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Abstract  7 

This paper is the first to explore the potential use of mobile sensors in the hydraulic calibration 8 
of water distribution system and sewer system network models. Novel simulation and 9 
optimisation functionality is developed to simulate, utilise and analyse the data that would be 10 
collected from mobile hydraulic sensors. Comparable functionality is obtained for static 11 
sensors to demonstrate the benefits for a mobile sensor approach. Real world case studies are 12 
used to show and compare the accuracy of resulting model calibration, with pipe roughness 13 
used to independently assess the calibration quality achieved. Mobile sensors achieved 14 
substantially lower pipe roughness error values, around 50% lower in the water supply network 15 
and around 25% lower in the sewer network. This level of relative predictive performance was 16 
demonstrated for 24 hours of data collection from a single mobile sensor, in comparison to 17 
nearly 97% nodal coverage of the water supply network and 66% coverage of combined sewer 18 
network by static sensors – all sensors sampled at the same frequency. The evidence generated 19 
shows the significant potential of mobile sensors, deployed on robotic platforms, to transform 20 
the accuracy of water supply and sewer network model calibration. Such improvements are 21 
essential to enable, and as part of, digital twin paradigms and to confidently inform proactive 22 
management driven from accurate and comprehensive assessment of system performance. 23 
 24 
 25 
1. Introduction 26 

“All models are wrong, but some are useful" (Box, 1976). Their usefulness depends on how 27 

accurately they represent reality and how well they are calibrated. Water supply and sewer 28 

network models are typically calibrated using data from a limited number of fixed locations, 29 

such as pressure measurements in water supply systems or depth and velocity in sewer systems 30 

(Bertrand-Krajewski, 2003; Meirelles et al., 2017). Once there is sufficient confidence in the 31 

geometrical representation of reality in the models, parameters like pipe roughness are adjusted 32 

to ensure the model simulations align with observed data. These models are then used to 33 

evaluate system performance, including maintaining minimum pressure criteria, detecting 34 

leaks, managing flood risks, handling combined sewer overflow spills, and enabling real-time 35 

control. However, due to their inherent complexity and the under-constrained nature of their 36 

solution space, these models can appear accurate for specific predictions while misrepresenting 37 

other system behaviours (Walski, 2000; Her and Chaubey, 2015). For example, correct 38 

pressure or head losses can be simulated using multiple parameter combinations, which may 39 

result in inaccuracies in flow velocity predictions or transport routes (Boxall et al., 2004). This 40 
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reliance on limited calibration data often leads to poor predictions of broader system 41 

behaviours, such as more extreme hydraulic conditions or water quality dynamics (e.g., water 42 

age or chlorine residuals in water supply or Total Suspended Solids (TSS), COD or temperature 43 

in sewer systems), particularly when uncertainties linked with reaction/heat transfer 44 

coefficients are involved.  45 

 46 

This study pioneers a new approach to hydraulic model calibration by introducing the concept 47 

of the use of moving (robotic) sensors, marking a departure from conventional static sensor 48 

approaches. It evaluates the effectiveness of mobile sensors in improving calibration accuracy 49 

within complex systems and benchmarks their performance against (optimised) conventional 50 

methods. Through real world case studies in both water supply and combined sewer networks, 51 

the study demonstrates the application of this method, aiming to advance calibration practices 52 

in large-scale pipe networks subject to dynamic patterns of use and hydraulic loading. 53 

 54 

2. Background 55 

2.1. Optimising static sensor placement for hydraulic model calibration 56 

Accurate hydraulic model calibration relies on the availability of reliable data; data used for 57 

calibration must be independent of input model data. For water supply systems, District 58 

Metered Area (DMA) inflow data and customer demand (where available) are often used as 59 

model inputs. For sewer systems, dry weather flow and rainfall data are often used as model 60 

inputs. Consequently, pressure in water supply systems and depth and velocity in sewer 61 

systems are the primary independent calibration data. These calibration data are typically 62 

obtained from static monitors, with increasing numbers of locations and higher sample 63 

frequency enhancing data availability and hence model calibration accuracy.  64 

 65 

The efficacy and value derived from different numbers and combinations of fixed sensor 66 

locations has been the subject of many optimisation studies including hydraulic model 67 

calibration (e.g., Kapelan et al., 2003), leak detection and localisation (e.g., Boatwright et al., 68 

2023), early warning systems for sewer overflows (e.g., Do et al., 2023) and  blockage 69 

detection in sewer systems (e.g., Ninh et al., 2025).  70 

 71 

Numerous optimisation techniques have been developed to improve sensor placement in water 72 

supply and sewer networks. These include stochastic programming (Shastri & Diwekar, 2006), 73 

exact nonlinear formulations with linear approximations for imperfect sensors (Berry et al., 74 
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2009), and heuristic approaches such as greedy algorithms (Zhao et al., 2016). Multi-objective 75 

genetic algorithms, such as the Non-Dominated Sorting Genetic Algorithm II (NSGA-II; Deb 76 

et al., 2002), have also gained widespread use in this context (Banik et al., 2017; Ferreira et al., 77 

2023). Beyond sensor placement, NSGA-II has proven effective in broader water supply and 78 

sewer system optimisation tasks due to its ability to balance trade-offs between competing 79 

objectives, maintain solution diversity through crowding distance, and preserve high-quality 80 

solutions via its elitist mechanism (e.g., Rathnayaka & Tanyimboh, 2015; Tanyimboh & 81 

Seyoum, 2016).  82 

 83 

2.2. Challenges and Constraints of Static Sensing Approach 84 

While static sensor networks have contributed to advancing calibration efforts, they have 85 

inherent practical limitations. They have to be installed in accessible locations such as 86 

manholes or hydrants. Hence, static sensors often leave substantial spatial coverage gaps, 87 

particularly in remote or hard-to-reach areas of the network (Mounce et al., 2021), which can 88 

limit the accuracy of the calibration process.  89 

 90 

Conventionally, static sensors generally provide data at a 15-minute resolution for water supply 91 

to capture daily dynamics and a 1- to 5- minute resolution for rainfall induced dynamics in 92 

sewer systems (Mounce et al., 2015, Cristiano et al., 2017). This resolution is particularly 93 

useful for calibrating models over a longer period, providing better constraints on model 94 

dynamics compared to simulations that focus solely on daily average or peak hour conditions. 95 

While higher temporal-resolution data from static sensors can aid in event detection (Mounce et 96 

al., 2012), its value for improving hydraulic model calibration remains limited. 97 

 98 

The integration of networks of static sensors with online modelling, data-driven analysis, real-99 

time control, and digital twins is enhancing system performance and decision-making of water 100 

supply and sewer systems. Online modelling and data-driven analysis use real-time and 101 

historical data to optimise operations and detect anomalies, mitigating disruptions like mains 102 

bursts in water supply systems (Machell et al., 2010; Mounce et al., 2015), and reducing 103 

combined sewer overflows and environmental impact in sewer systems (van Daal et al., 2017; 104 

Van der Werf et al., 2023). Building on these advancements, digital twins aim to create near 105 

real-time models that are representative of actual physical conditions; these require excellent 106 

levels of calibration to enable accurate predictive analysis and automated control (VanDerHorn 107 

& Mahadevan, 2021). Despite these advances, static sensors still struggle to capture spatial 108 
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variability in large networks, emerging technologies such as sensors placed on mobile robotic 109 

platforms offer promising solutions to this capability gap.  110 

 111 

2.3. Mobile sensor technologies in pipe networks 112 

Mobile sensor technologies, including robotic systems, are emerging for the inspection and 113 

monitoring of buried pipelines. Devices such as SmartBall and PipeDiver have been developed 114 

to enhance the monitoring of water and wastewater pipelines, addressing key issues like leak 115 

detection, structural integrity assessment, and gas pocket identification (Xylem, 2022; Xylem, 116 

2024) or pollutant monitoring in sewer systems (Maruejouls & Sakarovitch, 2021). These 117 

devices are designed to move with the flow of water, gathering data primarily of the flow path 118 

(Parrott et al., 2020). Simulation studies have also explored the use of mobile sensors for tasks 119 

such as contaminant detection and leak localisation (Perelman & Ostfeld, 2013; Gong et al., 120 

2016). 121 

 122 

Advances in pervasive autonomous robotics present further opportunities to revolutionise pipe 123 

inspection and monitoring. Autonomous robotic devices are being developed and designed to 124 

navigate complex, uncertain, harsh environments, such as buried water and sewer pipe 125 

networks. Recent research has demonstrated the effectiveness of such autonomous robots in 126 

laboratory settings, where they successfully explore and inspect pipe networks (Nguyen et al., 127 

2022). If equipped with suitable sensor(s) and data acquisition and communication, mobile 128 

robotic platforms have the potential to collect data in hard-to-reach areas that are inaccessible 129 

to traditional static inspection methods (Mounce et al., 2021).  130 

 131 

A practical, autonomous robotic platform for water level or pressure monitoring in water 132 

supply and sewer systems does not currently exist. To develop such a platform, then two key 133 

scientific capabilities are needed; accurate location mapping and safe, autonomous locomotion 134 

control for the robotic platform that is carrying the hydraulic sensors. This allows robotic 135 

platforms to know where they are exactly in a system and, if their path is blocked, to access the 136 

inaccessible part of the system via a different route. The pipebots project 137 

(www.pipebots.ac.uk), was a large UK scientifically focussed project that tested the feasibility 138 

of using small, autonomous in-pipe robots with sensors to inspect water supply and sewer 139 

networks. This project delivered algorithms for accurate location of in-pipe robotic systems and 140 

also in-pipe robotic control for safe location in a pipe network (Li X.S. et al. 2023; Nguyen et 141 

al., 2022, Edwards et al. 2023). Therefore, the scientific knowledge has been developed but 142 
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there are many practical engineering challenges that remain (e.g. power, mechanical 143 

robustness). These issues are being considered in more recent projects (e.g EU pipeon 144 

(https://pipeon.eu/) and the German KaSyTwin sewer digital twin project see Hartmann et al, 145 

2025). The increasing funding for the later innovation projects provides evidence that 146 

autonomous robotic platforms for hydraulic in-pipe measurements are likely to be developed.  147 

 148 

2.4. Use of hydraulic pipe roughness to assess the quality of network model calibration 149 

Any model input should be questioned during calibration. But the different input parameters 150 

have varying degrees of uncertainty and impact on simulation accuracy associated with them.  151 

Demands (in water supply) and runoff and rainfall (in sewers) have a considerable influence on 152 

flow simulations (Babayan et al., 2005; Schellart et al., 2012). It is essential that uncertainty 153 

and variability in these is understood before focusing on other calibration parameters. Once 154 

these are confirmed, accurately calibrating pipe roughness is often the next crucial parameter 155 

for enhancing the reliability of hydraulic network simulations. Hydraulic pipe surface 156 

roughness often has large uncertainty and significant impact on predictive performance, 157 

particularly for rare events so it is a sensitive and key calibration parameter in the modelling of 158 

pipe networks. Head loss, a critical factor in hydraulic network modelling, increases with the 159 

square of flow velocity, meaning small inaccuracies in pipe hydraulic roughness values can 160 

cause significant deviations in predicted flow behaviour. This is particularly important in 161 

geometrically complex infrastructure, subject to varying hydraulic conditions where variations 162 

in the pipe hydraulic roughness can substantially alter the simulated flow characteristics 163 

 164 

3. Multi-objective optimisation frameworks for comparing mobile and static sensing 165 

approaches 166 

A new mobile sensor simulator is developed to simulate the movement of mobile sensors 167 

through water supply and combined sewer networks, allowing the exploration of their ability to 168 

traverse geometrically complex systems and gather data at different frequencies that can be 169 

used for hydraulic roughness calibration. 170 

 171 

Equivalent multi-objective optimisation frameworks are developed and applied to optimise the 172 

calibration of water supply and combined sewer network models using the available pressure 173 

and depth, respectively. While sewer system calibration can involve measurements of both 174 

depth and velocity (see Section 2), this study uses only depth to maintain consistency with 175 

water supply network calibration. The optimisation frameworks are designed and implemented 176 
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to enable fair comparison of calibration accuracy between mobile and static sensors. The 177 

frameworks have necessary differences; however, in this work the use of computational options 178 

that favoured fixed sensors were generally selected. Chief amongst these is that the static 179 

sensors framework optimises the numbers and locations of sensors, whilst for mobile sensors, 180 

the route and speed are fixed (not optimised).  181 

 182 

The time interval is consistent between the static and mobile simulations and is set to ensure 183 

that a data sample would always be collected even from the shortest pipe (if it was visited) as a 184 

function of the mobile sensor’s speed. Internal pipe hydraulic roughness is selected as a key 185 

calibration parameter as detailed in Section 2.4 of the background. To ensure robust 186 

comparison, the approach uses a post-calibration evaluation of the differences between 187 

optimised pipe hydraulic roughness values and (assumed) actual hydraulic roughness for an 188 

assessment that is independent of the calibration data. There are multiple parameters, for 189 

example mobile sensor pathway and robotic platform speed that could and ultimately should be 190 

optimised to obtain the best quality dataset when carrying out roughness calibration using 191 

mobile sensors. However, the mobile sensor parameters are intentionally kept fixed to limit 192 

computational effort and favour the static calibration optimisation. Four arbitrary routes from 193 

randomly selected starting points are studied for each system to show pathway dependence.  194 

For water supply and sewer networks the data collection period is restricted to 24 hours, with 195 

the storm event used in the combined sewer simulation fully complete within this period. 196 

Sensor platform speed was selected such that the mobile sensor could theoretically traverse the 197 

entire length of the pipe network twice in the 24 hours, but due to network complexity and 198 

repetition in the pathway many pipes remained unvisited. We assume a simple scenario where 199 

the mobile sensor moves with a constant speed, independent of the flow magnitude or direction 200 

at any given location or time. If the sensor's speed were to be adjusted relative to local flow 201 

conditions, additional considerations such as energy use, power harvesting, and locomotion 202 

efficiency would need to be considered, which are outside the scope of this study.  203 

 204 

The key simulation assumptions for mobile sensors considered in this study are as follows: 205 

 Sensor paths are predefined, based on random routing decisions at junctions, with equal 206 

probability among all connected links. 207 

 The sensor travels at a constant speed, independent of the flow magnitude or direction 208 

at any location or time. 209 

 Data are collected continuously at fixed time intervals during movement. 210 
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 Sensor movement is assumed unconstrained by physical, hydraulic, or operational 211 

barriers. 212 

 213 

The procedure for mobile sensor simulation and hydraulic data collection in water supply and 214 

combined sewer networks is detailed in the flowchart presented in Figure 1. As the sensor 215 

moves, it queries the hydraulic model at each sampling time step (∆𝑡) for pressure or depth 216 

data. These values are obtained at the sensor’s current position by linearly interpolating results 217 

from adjacent computational nodes within a single time step.  At each time step, the sensor 218 

assesses its position relative to computational nodes along its path. After each data collection 219 

cycle, the time is updated by ∆𝑡, maintaining consistent timing for each data point collected 220 

throughout the operation. The sensor continues this process, traversing the network and 221 

gathering data until the cumulative time reaches the duration 𝑇.  222 

 223 

3.1.   Description of case study networks  224 

This section describes two distinct network types, a water supply network and a combined 225 

sewer network, used to evaluate and compare the calibration performance of static and mobile 226 

sensing approaches in terms of accuracy and efficiency. The water supply network case study is 227 

an example of an actual UK DMA, including both branched and looped configurations as 228 

shown in Figure 2. The network layout depicted in the figure has been obfuscated 229 

(anonymised) using the method described by Collins (2023), connectivity information is 230 

preserved but pipe lengths and relative nodal locations are distorted for the visual 231 

representation. The system comprises 100 nodes and 109 pipes, with a total network length of 232 

10.7 km. For the calibration of this network daily demand profiles at 15 minutes interval at 233 

each node were used.  234 

 235 

The case study sewer network is based on the open-access network model of the Bellinge 236 

combined sewer system in Denmark (Pedersen et al., 2021). A hydraulically isolated gravity-237 

driven portion of the network was abstracted, to be similar to the combined length of pipes in 238 

the studied UK water supply network (see above). It consists of 135 sub-catchments, 196 239 

nodes, 202 conduit links, and approximately 10.4 km of pipes. The layout of the sewer network 240 

is shown in Figure 3. It is typical of combined sewer networks, dominated by a dendritic 241 

layout. 242 

 243 
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A high-intensity, short-duration rainfall event from the Bellinge dataset was selected to ensure 244 

a substantial range of flow and surcharge conditions during the 24-hour simulation period, 245 

making it appropriate for assessing the quality of the hydraulic calibration. The rainfall event 246 

was from June 7, 2010 (03:27–12:34), recorded at 1- minute frequency, with a peak intensity of 247 

60 mm/hr, a total rainfall volume of 47.6 mm, and a duration of 9.12 hours. The corresponding 248 

precipitation time series is shown in Figure 4.  249 

 250 

In both case studies, the original calibrated hydraulic models were assumed to represent the 251 

“true” system state and were used to generate a consistent baseline of sensor data used in 252 

subsequent comparative analysis. All (static or mobile) optimisations were initiated from 253 

random (from a plausible range) hydraulic pipe roughness values in all pipes, with no 254 

cognisance of the assumed “true” hydraulic roughness values obtained in the baseline scenario. 255 

 256 

During the static and mobile sensor optimisation processes, pipe hydraulic roughness values 257 

were iteratively adjusted to improve the model calibration. For the water supply network, the 258 

Darcy-Weisbach headloss equation is applied: 259 

ℎ௙ = 𝑓 ⋅
𝐿

𝐷
⋅

𝑣ଶ

2𝑔
 (1) 

where ℎ௙ is the head loss due to friction (m); 𝑓 is the friction factor (dimensionless); 𝐿 is the 260 

pipe length (m); 𝐷 is the diameter (m); 𝑣 is the flow velocity (m/s); and g = 9.81 m/s2. The 261 

friction factor 𝑓  for turbulent flow is based on the Colebrook–White equation, with the 262 

Swamee–Jain approximation given as: 263 

𝑓 = 0.25 ൤logଵ଴ ൬
𝑘௦

3.7𝐷
+

5.74

𝑅𝑒଴.ଽ
൰൨

ିଶ

 

 

(2) 

where 𝑘௦  is the roughness height (m) and 𝑅𝑒 is Reynolds number.  In this work, 𝑘௦ is ranged 264 

from 0.045 to 6.77 mm. This range was obtained from 19 calibrated real network models 265 

representing UK DMAs, comprising over 25,500 pipes. These models represent operational 266 

networks in the UK and were calibrated according to the standard UK practice. Sixteen 267 

roughness classes were derived from the histogram of these pipe roughness data. An equal-area 268 
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histogram approach was used to ensure that each class contained a similar proportion of the 269 

total data. The midpoint of each class was selected as its representative, forming sixteen 270 

candidate roughness values for optimisation. 271 

 272 

For the sewer network, the Manning equation is applied: 273 

𝑄 =
1

𝑛
 𝐴 𝑅ଶ/ଷ 𝑆ଵ/ଶ (3) 

where 𝑄 is the flow rate (m3/s), 𝑛  is the Manning roughness coefficient (dimensionless), 𝐴  is 274 

the cross-sectional flow area (m2); 𝑅  is the hydraulic radius (m) and 𝑆 is the slope of the 275 

energy grade line. In this work, roughness values were generated using the log-logistic 276 

distribution parameters of the roughness height (ks) reported by Sriwastava et al. (2018). The 277 

distribution parameters were derived from a 10-year flow survey conducted in a single 278 

combined sewer network. The resulting ks values were then converted to Manning’s 𝑛 (ranging 279 

from 0.006 to 0.026) using the approximation from Marriott and Jayaratne (2010). Sixteen 280 

candidate roughness values were subsequently selected from this range for use in the 281 

optimisation of pipe roughness calibration. The complete list of discrete pipe roughness values 282 

for both water supply and sewer networks is provided in Table S1 of the Supplementary 283 

Material. 284 

 285 

The optimisation process for both mobile and static sensing approaches employs the NSGA-II 286 

algorithm, as outlined in Section 2.1. The algorithm represents candidate solutions using binary 287 

encoding and evolves them through bitwise mutation, single-point crossover, and tournament 288 

selection. Each individual in the NSGA-II population represents a candidate set of pipe 289 

roughness values, which are iteratively updated during the optimisation process. For the static 290 

sensing case, the individual additionally includes the sensor configuration, the numbers and 291 

locations of sensors, so that these parameters are optimised together with pipe roughness. At 292 

each iteration, all individuals are evaluated using the two objective functions defined in Section 293 

3.2. The best-performing solutions are selected and recombined through crossover and 294 

mutation to generate new candidates with updated roughness values. This iterative process 295 

continues until the convergence criteria are met. 296 

 297 

 298 
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3.2. Objective function formulations 299 

Two objective functions (𝑓ଵand 𝑓ଶ) were used to provide comparable results across the static 300 

and mobile sensing approaches. The first (𝑓ଵ) is the commonly used objective to minimise the 301 

residuals between baseline and optimised model-predicted sensor values. The values were head 302 

differences for water distribution and depth for sewer networks. The second objective function 303 

(𝑓ଶ) is new for hydraulic network model calibration, added to provide a measure of the 304 

information quality and coverage - how well the sampled data represents the range of all data - 305 

to drive efficiency in the deployment strategy. The function comprises two components: (i) a 306 

spatial coverage term, defined differently for static and mobile sensing, representing the 307 

proportion of the network observed (for fixed sensors, the fraction of monitored nodes; for 308 

mobile sensors, the fraction of visited links); and (ii) a variance-based term, which quantifies 309 

how closely the variability in the sampled data matches the overall hydraulic variability of the 310 

network. This second term is conceptually similar to information-theoretic measures such as 311 

mutual information (Crowley et al., 2025). It captures the extent to which sensor data reflects 312 

the full dynamic range of system behaviour, ensuring that measurements are not concentrated 313 

in hydraulically uniform regions. Together, these components promote informative and 314 

spatially distributed sampling, leading to a more representative characterisation of the 315 

network’s hydraulic state. This objective function drives the optimisation of fixed sensors 316 

numbers and locations, and observing this parameter allows us to compare between the 4 317 

different pathways studied for the mobile sensors. 318 

 319 

Together, these two objectives balance model accuracy and data richness, guiding a calibration 320 

process that is both accurate and efficient for water supply and sewer networks. 321 

 322 

3.2.1 Static sensing  323 

The objective functions for static sensing are formulated as follows: 324 

Minimise  𝑓ଵ
(௦)

= ඩ
1

𝑁௦ ⋅ 𝑇
෍ ෍ ቀ𝐻௕௔௦௘

௦ (𝑡, 𝑛) − 𝐻௣௥௘ௗ
௦ (𝑡, 𝑛)ቁ

ଶ
ேೞ

௡ୀଵ

்

௧ୀଵ

 (4) 
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Maximise 𝑓ଶ
(௦)

= α ⋅ ቈ1 −
หσ௦

ଶ − σnetwork
ଶ ห

σnetwork
ଶ ቉ + (1 − α) ⋅ ൤

𝑁௦

𝑁
൨ 

 

(5) 

where 𝑓ଵ
(௦) and 𝑓ଶ

(௦) represent the first and second objective functions for static sensing. 325 

Hereafter, 𝐻 denotes hydraulic data, representing head in water supply systems and depth in 326 

sewer systems. Specifically, 𝐻௕௔௦௘
௦ (𝑡, 𝑛) and  𝐻௣௥௘ௗ

௦ (𝑡, 𝑛) represent baseline and model-327 

predicted sensor values at time 𝑡 and static node 𝑛. The mean (μs) and the variance ( 𝜎௦
ଶ) of 328 

𝐻௣௥௘ௗ
௦ (𝑡, 𝑛) are provided as:  329 

μs =
1

𝑇 ⋅ 𝑁௦
෍ ෍ 𝐻௣௥௘ௗ

௦ (𝑡, 𝑛)

ேೞ

௡ୀଵ

்

௧ୀଵ

 (6) 

σs
ଶ =

1

𝑇 ⋅ 𝑁௦
෍ ෍൫𝐻௣௥௘ௗ

௦ (𝑡, 𝑛) − μs൯
ଶ

ேೞ

௡ୀଵ

்

௧ୀଵ

 (7) 

where 𝑁௦ is the current total number of static sensor nodes, and 𝑇 is the total number of time 330 

steps.  331 

 332 

The mean (μnetwork) and the variance (σnetwork
ଶ ) of 𝐻௣௥௘ௗ(𝑡, 𝑛) for all nodes and time steps in the 333 

network are given by: 334 

μnetwork =
1

𝑇 ⋅ 𝑁
෍ ෍ 𝐻௣௥௘ௗ(𝑡, 𝑛)

ே

௡ୀଵ

்

௧ୀଵ

 

 

(8) 

σnetwork
ଶ =

1

𝑇 ⋅ 𝑁
෍ ෍൫𝐻௣௥௘ௗ(𝑡, 𝑛) − μnetwork൯

ଶ
ே

௡ୀଵ

்

௧ୀଵ

 

 

(9) 

where 𝑁 is the total number of nodes in the network.  335 

 336 
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In Equations (5), α was set to 0.5 to equally balance variance-based information gain and 337 

spatial coverage. 338 

 339 

3.2.2 Mobile sensing  340 

The objective functions for mobile sensing are defined as follows: 341 

Minimise 𝑓ଵ
(௠)

= ඩ
1

𝑇
෍ ቀ𝐻௕௔௦௘

௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡) − 𝐻௣௥௘ௗ
௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡)ቁ

ଶ
்

௧ୀଵ

 (10) 

Maximise 𝑓ଶ
(௠)

= 𝛼 ⋅ ቈ1 −
ห𝜎௠

ଶ − 𝜎network
ଶ ห

𝜎network
ଶ ቉ + (1 − 𝛼) ⋅ ൤

𝑃௨
௠

𝑃
൨ (11) 

where 𝑓ଵ
௠ and 𝑓ଶ

௠ represent the first and second objective functions for mobile sensing. 342 

𝐻௕௔௦௘
௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡) and 𝐻௣௥௘ௗ

௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡) represent the baseline and model-predicted sensor 343 

values, respectively, at time step 𝑡, for a mobile sensor at pipe network location ൫𝑥(𝑡), 𝑦(𝑡)൯; 344 

these values may vary as the sensor moves through the system. 345 

 346 

It should be noted that the values of 𝑡 referenced in Equations (4) and (10) remain identical for 347 

evaluating both the static and mobile sensor approaches. 348 

 349 

The mean (μm) and the variance (σm
ଶ ) of 𝐻௣௥௘ௗ

௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡) are provided as:  350 

μm =
1

𝑇
෍ 𝐻௣௥௘ௗ

௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡)

்

௧ୀଵ

 

 

(12) 

σm
ଶ =

1

𝑇
෍൫𝐻௣௥௘ௗ

௠ (𝑥(𝑡), 𝑦(𝑡), 𝑡) − μm൯
ଶ

்

௧ୀଵ

 (13) 

where 𝑇 is the total number of times steps, indicating the total data points collected. The 351 

formulation assumes that the mobile sensor collects one measurement per time step at its 352 

current location.  353 
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In Equation 11, 𝜎௡௘௧௪௢௥௞
ଶ  represents the overall variance of hydraulic data for the entire 354 

network, as previously defined in Equation 9 for the static sensing approach. The term 𝑃௨
௠ 355 

denotes the number of unique pipes visited by the mobile sensor, while 𝑃 indicates the total 356 

number of pipes in the network. Since the mobile sensor follows a fixed route, the number of 357 

unique pipes visited, and thus the spatial coverage ratio (𝑃௨
௠|𝑃) remains constant throughout 358 

the optimisation process. In contrast, the static sensor coverage ratio (Nୱ|N), as used in 359 

Equation 5, varies with the number and placement of sensors, enabling the objective function to 360 

reward increased spatial coverage during optimisation. This introduces a degree of bias toward 361 

the static sensor approach. However, the fixed spatial coverage term (𝑃௨
௠|𝑃) is retained in the 362 

mobile sensor formulation to maintain a consistent comparison. 363 

 364 

In Equations 5 and 11, the second objective functions (𝑓ଶ
(௦)and  𝑓ଶ

(௠)) for static and mobile 365 

sensing aim to maximise information gain by increasing the proportion of variance captured by 366 

the current sensor configuration (𝜎௦
ଶ, 𝜎௠

ଶ ) relative to the total network-wide variance (𝜎௡௘௧௪௢௥௞
ଶ ). 367 

These variances are dynamically computed at each generation of the optimisation using the 368 

pipe roughness values of the candidate solutions being evaluated. This allows the objective 369 

function to reflect how well the given sensor configurations capture system behaviour and 370 

contribute to accurate model calibration. The 𝑓ଶ
(௦)and  𝑓ଶ

(௠) values range from 0 to1, where 371 

higher values indicate that the sensor data more fully capture network’s hydraulic variability. 372 

 373 

For both sensing approaches, hydraulic analyses for the optimisation process are performed 374 

using EPANET for water supply networks and SWMM for sewer networks, inherently 375 

satisfying mass balance and energy conservation constraints. These software packages provide 376 

the hydraulic data required to evaluate solution fitness. The autonomous mobile sensor 377 

simulation and hydraulic data collection procedure (illustrated in Figure 1) is automatically 378 

repeated for each generation in the NSGA-II, with hydraulic roughness values updated 379 

automatically in EPANET for water supply systems and SWMM for sewer systems. 380 

 381 

3.3. Sensor deployment and optimisation setup 382 

In the static sensing approach, all network nodes were evaluated as potential sensor locations.      383 

Each static sensor in the water supply network collected pressure data over a 24-hour period at 384 

a 3-minute interval (480 samples), matching the mobile sensor’s sampling rate. It should be 385 

noted that the input demand data has a resolution of 15 minutes and the extended period 386 
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simulation in EPANET is not dynamic, so the fixed sensor data will return repeat values as will 387 

the mobile (subject to interpolation along the pipe) unless the sensor moves to a new pipe or the 388 

simulation advances to a new demand time step. The logic of how static and mobile sensors 389 

record pressure data within EPANET’s extended-period simulation is provided in 390 

Supplementary Figure S1. Similarly, in the sewer network, each static sensor recorded depth 391 

data at a 10-second interval (8,640 samples) over 24 hours, ensuring consistency with the 392 

mobile sensor. It should also be noted that the rainfall input data has a resolution of 1 minute. 393 

Since this is a dynamic simulation that accounts for backwater effects and other unsteady flow 394 

conditions, changes in hydraulic values in the sewer system can be observed at this temporal 395 

resolution for both mobile and static sensors. 396 

 397 

To assess mobile sensing performance, four randomly selected paths each starting from 398 

different initial deployment nodes were chosen. The mobile sensor’s movement was modelled 399 

as a random walk based on the network topology. Specifically, the path generation procedure 400 

began by randomly selecting an initial deployment node. At each junction, the next link was 401 

chosen at random with equal probability among all connected links, excluding the link just 402 

traversed, to avoid immediate backtracking. The movement continued for a 24-hour simulation 403 

period. These four independently generated paths, each with different starting nodes and link 404 

sequences, were used for calibration in both the water supply and sewer networks. 405 

 406 

Figure 5 shows the obfuscated starting locations and water supply network paths. Figure 6 407 

shows the starting locations and sewer network paths. In the water supply network, pressure 408 

data was collected every 3 minutes ensuring the possibility of collecting at least one 409 

measurement per pipe even in the shortest pipe (48 m). In the sewer network, depth data was 410 

recorded every 10 seconds. On average, the proportion of unique pipes visited by the mobile 411 

sensor, relative to the total number of pipes in the network, was approximately 83% (range: 412 

80%-84%) for the water supply network and 56% (range: 48%-63%) for the sewer network, for 413 

the different sensor pathways. This indicates that the sensor visited several pipes multiple 414 

times, capturing data on varying hydraulic conditions at different times throughout the network 415 

due to the time varying nature of the flows in each network type. 416 

 417 

For static sensing, five optimisation runs were performed for both the water supply and sewer 418 

networks. Each run was initialised with a different randomly generated population comprising 419 
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encoded strings representing pipe roughness values and sensor placement configurations 420 

including both the numbers and locations of sensors.  421 

 422 

For mobile sensing in the water supply network, five random optimisation runs were performed 423 

for each sensor pathway, with a single sensor deployed in each run, resulting in a total of 20 424 

runs. Each run was initialised with a randomly generated population comprising encoded 425 

strings that represent pipe roughness values, with the sensor pathway and speed fixed per set of 426 

runs. Similarly, in the sewer network, five runs were conducted per sensor pathway under the 427 

same conditions, also totalling 20 optimisation runs. 428 

 429 

In both static and mobile sensing scenarios, the crossover and mutation probabilities were set to 430 

1.0 and 0.005, respectively. For the water supply network, the optimisation process was executed 431 

for 5,000 generations with a population size of 400, resulting in 2,000,000 function evaluations 432 

per run. For the combined sewer network, the process was conducted for 5,000 generations with 433 

a population size of 200, leading to 1,000,000 function evaluations per run. Adapting the 434 

methodology of Trautmann et al. (2008), who assessed Pareto front stability using performance 435 

indicators over a generational window, we define the convergence generation for each objective 436 

as the earliest generation at which its absolute change over a 50-generation span remains below 437 

10-4 for all subsequent generations. The solution convergence generation is the maximum of the 438 

two objectives’ convergence generations, which allows both objectives to reach stability. A 439 

summary of the key simulation and optimisation parameters used in this study, including their 440 

values, sensing types, applicable scenarios (water supply and sewer networks), and the rationale 441 

for their selection, is provided in Table S2 of the Supplementary Material. 442 

 443 

We evaluated the effectiveness of both static and mobile sensing approaches by assessing the 444 

mode (i.e., the most frequent value) of the absolute hydraulic pipe roughness errors across the 445 

network, thus independent of data used in the optimisation. The original network pipe 446 

roughness values served as the 'ground truth' for comparison. The mode was chosen as a key 447 

metric because pipe roughness errors exhibit a skewed distribution, with a few pipes having 448 

relatively much larger roughness errors. Using the mode helps reduce the impact of extreme 449 

values and provides a representative measure of estimation accuracy. 450 

 451 

 452 

 453 
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4. Results 454 

4.1 Water supply network 455 

4.1.1 Optimisation progress for static and mobile sensing in the water supply network 456 

Figure 7 presents the optimisation progress of the two objective functions: residual head (𝑓ଵ
௦ for 457 

static sensing and 𝑓ଵ
௠ for mobile sensing), defined in Equations (4) and (10), and information 458 

quality and coverage (𝑓ଶ
௦ and 𝑓ଶ

௠), defined in Equations (5) and (11). The values represent the 459 

best-performing individuals for each objective at every generation. These best values are 460 

typically obtained from different individuals in the population, as NSGA-II maintains a diverse 461 

population and optimises each objective independently during the search process. For mobile 462 

sensing, the example of the results shown in the graphs correspond to the sensor path originated 463 

at the peripheral node (N1) in the water supply system. While all four paths were analysed, 464 

only this path is shown in the graphs for brevity. Subfigures (a) and (b) use a logarithmic scale 465 

on the y-axis to enhance visual clarity. In both cases, the optimisation trajectories for static and 466 

mobile sensing show a steep initial decrease in residual head (𝑓ଵ
௦ and 𝑓ଵ

௠), followed by a more 467 

gradual decline over the subsequent generations. Table 1 provides details on the objective 468 

function values and their corresponding convergence generations for both static and mobile 469 

sensing approaches. On average (5 runs), static sensing converges to 𝑓ଵ
௦ = 0.7 x 10-3 m at 470 

generation 456, while mobile sensing along Path N1 converges to 𝑓ଵ
௠ = 1.7 x 10-3 m at 471 

generation 272. The table again shows the sensitivity of the solution to the pathway. The best 472 

performing mobile sensing path is N87, achieving 𝑓ଵ
௠ = 0.4 x 10-3 m at generation 79. 473 

Considering all four mobile sensing paths (20 runs in total), the overall average convergence 474 

for mobile sensing is 𝑓ଵ
௠ = 1.6 x 10-3 m at generation 227. Subfigures (c) and (d) illustrate the 475 

corresponding progression of information coverage (𝑓ଶ
௦ and 𝑓ଶ

௠). The optimisation trajectories 476 

for static sensing exhibit a steep initial increase, which flattens within the first few thousand 477 

generations. In contrast, the trajectories for mobile sensing show minimal variation across 478 

generations. This is expected, as we do not optimise any aspect of the mobile sensor coverage 479 

due to its fixed path and speed. For static sensing, the average convergence (5 runs) reaches 480 

𝑓ଶ
௦= 0.995 at generation 1010, while for mobile sensing, the average of all the 20 runs 481 

(covering all four sensor paths) converges to 𝑓ଶ
௠ = 0.907 at generation 173. On average, the 482 

solution converged at generation 1203 for static sensing and 292 for mobile sensing.  483 

The lower 𝑓ଶ
௠ values in mobile sensing are attributed to the fixed path and speed settings used 484 

in this study, which limit spatial coverage compared to the optimised fixed-sensor placement. 485 

 486 
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Table 1. Objective function values and convergence generations for static and mobile sensing 487 

in the water supply network. 488 

Sensing 
type 

Sensor 
path 

𝒇𝟏
∗ (m) 𝒇𝟐

∗  
𝒇𝟏

∗   
convergence 
generation 

𝒇𝟐
∗   

convergence 
generation 

Solution 

convergence 
generation 

Static       

Run 1 _ 0.7 x 10-3 0.995 91 873 873 

Run 2 _ 0.8 x 10-3 0.995 83 1369 1369 

Run 3 _ 0.8 x 10-3 0.995 1758 792 1758 

Run 4 _ 0.5 x 10-3 0.995 251         682 682 

Run 5 _ 0.8 x 10-3 0.995 97 1332 1332 

Average 
(Static)  0.7 x 10-3 0.995 456 1010 1203 

Mobile 

Path N1 1.7 x 10-3 0.888 272 532 532 

Path N24 1.1 x 10-3 0.917 340 53 340 

Path N69 3.1 x 10-3 0.899 217 52 217 

Path N87 0.4 x 10-3 0.922 79 54 79 

Average 
(Mobile)**  1.6 x 10-3 0.907 227 173 292 

*f1 and   f2 are the two objective functions used in the optimisation, representing 𝑓ଵ
௦ and 𝑓ଶ

௦  for static sensing 
and  𝑓ଵ

௠ and 𝑓ଶ
௠ for mobile sensing.  

 **Mobile results are averaged per pathway (5 runs each), with the overall average based on all 20 runs. 
 ***The solution convergence generation is the maximum of the f1 and   f2 convergence generations, which 

allows both to reach stability. 
 

 489 

4.1.2 Pareto fronts for static and mobile sensing in the water supply network 490 

Figure 8 presents the Pareto fronts for static and mobile sensing approaches, showing trade-offs 491 

between residual head and information coverage. Different axis scales are used in each 492 

subfigure to enhance visibility of the respective spreads. For static sensing, 𝑓ଵ
௦ ranges from 0.1 493 

x 10-3 to 2.0 x 10-3 m  and 𝑓ଶ
௦ from 0.941 to 0.995, while mobile sensing exhibits a broader 𝑓ଵ

௠ 494 

range (2.0 x 10-3 to 1.2 x 10-2  m) and a narrower 𝑓ଶ
௠ range (0.869 to 0.889).  495 

 496 

Static sensing involves simultaneous optimisation of the numbers of sensors, sensor locations, 497 

and pipe roughness. This increases the dimensionality of the decision space and produces a 498 

wider range of trade-off configurations between f₁ and f₂. Consequently, Pareto fronts from 499 

different runs are more dispersed and display clearer inflection points. Such flexibility allows 500 
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exploration of a broader range of compromise solutions but introduces higher variability across 501 

runs. In contrast, for the mobile sensing configuration, the Pareto fronts obtained from multiple 502 

optimisations runs appear smoother and more closely aligned. This behaviour results from the 503 

constrained search space: the sensor path and speed are predefined, so only the pipe roughness 504 

values are adjusted during optimisation. As a result, the trade-off space between f₁ (head 505 

residual) and f₂ (information coverage) is narrow, producing more consistent and stable Pareto 506 

fronts across runs. From an engineering perspective, the narrower, more aligned Pareto fronts 507 

of mobile sensing indicate stable and repeatable calibration performance, valuable for 508 

automated or real-time applications. Static sensing achieves higher f₂ (better information 509 

coverage) but requires more sensors, whereas mobile sensing maintains a moderate f₂ with a 510 

single sensor.  511 

 512 

4.2 Sewer network 513 

4.2.1 Optimisation progress for static and mobile Sensing in the sewer network 514 

Figure 9 shows the progression of the two objective functions, residual depth and information 515 

coverage, for the best-performing individuals at each generation in the sewer network. The 516 

example of the results presented for mobile sensing correspond to sensor path N638, which 517 

starts near the outfalls in the sewer system. Only this path is graphed, as other paths showed 518 

similar trends. Static sensing runs exhibit relatively greater dispersion in their objective 519 

function trajectories, whereas mobile sensing runs demonstrate more consistent performance. 520 

In subfigures (a) and (b), both static and mobile sensing show a steep initial reduction in 521 

residual depth (𝑓ଵ
௦ and 𝑓ଵ

௠), followed by a more gradual decline over subsequent generations 522 

until convergence. Table 2 provides details on the objective function values and convergence 523 

generations for both static and mobile sensing approaches. On average (5 runs), static sensing 524 

converges to 𝑓ଵ
௦ = 3.8 x 10-2 m at generation 4609, while mobile sensing along Path N638 525 

converges to 𝑓ଵ
௠ = 2.3 x 10-2 m at generation 3902. An evaluation of the progression of 526 

information coverage (𝑓ଶ
௦ and 𝑓ଶ

௠) is shown in subfigures (c) and (d). The static sensing runs 527 

show a steep initial rise but require more generations to converge. In contrast, the trajectories 528 

for mobile sensing show minimal variation across generations, as observed in the water supply 529 

network. On average (5 runs), static sensing converges to 𝑓ଶ
௦ = 0.857 at generation 3614, 530 

whereas mobile sensing along Path N638, its best-performing path achieves 𝑓ଶ
௠ = 0.874 at 531 

generation 54, outperforming static sensing in both objectives. The range of f1 (in particular) 532 

and f2 values shown in Table 2 highlight the path-dependent nature of mobile sensing 533 
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performance. When considering all four mobile sensing paths (20 runs in total), the overall 534 

average convergence is 𝑓ଵ
௠= 3.5 x 10-2 m at generation 3679 and 𝑓ଶ

௠ = 0.837 at generation 56. 535 

On average, the solution converged at generation 4683 for static sensing and 3679 for mobile 536 

sensing.   537 

 538 

Compared to static sensing, mobile sensing generally achieves lower residual depth but slightly 539 

reduced average information coverage.  540 

 541 

Table 2. Objective function values and convergence generations for static and mobile 542 

sensing approaches in the sewer network. 543 

Sensing 
type 

Sensor  
path 

𝒇𝟏
∗ (m) 𝒇𝟐

∗  
𝒇𝟏

∗  
convergence 
generation 

𝒇𝟐
∗  

convergence 
generation 

Solution 
convergence 
generation 

Static        

Run 1 _ 3.8 x 10-2 0.854 3859 4231 4231 

Run 2 _ 3.3 x 10-2 0.869 4998 4518 4998 

Run 3 _ 3.1 x 10-2 0.853 4732 1032 4732 

Run 4 _ 4.9 x 10-2 0.862 4680 4597 4680 

Run 5 _ 3.8 x 10-2 0.849 4774 3692 4774 

Average  
Static 

 
3.8 x 10-2 0.857 4609 3614 4683 

Mobile 

Path N110 5.4 x 10-2 0.812 3748 56 3748 

Path N131 3.4 x 10-2 0.834 4480 56 4480 

Path N163 3.0 x 10-2 0.827 2584 57 2584 

Path N638 2.3 x 10-2 0.874 3902 54 3902 
Average 

(Mobile)**  3.5 x 10-2 0.837 3679 56 3679 
*f1 and   f2 are the two objective functions used in the optimisation, representing  𝑓ଵ

௦ and  𝑓ଶ
௦  for  static 

sensing and  𝑓ଵ
௠ and 𝑓ଶ

௠ for mobile sensing.  
**Mobile results are averaged per pathway (5 runs each), with the overall average based on all 20 runs. 

  544 

4.2.2 Pareto fronts for static and mobile sensing in the sewer network 545 

Figure 10 presents the Pareto fronts for static and mobile sensing approaches for the 200 546 

members of the final generation, showing trade-offs between residual depth (𝑓ଵ) and 547 

information coverage (𝑓ଶ). For static sensing, 𝑓ଵ
௦ ranges from 3.1 x 10-2 to 8.3 x 10-2 m and 𝑓ଶ

௦ 548 

from 0.720 to 0.869. In contrast, mobile sensing exhibits a broader 𝑓ଵ
௠ range (2.1 x 10-2 to 1.7 549 
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x 10-1 m) and a narrower 𝑓ଶ
௠ range (0.834 to 0.874). As observed in water supply network, the 550 

Pareto fronts obtained from static sensing are more dispersed within the independent runs. 551 

Mobile sensing fronts, on the other hand, are closely aligned, reflecting consistent performance 552 

within the runs. Notably, the mobile sensing fronts display well-defined inflection points, 553 

indicating optimal trade-off points where low residual depths are achieved with only marginal 554 

reductions in information coverage.  555 

 556 

4.3 Assessment of static and mobile sensing for network hydraulic roughness calibration 557 

using optimisation of the independent pipe roughness error 558 

The aim of the paper was to investigate the performance of mobile and static sensing 559 

approaches for network hydraulic roughness calibration. This is evaluated, as outlined in 560 

Section 3.3, using the average of the modes of the absolute pipe roughness errors from the final 561 

population at generation 5,000. Specifically, the last 400 Pareto front solutions are considered 562 

for the water supply network and the last 200 for the sewer network. The results for both 563 

sensing approaches are summarised in Table 3. For the water supply network, static sensing 564 

yields an average mode pipe roughness error of 1.676 mm across the five runs, while mobile 565 

sensing achieves a lower average mode of 0.909 mm over 20 runs. This indicates improved 566 

hydraulic roughness calibration accuracy with mobile sensing, corresponding to an average 567 

reduction of 46% in pipe roughness error compared to static sensing. Remarkably, the best-568 

performing mobile sensor path, Path N87, attains an average mode roughness error of 0.00 mm.  569 

 570 

In the sewer network, the average mode of pipe roughness error from five static sensing runs is 571 

0.004, while mobile sensing yields a lower average of 0.003 based on 20 runs. The best 572 

performance among mobile configurations is observed for Path N638, with an error of 0.002. 573 

Overall, mobile sensing outperforms static sensing, yielding pipe roughness errors that are 25% 574 

lower on average.  575 

 576 

Mobile sensing minimised pipe roughness error better, showing higher calibration accuracy for 577 

both water supply and sewer networks. This was achieved with one mobile sensor per system. 578 

In contrast, static sensing required an average of 97 sensors for the water supply network and 579 

130 for the sewer network.  580 
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Table 3. Average mode of absolute pipe roughness error for Pareto front solutions using static and mobile sensing approaches.  581 

Network 
Sensing 

type 
Sensor  
path 

Average per run 
Average per 
sensing type 

Run1 Run2 Run3 Run4 Run5 

      (mm)* 

Water 
Supply 

Static - 2.650 1.965 1.631 0.000 2.136 1.676** 

Mobile 

Path N1 0.585 0.834 3.119 3.119 3.088 2.149 

Path N24 0.000 0.081 0.000 0.000 0.000 0.016 

Path N69 0.297 2.911 0.000 0.532 3.605 1.469 

Path N87 0.000 0.000 0.000 0.000 0.000 0.000 

Overall Average (Mobile)     0.909** 

Sewer  

        (--)*  

Static - 0.001 0.005 0.002 0.006 0.005 0.004** 

Mobile 

Path N110 0.004 0.003 0.005 0.005 0.004 0.004 

Path N131 0.005 0.002 0.003 0.002 0.002 0.003 

Path N163 0.003 0.003 0.002 0.003 0.005 0.003 

Path N638 0.002 0.002 0.004 0.002 0.002 0.002 

Overall Average (Mobile)     0.003** 
*Roughness height (𝐾௦) is in mm for water supply networks and Manning’s 𝑛 (dimensionless) for sewer networks. 582 
**The overall average for static sensing is based on 5 runs, while for mobile sensing it is based on all 20 runs (5 runs per path for 4 paths). 583 
 584 
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5. Discussion  585 

The simulations conducted here show that mobile sensing could substantially improve 586 

hydraulic roughness model calibration accuracy, achieving an average reduction in pipe 587 

roughness error of around 50% in the water supply network and around 25% in the sewer 588 

network compared to calibrations based on data from static sensors. Remarkably, in our study 589 

this performance was demonstrated using a single mobile sensor restricted to four predefined 590 

paths, each tested independently at a fixed speed, without any attempt to optimise the route or 591 

speed settings. In contrast, the static sensing approach required an average of 97 (97% of 592 

network nodes) sensors in the water supply network and 130 (66% of network nodes) in the 593 

sewer network. These results show the potential efficiency and effectiveness of a mobile 594 

sensing approach for hydraulic network model calibration. The dependence of mobile sensing 595 

calibration on path (Table 3) implies that future research should investigate the optimisation of 596 

sensor routes and speeds to improve calibration results. The influence of sensor speed was not 597 

examined in this study. 598 

 599 

While static sensing yielded lower average nodal head residuals (𝑓ଵ) in the water supply 600 

network, mobile sensing delivered more accurate pipe roughness estimates on average. This is 601 

an important advantage when trying to achieve the most physically accurate network model 602 

that will perform better over a wider range of hydraulic conditions. Pipe roughness is the key 603 

physical variable as it allows the user to obtain better hydraulic simulations for a wider range of 604 

hydraulic conditions. It is the accurate calibration of pipe roughness, rather than the 605 

minimisation of the objective function 𝑓ଵ that ultimately supports the development of a true 606 

digital twin of the network. The lower head residual (𝑓ଵ) observed when using static sensors 607 

arises from how 𝑓ଵ is computed. In the static-sensor case, 𝑓ଵ is calculated across all fixed sensor 608 

nodes, including some that may not be particularly informative for roughness calibration. As a 609 

result, the average 𝑓ଵ can appear lower even though the corresponding roughness estimates are 610 

less accurate. In contrast, the mobile sensor computes 𝑓ଵ only along its measurement path, 611 

which tends to include hydraulically important nodes, where head is more sensitive to 612 

roughness variations, as it traverses multiple parts of the network during the 24-hour 613 

simulation. Consequently, 𝑓ଵ may appear higher because it samples critical nodes, yet it 614 

achieves better roughness estimation. This underlines the importance of incorporating 615 

independent calibration metrics, such as pipe roughness error, rather than only considering 616 

optimisation objectives like 𝑓ଵ when evaluating and comparing different sensing approaches.  617 
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To improve and better inform the sensor deployment strategies and calibration accuracy, this 618 

study introduced a new second objective function (𝑓ଶ), aimed at maximising information 619 

quality and coverage. Instead of relying solely on a measure of spatial sensor deployment, 𝑓ଶ 620 

provides a measure of how well the sampled data captures the overall variability of system 621 

behaviour. This encourages better targeted sensor placement, both spatially and temporally, 622 

focusing on areas where hydraulic conditions vary most, that is those locations that provide the 623 

highest quality information for pipe roughness calibration. For network operators, this could 624 

promote a shift from exhaustive spatial coverage using large number of static sensors to more 625 

strategic data collection, potentially increasing significantly the value of each observation. In 626 

this study the weight of the two parts of f2 was equal (alpha = 0.5), this could be varied in 627 

future to fine tune the desired optimisation balance.  628 

 629 

The mobile sensor simulations undertaken assumed a speed of travel of 0.25 m/s. This is 630 

probably excessive for the automation and power requirements of robots currently being 631 

developed. However, it was useful to provide meaningful comparison in the amount of data 632 

collected relative to the static sensors. This speed was necessary as a key part of the 633 

comparison was to maintain a 24-hour period for all simulations. A robot travelling at a lower 634 

speed but for more days is entirely realistic from a mechatronics perspective. Such a robot 635 

could achieve the same network coverage as studied here. But with potentially far greater 636 

temporal richness, it would increase the value of information captured. The configuration was 637 

biased to favour the static approach, but the results show better network calibration 638 

performance from mobile sensing even with this biased comparison. 639 

 640 

Network topology may influence roughness calibration through its control of hydraulic 641 

variability and flow connectivity. In looped systems, interconnected flow paths could create 642 

hydraulic redundancy, leading to more uniform head losses and reduced sensitivity to local 643 

roughness variations. This redundancy could also mask compensating errors, where 644 

inaccuracies in one pipe’s roughness are offset by opposing errors along alternative routes. In 645 

contrast, branched (dendritic) systems may exhibit stronger flow directionality and greater 646 

variation in hydraulic gradients, making them more informative for calibration. The proposed 647 

mobile-sensing calibration approach consistently outperformed static sensing in both 648 

configurations, indicating robustness to network structure. The branched sewer network 649 

exhibited better calibration performance. 650 

 651 
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In this study, simulations have been constrained to only consider the collection of pressure or 652 

depth data, to maintain consistency with what is done currently with static sensors. Mobile 653 

robotic sensors have the potential to expand the scope of data collected. Flowrate or velocity 654 

data could be more readily collected by mobile sensors, as a single more complex sensor could 655 

travel around the network rather than deploying numerous complex sensors at many locations. 656 

Such more complex hydraulic data is well known to be valuable for model calibration, 657 

provided it is independent of any such data used in any model build. The capital, maintenance 658 

and installation costs for flowrate and velocity measurements make it impractical to install such 659 

instrumentation in many static locations. However, the instrumentation would only be required 660 

once for the single robotic mobile sensor simulated here, and their maintenance costs would be 661 

minimal assuming that the robotic sensors are designed for deployment and retrieval via 662 

manholes or fire hydrants. The mobility and flexibility of robotic sensors would also enable 663 

targeted flowrate or velocity data collection at hydraulically critical locations through further 664 

path optimisation. Integrating such valuable data would further enhance network calibration 665 

accuracy, particularly for flow-sensitive parameters such as pipe roughness and demand 666 

patterns. These concepts could also be extended to water quality consideration, for example 667 

turbidity sensing for discolouration modelling or particulate linked organic loading or chlorine 668 

measurement for disinfection residuals or temperature sensors to assess and model heat 669 

recovery potential. 670 

 671 

6. Conclusions   672 

This study demonstrated that data from mobile sensing can substantially improve hydraulic 673 

network model calibration accuracy compared to data obtained from static sensing. When 674 

applied to both water supply and combined sewer networks using equivalent multi-objective 675 

optimisation frameworks, mobile sensing reduced pipe roughness estimation error by 676 

approximately 50% and 25%, respectively. These outcomes were achieved using a single 677 

mobile sensor, evaluated independently along four predefined paths at a fixed speed, with no 678 

optimisation of route or speed. The comparative static sensors were placed in 97% and 66% of 679 

the nodes in the respective water supply and sewer networks. Despite these conditions, mobile 680 

sensing outperformed static approaches. This demonstrates that mobile sensing can deliver 681 

more accurate pipe roughness calibration using substantially fewer sensing resources. As such, 682 

this evidence presents a compelling alternative to the emerging practice of deploying very large 683 

numbers of static sensors in water supply and sewer networks. This study has meaningful 684 
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implications for how utilities monitor, calibrate, and manage complex water supply and sewer 685 

systems. 686 

 687 
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Figure Captions 853 
 854 
Figure 1. Flowchart of the mobile sensor simulation and hydraulic data collection process. The 855 

simulation is executed at each generation of the multi-objective optimisation. 856 

Figure 2. Anonymised Water Supply Network layout for a DMA in the UK. 857 

Figure 3. Sewer Network Layout based on Pedersen et al. (2021). 858 

Figure 4. Rainfall intensity versus time plot for the June 7, 2010, event. 859 

Figure 5. Randomly generated fixed mobile sensor paths originating from four different initial 860 

deployment nodes in the water supply network. 861 

Figure 6. Randomly generated fixed mobile sensor paths originating from four different initial 862 

deployment nodes in the sewer network. 863 

Figure 7. Progression of the residual head (𝑓ଵ
௦ and 𝑓ଵ

௠) and information coverage (𝑓ଶ
௦ and 𝑓ଶ

௠) 864 

for static and mobile sensing in the water supply network. (a)Progression of 𝑓ଵ
௦ for static 865 

sensing, (b) Progression of 𝑓ଵ
௠ for mobile sensing path from Node 1, (c) Progression of 𝑓ଶ

௦ for 866 

static sensing, (d) Progression of  𝑓ଶ
௠ for mobile sensing path from Node 1 867 

Figure 8. Pareto fronts of the non-dominated solutions at the final generation for the water supply 868 

network. Note the Y-axes are not in the same scale. (a) Static sensing, (b) Mobile sensing along 869 

Path N1. 870 

Figure 9. Progression of the residual depth (𝑓ଵ
௦ and 𝑓ଵ

௠) and information coverage (𝑓ଶ
௦ and 𝑓ଶ

௠) 871 

for static and mobile sensing in the sewer network. (a) Progression of 𝑓ଵ
௦ for static sensing, (b) 872 

Progression of 𝑓ଵ
௠ for mobile sensing path from Node 638, (c) Progression of 𝑓ଶ

௦ for static 873 

sensing, (d) Progression of  𝑓ଶ
௠ for mobile sensing path from Node 638. 874 

Figure 10. Pareto fronts of the non-dominated solutions at the final generation for the sewer 875 

network. (a) Static sensing, (b) Mobile sensing along Path N638. 876 
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Figure 1. Flowchart of the mobile sensor simulation and hydraulic data collection process. 
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Figure 2. Anonymised Water Supply Network layout for a DMA in the UK. 
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Figure 4. Rainfall intensity versus time plot for the June 7, 2010, event. 

 

 
Figure 5. Randomly generated fixed mobile sensor paths originating from four different 
initial deployment nodes in the water supply network. 



 

Figure 6. Randomly generated fixed mobile sensor paths originating from four different initial 

deployment nodes in the sewer network. 
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Figure 8. Pareto fronts of the non-dominated solutions at the final generation for the water 
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Figure 10. Pareto fronts of the non-dominated solutions at the final generation for the sewer 

network. (a) Static sensing, (b) Mobile sensing along Path N638. 

 


