478

479

The Regulator Tuning Bi-Objective Optimisation Problem
(RT-BOOP) is then given by:

min
X

(J1(X),J2(X)) (35)

subject to:

µL(X) > 0 (36)
card(Wc) = 1 (37)

φm(X) > 0 (38)
φm(X) ≥ φm (39)

km(X) ≥ km (40)

∆m(X) ≥ ∆m (41)

max
ωrp∈Wrp

(|L( jωrp, X)|) ≤ Lrp (42)

Ti,T f1 , ...,T fn ,Td1 , ...,Tdn > 0 (43)



G.Galuppini et al. 9

with φm > 0, km > 1, ∆m > 0, Lrp < 1, and card(·) denoting the480

set cardinality operator.481

482

Remark: Note that the RT-BOOP formulation proposed in483

this work differs from the original one for constraints (37-38).484

In fact, while the original formulation relies on a direct485

computation of closed-loop poles to force closed-loop stability,486

the new formulation enforces it by means of Bode criterion487

(reported in § C) [44], the hypotheses of which are guaranteed488

by constraints (36-38). This avoids any use of transfer function489

singularities and allows relying on the shape of Bode diagrams490

only, thus making RT-BOOP suitable to deal with SOD models.491

492

RT-BOOP can be solved by means of a Multi-Objective Ge-493

netic Algorithm, such as NSGA-II Genetic Algorithm [47].494

Constraints are implemented as soft constraints, with a static495

penality function, as suggested in [48]. Higher penalties are496

introduced for stability constraints (36-38), with respect to ro-497

bustness and performance ones. This also motivates the pres-498

ence of constraint (38), which otherwise appears to be redun-499

dant due to constraint (39). The solution of RT-BOOP via500

NSGA-II Genetic Algorithm is a finite dimension set of feasible501

solutions, approximating the Pareto optimal front. The designer502

can then select the desired tuning among the possible solutions,503

according to both expected performances and, possibly, further504

considerations regarding the process under control. For further505

details, refer to [35].506

3.3.3. LP-filtered Sum-of-Delay models507

It must be remarked that the introduction of a simple first508

order, unit gain, low-pass action G2(s) = 1/(1 + sTg) in509

the process model may help improving the regulator tuning510

process via RT-BOOP, which can be performed based on511

G′(s) = G(s)G2(s).512

513

In case of Smith predictor, one can set:

P(s) = (1 − e−sτ1 )
G(0)

(1 + sTg)
(44)

and tune the regulator based on G′(s) = G(s)G2(s) + P(s). The514

filtering pole can be placed at the Nyquist frequency ωN =515

π/Ts, to account for the high-frequency cutoff effect of the sam-516

ple and hold procedure. Note that, in case ωN is too low in fre-517

quency, this may introduce some phase margin reduction which518

may not necessarily coincide with that of a sample and hold.519

Another possibility is to exploit experimental data and identify520

Tg by means of input-output identification techniques.521

4. Application522

This Section describes the identification of SOD models for523

Case Studies A1, A2 and B. For sake of comparison, high order524

rational transfer function models are also identified. Moreover,525

PI and F1PI regulators are tuned by means of RT-BOOP, based526

on the SOD transfer function models. Identification data are ob-527

tained from simulations of the open-loop response three Case528

p τp µp

1 12 -0.01
2 36 -0.008
3 37 -0.0013
4 59 -0.0007

Table 1: Case Study A1. Delays and coefficients of SOD model obtained via
LASSO.

Model RMS E FIT COD

S OD via LS 1.202 0.819 0.962
S OD via LAS S O 1.187 0.82 0.963

Rat. T F with Delay 1.818 0.822 0.963

Table 2: Case Study A1. Goodness of fit metrics for the Test dataset.

Studies, according to the nonlinear, unsteady flow model de- 529

scribed in § 2.1. The same simulation environment is then used 530

as replacement for the real WDN for the evaluation of regulator 531

performances. 532

4.1. Model identification 533

4.1.1. Case Study A1 534

The control goal for Case Study A1 is regulation of the mea-
sured pressure to a setpoint hsp = 29 m. The corresponding WP
results:

WPA1 =



ξ = 871 (i.e. α = 0.694)
H = 50 m
D1 = 0.1 m3/s
h = 29 m
Q = 0.1 m3/s

(45)

Step response experiments are performed around WPA1 to 535

collect data and construct an identification and a validation 536

dataset. Moreover, test data are collected by simulating a 537

realistic valve trajectory around the working point. The three 538

datasets are depicted in Figures 7a, 7b, 7c. 539

540

The first step of the identification procedure for SOD mod- 541

els is the definition of admissible delay values, based on struc- 542

tural information regarding the WDN under consideration. For 543

Case Study A1, the topology is described in § 2 and depicted 544

in Figure 1. Pressure wave celerity can be computed by means 545

of Eq. (52), and results c = 407.9 m/s. The application of the 546

methodology proposed in § 3.2.1 allows to compute the sets T +
v 547

,T −v ,T +
s ,T −s . Figure 5a highlights the computed delay values 548

over the step responses output data. Note that all the major pres- 549

sure commutations occur very close to the expected commuta- 550

tion times computed from the WDN topology. As expected, τ+
v 551

and τ+
s values coincide for the first two values, and then slowly 552

start dephasing due to the further distance dsn−v the wave associ- 553

ated with τ+
s has to travel. The same holds for τ−v and τ−s values. 554
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Figure 7: Case Study A1. Model identification (a), validation (b) and test (c) data from step response experiments. Top, black line: valve head loss coefficient
deviation from equilibrium value δξ(t); middle, blue line, measured pressure variation from equilibrium value δh(t); bottom, red line: flow at the valve site variation
from equilibrium value δQ(t).
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Figure 8: Case Study A1. Comparison of pressure data and model predicted pressure (Top: identification, Bottom: validation), for SOD model obtained via LS (a),
SOD model obtained via LASSO (b), rational transfer function with delay (c).

Note that many contributions affect the measured pressure al-555

most simultaneously, and the overall step response is composed556

of few, step-shaped contributions, despite the high number of557

effective contributions. With a black-box approach, a small set558

of admissible delay values could be defined by inspection of559

the step response pressure signal. Once admissible values T a
560

are available, the set of discrete-time admissible delay values561

T d can be constructed, and the associated gains identified via562

LS. To reduce the complexity of the model, a LASSO approach563

can be adopted, as described in the previous Section. Different564

models are identified, with different values of the shrinkage pa-565

rameter λ. The final one is then chosen by inspecting the RMSE566

trend for both identification and validation, as function of λ. As567

shown by Figure 9a, both identification and validation RMSE568

share a similar trend, and settle to steady values for λ ≤ 10.569

The choice of λ = 10 results in the model parameters reported570

in Table 1. For sake of comparison, a standard rational transfer571

function with a single delay value is also identified, relying on572

Matlab System Identification Toolbox [49]. The choice of the573

system order follows the same rationale adopted for the choice574

of λ: Figure 9b depicts the trend of identification and valida-575

tion RMSE for different system orders. Note that, while the576

validation RMSE trend is almost flat regardless of the system577

order, the identification one almost settles from order 7, which 578

is chosen as final system order. 579

Figures 8a, 8b and 8c show a comparison of pressure data 580

and model predicted pressure for both identification and valida- 581

tion datasets, for the three different models. Note that LS model 582

prediction closely follows the identification data, even in its mi- 583

nor commutations (see for example at time t ≈ 85 s), while 584

LASSO model prediction only follows its main commutations. 585

The same holds for the rational transfer function with delay, 586

which tries to reproduce the stair shaped signal by introducing 587

small oscillations. In all cases, the mismatch between data and 588

model predictions for the validation case can be imputed to a 589

different system dynamics between valve opening and closing, 590

which results in a smoother step response. The static gain is 591

correctly estimated by all the three models, for both identifica- 592

tion and validation data. Figure 10a shows a comparison of test 593

data and model predictions. All three models well reproduce 594

most of the test data, while overestimating the response around 595

t = 1500 s. This is mainly due to a variation in the flow Q, 596

which affects the process static gain and, partially, process dy- 597

namics. However, recall that this effect is taken into account in 598

the overall control scheme with an appropriate gain scheduling 599

policy [36]. FIT and COD values for test data are reported in 600
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Figure 9: Case Study A1. Comparison of identification (blue, solid line) and validation (red, dashed line) RMSE, for SOD models obtained via LASSO (a), and
comparison of identification (blue, solid line) and validation (red, dashed line) RMSE for rational transfer functions with delay (b).
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Figure 10: Case Study A1. Comparison of test data (blue, dashed line), predictions for SOD model obtained via LS (green, solid line), SOD model obtained via
LASSO (red, dotted-dashed line), rational transfer function model with delay (black, dotted line) (a). Comparison of Bode diagrams, depicted up to the Nyquist
frequency (b).

Table 2. Figure 10b shows instead a comparison of the Bode601

diagrams of the three models, depicted up to the Nyquist fre-602

quency. Note that both SOD models share a very similar di-603

agram for both magnitude and phase, with a number of reso-604

nance peaks appearing at high frequency, due to the interaction605

of delayed contributions. The rational transfer function with606

delay tries to approximate this shape, starting from peaks lo-607

cated at lower frequencies. It would be possible to show that,608

as the system order increases, peaks located at higher frequen-609

cies are included in the dynamic description of the process. Re-610

markably, the SOD model obtained via LASSO provides very611

similar information about the process dynamics with few free612

parameters, while the other models require a higher complexity613

to properly describe the high frequency dynamic behaviour of614

th WDN around WP.615

p τp µp

1 2 -0.00750
2 17 -0.00440
3 31 -0.00440
4 36 -0.00210
5 46 -0.00150

Table 3: Case Study A2. Delays and coefficients of SOD model obtained via
LASSO.
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Figure 11: Case Study A2. Model identification (a), validation (b) and test (c) data from step response experiments. Top, black line: valve head loss coefficient
deviation from equilibrium value δξ(t); middle, blue line, measured pressure variation from equilibrium value δh(t); bottom, red line: flow at the valve site variation
from equilibrium value δQ(t).
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Figure 12: Case Study A2. Comparison of pressure data and model predicted pressure (Top: identification, Bottom: validation), for SOD model obtained via LS
(a), SOD model obtained via LASSO (b), rational transfer function with delay (c).

Model RMS E FIT COD

S OD via LS 2.605 0.705 0.885
S OD via LAS S O 2.362 0.726 0.905

Rat. T F with Delay 2.579 0.708 0.887

Table 4: Case Study A2. Goodness of fit metrics for the Test dataset.

4.1.2. Case Study A2616

The control goal for Case Study A2 is regulation of the617

measured pressure to a setpoint hsp = 29 m. The corresponding618

WP coincides with that of Case Study A1, i.e.: WPA2 = WPA1.619

Step response experiments are performed around WPA2 to620

collect data and construct an identification and a validation621

dataset. Moreover, test data are collected by simulating a622

realistic valve trajectory around the working point.623

624

The topology of Case Study A2 is described in § 2625

and depicted in Figure 1. Pressure wave celerity results626

c = 407.9 m/s. Figure 5a highlights the computed T +
v627

,T −v ,T +
s ,T −s delay values over the step responses output data.628

As for Case Study A1, all the major pressure commutations629

occur very close to the expected commutation times computed 630

from the WDN topology. 631

632

While in Case Study A1 many contributions affect the 633

measured pressure almost simultaneously, the step response 634

of Case Study A2 highlights the effect of the different delay 635

classes defined in § 3.2. However, also in this case, a small set 636

of admissible delay values could be defined by inspection of 637

the step response pressure signal. 638

639

Once admissible values T a are available, the set of discrete- 640

time admissible delay values T d can be constructed, and the as- 641

sociated gain identified via LS. To reduce complexity, different 642

models are identified with the LASSO approach, with different 643

values of the shrinkage parameter λ. The final model is then se- 644

lected by inspecting the RMSE trend for both identification and 645

validation, as function of λ. As shown by Figure 13a, both iden- 646

tification and validation RMSE share a similar trend, and settle 647

to steady values for about λ ≤ 10. The model associated with 648

λ = 10 is characterised by the parameters reported in Table 3. 649

Again, a standard rational transfer function with a single delay 650

value is also identified: Figure 13b depicts the trend of identi- 651

fication and validation RMSE for different system orders. Note 652
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Figure 13: Case Study A2. Comparison of identification (blue, solid line) and validation (red, dashed line) RMSE, for SOD models obtained via LASSO (a), and
comparison of identification (blue, solid line) and validation (red, dashed line) RMSE for rational transfer functions with delay (b).
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Figure 14: Case Study A2. Comparison of test data (blue, dashed line), predictions for SOD model obtained via LS (green, solid line), SOD model obtained via
LASSO (red, dotted-dashed line), rational transfer function model with delay (black, dotted line) (a). Comparison of Bode diagrams, depicted up to the Nyquist
frequency (b).

that, while the validation RMSE trend is almost flat regardless653

of the system order, the identification one almost settles from654

order 7, which is chosen as final system order.655

Figures 12a, 12b and 12c show a comparison of pressure data656

and model predicted pressure for both identification and valida-657

tion datasets, for the three different models. As expected, the658

LS model prediction follows very accurately the identification659

data, even in its minor commutations, while LASSO model pre-660

diction only describe its main contributions. The rational trans-661

fer function with delay tries to reproduce the stair shaped sig-662

nal by introducing small oscillations. As for Case Study A1, a663

slight mismatch exists between data and model predictions for664

the validation case, due to a slightly different system dynamics.665

The static gain is correctly estimated by all the three models,666

for both identification and validation data. Figure 14a shows a667

comparison of test data and model predictions. FIT and COD668

values for test data are reported in Table 4. In this case, the669

same considerations formulated for Case Study A1 still hold. 670

A comparison of the Bode diagrams fo the three models is re- 671

ported in Figure 14b. Note that both SOD models share a very 672

similar diagram for both magnitude and phase, with a number 673

of resonance peaks appearing at high frequency. In this case, 674

the reduced number of contributions of the LASSO model with 675

respect to the LS one result in a less accurate description of res- 676

onance peaks. The chosen rational transfer function with delay 677

approximates the SOD Bode diagrams up to the second reso- 678

nance peaks. It is important to stress the fact that a lower order 679

transfer function may have described only the first resonance 680

peak, while failing to reproduce the second one, which is as- 681

sociated with a higher magnitude and, if neglected, may cause 682

problems in the regulator design phase [31]. Again, it must be 683

remarked that the SOD model obtained via LASSO is the one 684

yielding the best trade-off between model complexity and accu- 685

racy of high frequency behaviour. 686
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p τp µp

1 18 -0.00797
2 21 -0.00364
3 22 -0.00041
4 23 -0.00761
5 24 -0.03583
6 25 -0.00328
7 26 -0.00045
8 27 -0.00464
9 46 -0.00158
10 55 0.00008
11 58 0.00066
12 59 0.00049
13 60 0.00093
14 61 0.00202
15 69 0.00166
16 70 0.00088
17 71 0.00006
18 85 -0.00007
19 86 -0.00137
20 87 -0.00165
21 88 -0.00091
22 89 -0.00086
23 104 0.00131
24 105 0.00020

Table 5: Case Study B. Delays and coefficients of SOD model obtained via
LASSO.

Model RMS E FIT COD

S OD via LS 0.745 0.726 0.885
S OD via LAS S O 0.741 0.727 0.885

Rat. T F with Delay 0.744 0.726 0.885

Table 6: Case Study B. Goodness of fit metrics for the Test dataset.

4.1.3. Case Study B687

The control goal for Case Study B is regulation of the pres-
sure at the critical node to the setpoint hsp = 25 m. For Case
Study B, the working point WPB is then defined as follows:

WPB =



ξ = 170.45 (i.e. α = 0.619)
H = 39.6 m
D1 = 0.0014 m3/s
...

DNnodes = 0.0007 m3/s
h = 25 m
Q = 0.0586 m3/s

(46)

Step response experiments are performed around WPB to688

collect data and construct an identification and a validation689

dataset. Moreover, test data are collected by simulating a690

realistic valve trajectory around the working point.691

692

Case Study B topology is described in § 2 and depicted in 693

Figure 3. Based on the above information, the methodology 694

proposed in § 3.2.2 allows computing the sets T simple and 695

T looped. Figure 5c highlights the computed delay values over 696

the step responses output data. Note that, up to t ≈ 80 s, it is 697

possible to distinguish all the major pressure commutations, 698

which occur very close to the expected commutation times 699

computed from the WDN topology. Interestingly, such contri- 700

butions belong to waves reaching the controlled node through 701

simple paths. Also note that just few contributions are missed 702

by the proposed procedure (e.g. t ≈ 65 s). These may be due 703

to wave reflection phenomena which are not taken into account 704

by the procedure proposed for Case Study B. At later time 705

instants, the number of admissible delays increases noticeably, 706

due to wave recirculation through WDN pipes, thus resulting in 707

a much smoother signal. In this scenario, a black-box approach 708

for the definition of admissible delay values could not be as 709

useful as in the previous cases, where the step response shows 710

a clear stair-shaped behaviour. 711

712

Once admissible values T a are available, the set of discrete- 713

time admissible delay values T d can be constructed, and the 714

associated gain identified via LS. In this case, the LASSO ap- 715

proach is fundamental to reduce the model complexity. Fig- 716

ure 17a depicts both identification and validation RMSE. Note 717

that, in this case, for high values of λ, the validation RMSE is 718

slightly lower than the identification one. This can be imputed 719

to the static gain of the process, which appears to be different for 720

identification and validation experiments. Models correspond- 721

ing to high values of λ are in fact characterised by a low static 722

gain, thus favouring slightly better scores in the validation met- 723

ric. From a physical point of view, this is determined by the 724

steady state value of the flow Q, which affects the steady state 725

pressure loss through Eq. (1). The different steady state flow 726

is in turn due to the presence of pressure dependent loss in the 727

WDN: in the identification case, the valve is opened, resulting 728

in a pressure increase and, eventually, an increase in Q; in the 729

validation case, the valve is closed, causing a pressure reduction 730

and, in turn, a flow reduction. The final model, associated with 731

λ = 0.2, is chosen to obtain a good balance between identifica- 732

tion and validation RMSE and is composed of 24 contributions. 733

Model parameters are reported in Table 5, while the Bode dia- 734

gram is depicted in Figure 14b. As far as the rational transfer 735

function with a single delay value is concerned, Figure 17b de- 736

picts the trend of identification and validation RMSE for differ- 737

ent system orders. The identification RMSE shows a standard 738

decreasing trend, while validation RMSE reaches its minimum 739

value from order 7, which is chosen as final system order. Fig- 740

ure 14a shows a comparison of test data and model predictions. 741

FIT and COD values for test data are reported in Table 6. As 742

already discussed in this Section, in presence of pressure de- 743

pendent outflows, the valve closure affects both pressure and 744

flow, therefore all models provide good approximations of the 745

system dynamics, provided that the flow Q does not move too 746

far from the WP value Q. Finally, Figure 14b depicts a com- 747

parison of the Bode diagrams for the three models identified 748
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Figure 15: Case Study B. Model identification (a), validation (b) and test (c) data from step response experiments. Top, black line: valve head loss coefficient
deviation from equilibrium value δξ(t); middle, blue line, measured pressure variation from equilibrium value δh(t); bottom, red line: flow at the valve site variation
from equilibrium value δQ(t).
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Figure 16: Case Study B. Comparison of pressure data and model predicted pressure (Top: identification, Bottom: validation), for SOD model obtained via LS (a),
SOD model obtained via LASSO (b), rational transfer function with delay (c).

for Case Study B. In this case, the rational transfer function749

with delay provides a better approximation of the SOD via LS750

model at intermediate frequencies, well capturing the first three751

resonance peaks, both in terms of frequency location and peak752

height, while the SOD via LASSO model slightly underesti-753

mates the height of such resonance peaks. This effect results754

in a predicted step response which underestimates the oscilla-755

tory behaviour, which could be captured by further reducing the756

value of λ for the choice of the SOD model.757

4.2. Regulator design and test758

The model identification phase described in the previous759

Subsection highlighted the advantages of SOD models in case760

of stair-shaped system step responses. In this work, this is761

what happens for Case Studies A1 and A2. Moreover, SOD762

models can also be used in presence of complex, looped WDN763

topologies, as for Case Study B. This Subsection aims then at764

exploiting SOD models (obtained via LASSO) for the design765

and test of a linear regulator, by means of the bi-objective766

optimisation procedure introduced in § 3.3.767

768

In all three cases cases, a LP-filtered SOD models is obtained
by introducing a high frequency pole associated with a time

constant Tg = 1/π s. Moreover, the Smith predictor for the
compensation of the main delay effect is introduced, according
to Eq. (44), and the regulator transfer function R(s) designed
based on G′(s) = G(s)G2(s) + P(s). For Case Studies A1 and
A2, RT-BOOP is then setup by requiring:

φm = 45◦ km = 15 ∆m = 0.5 Lrp = −10 dB (47)

and solved with a population size of 200 individuals and heuris-
tic crossover [48], and two possible regulator structures (PI and
F1PI). For Case Studies B, RT-BOOP is instead setup by re-
quiring:

φm = 60◦ km = 30 ∆m = 0.7 Lrp = −10 dB (48)

and solved with a population size of 400 individuals and heuris- 769

tic crossover [48], and two possible regulator structures (PI and 770

F1PI). A gain scheduling policy is then introduced for all Case 771

Studies, with parameters values reported in § B. Finally, differ- 772

ent simulations with the nonlinear model of the WDNs allow 773

assessing the overall performances of the control scheme, based 774

on the SOD models. In particular, two different metrics are 775

adopted to quantitatively evaluate the regulation performances 776

and the cost of control [28]. The complete definitions af the two 777

metrics are reported in § D. 778
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Figure 17: Case Study B. Comparison of identification (blue, solid line) and validation (red, dashed line) RMSE, for SOD models obtained via LASSO (a), and
comparison of identification (blue, solid line) and validation (red, dashed line) RMSE for rational transfer functions with delay (b).
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Figure 18: Case Study B. Comparison of test data (blue, dashed line), predictions for SOD model obtained via LS (green, solid line), SOD model obtained via
LASSO (red, dotted-dashed line), rational transfer function model with delay (black, dotted line) (a). Comparison of Bode diagrams, depicted up to the Nyquist
frequency (b).

Demand Mean|e(k)|
∑
|∆α|

O f f set
[m3/s] [m] [−]

-0.03 1.282 14.095
0 0.836 14.628

0.05 0.636 17.729

Table 7: Case Study A1: performance of F1PI − S P algorithm for different
demand offsets.

4.2.1. Case Study A1779

The Bode diagram of G′(s) is depicted in Figure 19a. The
analysis of the phase diagram stresses how the introduction of
the Smith predictor allows drastically reducing the effect of the
main delay τ1, at the price of a slight amplification of the res-

onance peaks located at lower frequencies, as results from the
magnitude diagram. Moreover, note that the effect of the high
frequency pole introduce in the SOD model only affects the
transfer function characteristics for angular frequencies from
about 0.5 rad/s and higher, while closed-loop bandwidths are
not expected to be higher than about 0.1 rad/s, in order to ob-
tain enough deamplification of resonance peaks. This means
the the new pole should not affect too much the actual de-
sign of the loop function, while improving the solution of RT-
BOOP. The resulting set of solutions, approximating the Pareto
front, is depicted in Figure 20. In particular, projections in the
(µL, ωc) plane, (MPH, ωc) plane and (MPH, µL) plane are de-
picted to improve readability of the plot. As expected from
previous studies [28, 31], the additional filtering action intro-
duced with F1PI allows improving the deamplification of reso-
nance peaks or obtaining wider closed-loop bandwidths, with-
out exceeding the robustness margins requested for the regula-
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Figure 19: Case Study A1. Bode diagram of G(s) (blue, dashed line) and G′(s) (orange, solid line) (a), Bode diagram of L(s) (b) and closed-loop simulation with
F1PI (c). Top: pressure h(t) and pressure setpoint hsp. Middle: demand D(t). Bottom: valve closure α(t).

Figure 20: Case Study A1. Projections of 3D Pareto fronts resulting from the solution of the RT-BOOP in the (µL, ωc) plane, (MPH, ωc) plane and (MPH, µL) plane
for PI (blue, dashed line) and F1PI (red, solid line) regulator structures. The bisector line of the (µL, ωc) plane is also depicted (grey, dotted line).

tor design. In particular, the F1PI regulator tuning chosen for
a whole-day simulation on the nonlinear plant corresponds to
ωc = 0.035 rad/s,µL = 0.0565 and MPH = −14.7 dB, with:

R(s) =
−17.51s2 − 14.06s − 2.815

17.83s2 + s
(49)

This choice of a wide closed-loop bandwidth is motivated by780

the need to perform simulations in a demanding scenario for781

the control scheme. The associated robustness margins result:782

φm = 46.6◦,km = ∞ and ∆m = 0.689. The phase margin loss as-783

sociated with discretisation with Ts = 1 s results φZOH = −1◦.784

Figure 19b depicts the Bode diagram of the corresponding loop785

function L(s). Note that the Bode diagram coincides with that786

of an integrator at low frequency, while the filtering action acts787

for angular frequencies close to the critical one, allowing for788

further resonance peak attenuation without degrading too much789

the disturbance rejection performances. Finally, three whole-790

day simulations are performed to test the regulator on the non-791

linear WDN, with different demand offsets, as described in § 2.792

An example of simulation results is depicted in Figure 19c,793

Demand Mean|e(k)|
∑
|∆α|

O f f set
[m3/s] [m] [−]

-0.03 1.2705 16.1829
0 0.8347 16.5569

0.05 0.6208 18.5312

Table 8: Case Study A2: performance of F1PI − S P algorithm for different
demand offsets.

while a quantitative evaluation of the performances of the con- 794

trol scheme reported in Table 7. Results are aligned with those 795

obtained for the same Case Study and similar regulator tunings 796

[36]. 797

4.2.2. Case Study A2 798

The Bode diagram of G′(s) is depicted in Figure 19a. As for
Case Study A1, the introduction of the Smith predictor allows
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Figure 21: Case Study A2. Bode diagram of G(s) (blue, dashed line) and G′(s) (orange, solid line) (a), Bode diagram of L(s) (b) and closed-loop simulation with
F1PI (c). Top: pressure h(t) and pressure setpoint hsp. Middle: demand D(t). Bottom: valve closure α(t).

Figure 22: Case Study A2. Projections of 3D Pareto fronts resulting from the solution of the RT-BOOP in the (µL, ωc) plane, (MPH, ωc) plane and (MPH, µL) plane
for PI (blue, dashed line) and F1PI (red, solid line) regulator structures. The bisector line of the (µL, ωc) plane is also depicted (grey, dotted line).

drastically reducing the effect of the main delay τ1, but intro-
duces some amplification of the resonance peaks located around
ω ≈ 1 rad/s. Again, the high frequency pole introduced in the
SOD model pole only affects the actual design of the loop func-
tion in a minimum way. The solution of RT-BOOP is depicted
in Figure 22. In particular, projections in the (µL, ωc) plane,
(MPH, ωc) plane and (MPH, µL) plane are depicted to improve
readability of the plot. In particular, the F1PI chosen regula-
tor tuning corresponds to ωc = 0.035 rad/s, µL = 0.0454 and
MPH = −22.5 dB, with:

R(s) =
−19.59s2 − 15.05s − 2.286

12.57s2 + s
(50)

The associated robustness margins result: φm = 46.5◦,km =799

17.2 and ∆m = 0.587. The phase margin loss associated with800

discretisation with Ts = 1 s results φZOH = −1◦. Again, the801

choice of the closed-loop bandwidth allows to evaluate the per-802

formances of the control scheme in a demanding scenario.The803

Bode diagram of the corresponding loop function L(s) is re-804

ported in Figure 21b. In addition to the considerations raised805

for the previous Case Study, note that the phase of L(s) just806

reaches 180◦ around ω ≈ 0.1 rad/s, without exceeding it. This 807

means that, in case of phase uncertainty, the gain margin of the 808

system may be underestimated. To conclude, the results of three 809

whole-day simulations on the nonlinear WDN, are resumed in 810

Table 8, and an example of simulation is depicted in Figure 21c. 811

4.2.3. Case Study B 812

The Bode diagram of G′(s) is depicted in Figure 23a. In
this case, as suggested by the phase diagram stresses, the in-
troduction of the Smith predictor allows recovering part of the
phase loss caused by τ1, but introduces few dBs of amplifica-
tion of the resonance peaks, as results from the magnitude di-
agram. This effect is slighlty more marked than in the previ-
ous Case Studies since the SOD model, derived by means of
LASSO, neglects some oscillations in the step response (see
Figure 16b). On the contrary, in this case, the effect on the
loop function of the high frequency pole introduced in the SOD
model is completely negligible. RT-BOOP solution yields the
Pareto front depicted in Figure 24. In particular, projections in
the (µL, ωc) plane, (MPH, ωc) plane and (MPH, µL) plane are
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Demand Mean|e(k)|
∑
|∆α|

Pro f ile
[−] [m] [−]

A 0.771 9.570
B 0.665 9.560

Table 9: Case Study B: performance of F1PI − S P algorithm for different
demand profiles.

depicted. Again, the additional filtering action introduced with
F1PI allows drastically widening the closed-loop bandwidth or
providing much more deamplification of resonance peaks, with-
out exceeding the robustness margins requested for the regula-
tor design. With the aim of obtaining loop design working close
to the limit of admissible closed loop bandwidths, a F1PI regu-
lator tuning is chosen according to the following specifications:
ωc = 0.030 rad/s,µL = 0.038 and MPH = −20 dB,. In partic-
ular, the regulator transfer function results:

R(s) =
−4.756s2 − 3.438s − 0.6132

21.47s2 + s
(51)

with the following associated robustness margins: φm = 60◦,813

km = 30 and ∆m = 0.79. The phase margin loss associated814

with discretisation with Ts = 1 s results φZOH = −1◦. Figure815

23b depicts the Bode diagram of the corresponding loop func-816

tion L(s). As expected from the Pareto front in Figure 24, the817

design correctly results in an integrator shaped function at low818

frequency, while the additional filtering acts aroud the critical819

frequency and improves the high frequency rejection abilities of820

the closed-lop system. Finally, in order to test the regulator on821

the nonlinear WDN, two whole-day simulations are performed,822

with two different demand profiles, as described in § 2. Simu-823

lation results are depicted in Figure 23c, while Table 9 reports824

a the associated values of the performance metrics. Also in825

this case, results can be considered satisfactory, thus stressing826

the effectiveness and reliability of the SOD model class also in827

case of complex, looped WDN topologies.828

5. Discussion of results829

The first goal of this paper is to provide a physically based830

interpretation of the complex high frequency behaviour of the831

plant, first highlighted in [31] by means of black-box transfer832

function models. As already discussed, the SOD structure833

allows description of the WDN dynamics based on waves trav-834

elling at finite speed, and affecting the measured pressure only835

at particular time intervals, which only depend on the WDN836

topology and on the wave speed (which in turn depends on pipe837

structure and fluid characteristics). The methodology proposed838

in this work allows computing subsets of admissible delay val-839

ues, for very different WDN topologies. A comparison of the840

computed delay values with the actual pressure commutations841

instants of simulated step responses stresses the correctness of842

the approach. Moreover, the identification via LS estimation of843

the gain of each delay highlights that the interaction of multiple 844

delayed contributions results in a high frequency behaviour 845

characterised by a number of resonance peaks associated with 846

low damping values, as originally obtained with black-box 847

models. The direct comparison of the Bode diagrams of SOD 848

and rational transfer functions with delay models suggests that 849

both model structures can converge to a similar behaviour. 850

However, it must be remarked that, as the degrees of freedom 851

of the model increase, the two structures behave differently. 852

On one hand, a rational transfer function with delay starts 853

describing the process dynamics from low frequency and 854

captures more and more of the high frequency one as the model 855

order increases. This means that a low order model may not 856

correctly capture the location and height of resonance peaks, 857

as already discussed in [31]. On the other hand, increasing the 858

number of SOD model contributions provides information at 859

all frequencies, thus improving the ”resolution” of the dynamic 860

description. Hence, even a SOD model with a very low number 861

of contributions may be extremely useful for the purpose of 862

regulator design, since it can provide enough information about 863

position and height of resonance peaks. As the results obtained 864

in § 4.1 clearly highlight, this model structure is therefore 865

particularly interesting in case of clearly stair-shaped process 866

step responses. In this case, a variable selection approach for 867

the model identification, such as the LASSO, results in a SOD 868

model with very low complexity, but very rich in frequency 869

domain information. As already introduced earlier in this 870

work, with stair shaped step responses, it is also possible to 871

directly obtain the values of the admissible delay from data 872

inspection, without relying on physically based computations. 873

On the contrary, with much smoother responses, while still 874

being sufficiently effective and reliable, the SOD structure 875

may not be as efficient as a rational transfer function with delay. 876

877

The second goal of this paper is to provide the control de- 878

signer with an optimisation-based procedure for the design of 879

the regulator, based on SOD transfer function models. The RT- 880

BOOP originally formulated in [35] is then modified to remove 881

any reference to the singularities of the loop functions, and to 882

rely on its Bode diagram only. In particular, nominal stabil- 883

ity is guaranteed by means of the Bode criterion [44], while 884

minimum robustness margins are directly included in the opti- 885

misation problems as constraints. The bi-objective formulation 886

allows to encapsulate in the optimisation problem the typical 887

trade-off arising in the design of the loop functions. In par- 888

ticular, disturbance rejection and settling time properties are 889

considered with the GBP objective function, while high fre- 890

quency attenuation and control sensitivity are considered with 891

the MPH objective function. Moreover, this approach allows 892

explicitly considering the presence of a Smith predictor for the 893

compensation of the main delay from the SOD model. The de- 894

sign procedure applied to SOD models delivered clear trends 895

for the Pareto fronts for two different regulator structures (PI 896

and F1PI) from the literature [28]. Finally, the performances of 897

the overall control scheme are evaluated with simulations on the 898

nonlinear WDN models. The results yielded by simulations are 899

satisfactory, and consistent with those obtained with black-box 900
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Figure 23: Case Study B. Bode diagram of G(s) (blue, dashed line) and G′(s) (orange, solid line) (a), Bode diagram of L(s) (b) and closed-loop simulation with
F1PI (c). Top: pressure h(t) and pressure setpoint hsp. Middle: demand D(t). Bottom: valve closure α(t).

Figure 24: Case Study B. Projections of 3D Pareto fronts resulting from the solution of the RT-BOOP in the (µL, ωc) plane, (MPH, ωc) plane and (MPH, µL) plane
for PI (blue, dashed line) and F1PI (red, solid line) regulator structures. The bisector line of the (µL, ωc) plane is also depicted (grey, dotted line).

models. Overall, the results obtained with model identification,901

design and test suggest that SOD models can be a useful and902

reliable tool for the design of regulators for pressure control in903

WDNs.904

6. Conclusion905

This paper investigates different linear, local models of WDN906

dynamic behaviour, in the context of service pressure regula-907

tion. Previous works highlighted that the high frequency be-908

haviour of the plant is characterised by a number of resonance909

peaks: if such behaviour is not properly modelled, the stability910

of the closed-loop scheme may be endangered, also in view of911

strong process nonlineairities. In particular, this work proposes912

a grey-box model, based on physical considerations on WDNs913

unsteady flow conditions, to provide a physical justification of914

their complex, high frequency behaviour, and compares it to915

standard, black-box rational transfer functions with delay. The916

novel model structure consists of the sum of pure delay con-917

tributions, which mimic the effect of pressure waves travelling918

through the WDN pipes at finite speed. In fact, pressure waves 919

can reach the pressure sensor after specific time intervals, which 920

only depend on WDN structural data. A methodology for the 921

computation of admissible time delays given WDN structural 922

information is developed, for two very different WDN topolo- 923

gies, and a LASSO approach is adopted for the identification 924

of the free parameters of the model, based on input-output step 925

response data. The approach is validated by means of simu- 926

lated step response experiments for three different Case Stud- 927

ies. Simulations are performed with a detailed, unsteady flow 928

mathematical modelling of the plant. The new model structure 929

results particularly effective and efficient in case of stair-shaped 930

step responses of the plant. Moreover, the formulation of a bi- 931

objective optimisation problem, based on Bode diagrams of a 932

transfer function, allows exploiting the proposed model for the 933

design of a linear regulator, and explicitly account for the per- 934

formance vs robustness and control sensitivity trade-off. The 935

regulators based on the new process model demonstrate to yield 936

good performances when tested with closed-loop simulations 937

on the nonlinear plant. 938
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Appendices1091

A. Wave celerity1092

The wave celerity c can be related to known or measurable
physical quantities of water and of the pipe as follows:

c =

 ε
ζ

1 + εd
Es


1
2

(52)

where ε [Pa] and ζ [kg/m3] are water bulk modulus and den-1093

sity; E [Pa], d [m] and s [m] are pipe modulus of elasticity,1094

diameter and thickness.1095

1096

B. Gain Scheduling1097

For Case Studies A1 and A2, the following parameters are
adopted for the gain scheduling policy:

α∗ = 0.55 (53)
µ∗ratio = 0.1 (54)

p = 4 (55)

For Case Studies B, the gain scheduling policy is instead based
on the following parameter values:

α∗ = 0.5 (56)
µ∗ratio = 0.1 (57)

p = 6 (58)

For further details about gain scheduling policy, refer to [36].1098

It must be remarked that, for sake of comparison, the gain1099

scheduling parameter values adopted in this work are consis-1100

tent with those of [36, 35].1101

C. Bode criterion1102

Consider a generic loop gain function L(s). Let L(s) have1103

poles with non-positive real part only, and let the Bode diagram1104

of |L( jω)| cross the 0 dB axis only once, from above. Then, 1105

by defining as µL the gain of L(s) and as φm the phase margin, 1106

the negative feedback system F(s) = L(s)/(1 + L(s)) is 1107

asymptotically stable iif µL > 0 and φm > 0. 1108

1109

D. Performance metrics 1110

The results of simulations are evaluated according to the fol- 1111

lowing metrics: 1112

• Mean|e(k)| [m]. The regulation error, which evaluates the 1113

proximity of the pressure to the desired setpoint. 1114

•
∑
|∆α(k)| [−]. The cost of control, which impacts on the 1115

energy required to perform regulation and on wear of ac- 1116

tuators. 1117

where h(k) is the measured pressure, hsp is the pressure setpoint, 1118

α(k) is the valve closure and ∆α(k) = α(k) − α(k − 1) is the 1119

variation of the valve closure over a single sampling time. Let 1120

e(k) = h(k) − hsp be the error of the controlled pressure head at 1121

time instant k. All signals are sampled with sampling time of 1 1122

s. 1123


