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Abstract: Urban water distribution systems (WDSs) are often skeletonized to enable 27 

efficient system analysis and management. While different methods are available to 28 

account for transient dynamics within the skeletonization processes, they often ignore 29 

the potential impacts induced by nodal demand allocations. This paper proposes a 30 

transient-based method to skeletonize pipes in series with internal demands, where the 31 

optimal demand allocation strategy is determined by a minimization approach 32 

associated with a probabilistic evaluation method. In addition, this paper makes the 33 

first attempt to investigate the impacts of different nodal demand allocation strategies 34 

on reproducing transient dynamics within the skeletonization process. The proposed 35 

method is demonstrated for a hypothetic transmission system and a realistic WDS. 36 

Results show that (i) the impact of demand allocations on transient dynamics is 37 

positively correlated with demand values; and (ii) the proposed skeletonization 38 

method overall outperforms the traditional methods in capturing the transient 39 

dynamics of the original WDS, especially for nodes with relatively large demands. 40 

 41 

Authors’ Keywords: water distribution systems (WDSs); skeletonization; transient; 42 

pipes in series; nodal demand. 43 
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Introduction 45 

Water distribution system (WDS) models have been widely used by water utilities for 46 

a range of purposes including system planning, operation and management (e.g., 47 

Walski 1984; Kapelan et al. 2007; Zheng et al. 2016; Zheng et al.2017; Zhang et al. 48 

2018). To develop such WDS models, geographic information systems (GISs) have 49 

been often employed to provide network topology and physical attributes of the 50 

hydraulic components (e.g., pipes, junctions and valves) (Walski et al. 2004; Jung et 51 

al. 2007). While being able to exhibit comprehensive information of the system, WDS 52 

models taken from GIS are often very complex in structure and topology, with 53 

pipes/nodes up to hundreds of thousands (Deuerlein 2008). This may result in 54 

significant challenges/difficulties for system simulation, management and operation. 55 

Consequently, WDS models abstracted from GISs or other data sources are often 56 

skeletonized to reduce their scales/complexities, aimed to enable efficient system 57 

modeling and analysis (Walski et al. 2003; Hellbach et al. 2011). 58 

In the literature, many methods are available to skeletonize WDS models, including 59 

branch trimming, node aggregations, merging of pipes and removals of non-essential 60 

components (Walski et al. 2003; Jung et al. 2007). These skeletonization methods are 61 

mainly developed based on steady-state hydraulic equivalence (mass and energy 62 

conservations), i.e., the head losses through the skeletonized pipes/nodes should be 63 

overall similar to those of the original system (Walski et al. 2003; Saldarriaga et al. 64 

2008). These resultant WDS models can reproduce similar steady-state hydraulic 65 

performance with the original systems, enabling wider up-take of skeletonized models 66 

for practical applications (Perelman and Ostfeld 2011).  67 
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While the methods mentioned above have made significant progress and contributions 68 

in skeletonizing WDS models, they mostly consider the model skeletonization under 69 

steady-state hydraulic conditions. This implies that the performance of the 70 

skeletonized models in capturing transient dynamics of the original systems remains 71 

unknown (Gad and Mohammed 2014) as these steady-stated based methods typically 72 

ignore the interaction and attenuation of transient pressure waves within the 73 

skeletonization process (Duan and Lee 2015; Meniconi et al. 2015). To address this 74 

issue, attempts have been made to assess the performance of the skeletonized models 75 

in reproducing the transient behaviour of the original system (Martin 2000). The 76 

results showed that the skeletonized models based on steady-state hydraulic 77 

conditions may introduce substantial errors for the transient response of WDSs (Jung 78 

et al. 2007; Meniconi et al. 2018; AWWA 2019), especially when the nodes with 79 

larger water demands or high elevations are skeletonized (Walski et al. 2004). This 80 

may lead to large potential risk when using these skeletonized WDS models to 81 

manage extreme events induced by transients (e.g., pipe bursts) or design 82 

transient-defensed hydraulic infrastructures (Boulos et al. 2005; Ebacher et al. 2011; 83 

Rathnayaka et al. 2016).  84 

While large transient dynamic deviations between the skeletonized WDS models 85 

produced by the steady-state based methods and the original systems are 86 

acknowledged, there have been surprisingly few efforts made to develop 87 

skeletonization methods with transient dynamics explicitly considered. A recent study 88 

conducted by Huang et al. (2019) introduced a transient-based method for the 89 

skeletonization of series pipes with no internal demands, aimed to deal with the 90 

dummy nodes (i.e. nodes with no demands) of the WDSs that are often used to 91 

represent joints between different pipe diameters/configurations and connections 92 
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between different hydraulic elements. The results from Huang et al. (2019) showed 93 

that their method significantly outperforms the traditional steady-state based method 94 

in reproducing the transient behavior of the original systems. However, their proposed 95 

method cannot be applied to pipes with internal demands. This limitation has 96 

significantly hampered the wide up-take of their method (Huang et al., 2019) for 97 

many practical applications as plenty of pipes are associated with demand nodes 98 

(representing water consumptions by the users) in the WDS.   99 

To our best knowledge, there is so far no method available that can be used to 100 

skeletonize the pipes in series with internal demands (denoted as PSIDs for simplicity 101 

in this study, i.e., pipes in series with intermediate demand nodes). In addition, there is 102 

a lack of understanding for the impacts of different demand allocations within the 103 

skeletonization process on mimicking the transient dynamics of the WDS models. 104 

More specifically, it is unknown to what extent the different nodal demand allocation 105 

strategies can affect the transient dynamics of the WDS models; how these impacts 106 

are influenced by the amounts of nodal demands; and how important of the transient 107 

impacts induced by nodal demand allocations relative to those caused by the 108 

adjustments of pipe attributes within the skeletonization process.  109 

To address the gaps outlined above, this paper aims to: (i) develop a generic 110 

transient-based skeletonization approach that is able to handle PSIDs for the WDS 111 

models; and (ii) provide investigation and analysis on the transient behaviors induced 112 

by demand allocations within the skeletonization process of WDSs. It is anticipated 113 

that this paper not only provides a transient-based method to optimally allocate nodal 114 

demands within the pipe skeletonization process, but also builds knowledge regarding 115 

the underlying properties of the resultant transient dynamics caused by demand 116 
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allocations.  117 

Methodology 118 

A generic transient-based method is firstly developed to skeletonize the pipes in series 119 

with internal demands (PSIDs). This is followed by intensive numerical experiments 120 

designed to investigate the impacts of nodal demand allocations on transient dynamics 121 

within the skeletonization process. Three traditional skeletonization approaches are 122 

also used to compare with the proposed method in reproducing the transient dynamics 123 

of the original systems. Two assessment metrics are defined to quantitatively evaluate 124 

the performance of the skeletonized systems. 125 

Generic transient-based skeletonization method for PSIDs 126 

For transient-based skeletonization, two accuracy control criteria (i.e., the phase 127 

criterion and the amplitude criterion) are often used to ensure the travelling time and 128 

amplitude of pressure waves through the skeletonized systems as close as those in the 129 

original WDS (Huang et al. 2019). These two criteria are also considered as principles 130 

of the proposed method in this paper. Within the proposed method, a two-step 131 

skeletonization procedure is combined with a probabilistic method to quantify nodal 132 

demand effects on transient dynamics. In addition, two optimization objectives are 133 

proposed to minimize the skeletonization errors induced by the internal demand 134 

allocation and the merging of pipes in series respectively. More specifically, the 135 

internal nodal demand of a PSID is allocated to two end nodes with an optimal 136 

allocation coefficient with the aid of the proposed probabilistic approach in Step 1. 137 

This is followed by merging these pipes in series into one simple pipeline with 138 

optimal equivalent attributes (i.e., the length, wave speed, diameter and friction factor 139 
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of the pipe) in Step 2.  140 

Fig. 1(a) shows a typical system of pipes in series, which is used to illustrate the 141 

proposed method. This simple system consists of four pipes (P1, P2, P3, P4), two end 142 

nodes (N1, N2), and an internal node N3, where all these three nodes N1, N2 and N3 143 

have demands (q1, q2 and q3 in Fig. 1a). For Step 1, the demand of N3 is optimally 144 

allocated to the two end nodes N1 and N2 with an allocation coefficient r (i.e., 145 

weighting factor) by minimizing the skeletonization error induced by the internal 146 

demand allocation, so that the demands of N1 and N2 increase to 31 rqq  and 147 

32 1 qrq  respectively (Fig. 1b). In Step 2, pipes P1 and P2 are merged into an 148 

equivalent pipe Pe (Fig. 1c), with maintaining the steady-state equivalence and 149 

minimizing the skeletonization error induced by the merging of series pipes. Details 150 

of the proposed two-step skeletonization method and the adopted probabilistic 151 

evaluation approach are elaborated as follows. 152 

Step 1: Nodal demand allocation for WDS skeletonization  153 

Within Step 1 of the proposed method, demands of N3 are optimally allocated to N1 154 

and N2, in order to minimize the transient modeling errors introduced by 155 

skeletonization following the amplitude criterion. That is, the pressure wave 156 

transformations at two end nodes N1 and N2 in the skeletonized system (Fig. 1b) 157 

should be as close as those in the original system (Fig. 1a). Assuming a pressure wave 158 

with amplitude hΔ  traveling from P3 through N1 in the original system (Fig. 1a), the 159 

pressure change (or the amplitude of the transmitted wave) can be calculated based on 160 

the wave transformation equation at the node boundary (Huang et al. 2017; Wood et al. 161 

2005), as  162 
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1313131313 ΔΨ1ΔΔΔ NP
p

NPNP
q

NP
p

NP hhhh             (1) 163 

where hTh NPNP
p ΔΔ 1313  represents the transient pressure change due to the 164 

transformation of the incident wave travelling from P3 through N1 without considering 165 

the nodal demand impact, which is defined herein as the pseudo pressure change; 166 

M

m m
NP BBT

13 1213  is the transmission coefficient for the incident wave 167 

traveling from P3 through N1 (Chaudhry 2014), in which M is the total number of 168 

connected pipes at N1, gAaB  is the characteristic impedance of the pipe (Gong 169 

et al. 2018) with a as the wave speed, A as the pipe cross-sectional area, and g as the 170 

gravitational acceleration; M

m mq Bqh
1

1ΔΔ  represents the pressure change 171 

resulting from the change of the nodal demand, which is defined as the nodal demand 172 

disturbance; qΔ  denotes the change of the nodal demand due to the change of the 173 

transient pressure head during the wave transformation at the node; pq hh ΔΔΨ  is 174 

the ratio of the nodal demand disturbance to the pseudo pressure change, which is 175 

used to represent the nodal demand effect.  176 

The relation between nodal demand and transient pressure head is generally taken as 177 

(Jung et al. 2007; Ebacher et al. 2011) 178 

 αHCq q                                (2) 179 

where q is the nodal demand; H is the pressure head representing the total head minus 180 

the nodal elevation; Cq is the equivalent orifice emitter coefficient of nodal demand 181 

and α  is an exponential index ( 5.0α  is usually used). The coefficient Cq is 182 

determined from the initial steady-state condition, i.e., α
00 HqCq  where q0 and H0 183 
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are the initial nodal demand and pressure head respectively. Substituting this 184 

pressure-driven demand into Eq. (1), the nodal demand effect can be defined as  185 

13

1131
113

Δ
ΔΨ NP

p

NNPN
NNP

h
HhHS

αα

                  (3) 186 

where M

m m
N
q

N BCS
1

111  represents the integrated term associated with the 187 

initial steady-state condition and the pipe attributes at N1, which are all static relative 188 

to the dynamic transient status, thus it is defined as the static attribute; 1NH  is the 189 

transient pressure head at N1 before the transformation of the incident wave, thus is 190 

defined as the previous pressure. Eq. (3) shows that the nodal demand effects on 191 

transient dynamics (i.e., Ψ ) are time- and event-dependent during transient processes 192 

as the two relevant parameters (i.e., the previous pressure H and the pseudo pressure 193 

change phΔ ) are highly dynamic in time evolutions and transient events, thus it 194 

cannot be explicitly quantified prior to a specific transient analysis. To address this 195 

issue, a probabilistic approach based on Monte-Carlo simulation (MCS) is proposed 196 

to explicitly evaluate the effects of nodal demands on transient dynamics from the 197 

probability perspective. 198 

The proposed probability approach is achieved by utilizing the MCS method for the 199 

nodal demand effect (Ψ ) regarding the two dynamic parameters, i.e., the pseudo 200 

pressure change  and the previous pressure H. A total of 100,000 MCS runs are 201 

conducted for each of different static attributes (S) to obtain sufficient results for 202 

statistical analysis (Duan et al. 2011). For demonstration, Fig. 2(a) plots the 203 

probability density functions (PDFs) of nodal demand effect ( ) for three different 204 

static attributes (S = 20, 50 and 100 m0.5). It is observed that the distribution of  is 205 

phΔ

Ψ

Ψ
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concentrated in a relatively limited range, with overall larger values of  associated 206 

with greater values of static attribute. This suggests that the two dynamic parameters 207 

(H and ) have limited impacts on , which agrees well with the findings 208 

reported in Huang et al. (2017). Fig. 2(b) presents the maximum probability and 209 

expectation of the PDFs across different static attributes (S). Monotonically increasing 210 

functions between the statistical parameters and the static attribute of the node can be 211 

observed from this figure. Results in Fig. 2 imply that the degree of the nodal demand 212 

effect ( ) can be approximately estimated using derived relationships between  213 

and nodal static attributes as shown in Fig. 2(b). Accordingly, a probability-based 214 

parameter ( 1Ψ~ N ) relevant to the static attribute ( 1NS ) at N1 is used to represent the 215 

dynamic nodal demand effect ( 13Ψ NP ) in Eq. (3). 216 

With this probabilistic approach, taking again the case in Fig. 1 for example, the wave 217 

transformations at the two end nodes N1 and N2 can be analyzed by following the 218 

amplitude criterion. Assuming that a pressure wave with amplitude hΔ  travels from 219 

Pipe P3 to Pipe P4, the wave transformations at two end nodes N1 and N2 resulted 220 

from the first impinging of the pressure wave on the two nodes can be estimated 221 

respectively, as follows  222 

(a) The wave transformation before the demand allocation (Fig. 1a), 223 

hTh NPNNP ΔΨ~1Δ 13113
000                        (4) 224 

hTTT

hhhh
NPNPNPNNN

NPNPNPNP

ΔΨ~1Ψ~1Ψ~1

ΔΔΔΔ
223113231

22311323

000000

0000         (5) 225 

(b) The wave transformation after the demand allocation (Fig. 1b), 226 

hTh NP
d

N
d

NP
d ΔΨ~1Δ 13113                        (6) 227 

Ψ

phΔ Ψ

Ψ Ψ
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hTTT

hhhh
NP

d
NP

d
NP

d
N

d
N

d

NP
d

NP
d

NP
d

NP
d

ΔΨ~1Ψ~1

ΔΔΔΔ
22311321

22311323

           (7) 228 

where the subscripts 0 and d indicate the transient status of the original system and the 229 

skeletonized system after the demand allocation, respectively. As the characteristic 230 

impedances of pipes after demand allocation are not changed (i.e., 0BBd ), the 231 

transmission coefficients at all nodes are identical to those in the original system, i.e., 232 

0TTd  for each node. The approximate signs in these equations is due to (i) the 233 

probabilistic evaluation of nodal demand effects and (ii) other factors influencing the 234 

propagation of pressure waves, such as the effects of friction, viscoelasticity and 235 

vibration of the pipeline, which are generally considered to be insignificant for pipes 236 

with relatively small length that are mainly considered for skeletonization in practice 237 

(Walski et al. 2003). 238 

Similarly, for a pressure wave travels from P4 to P3 (i.e., the opposite direction), the 239 

wave transformations at two end nodes N1 and N2 can also be derived in similar forms. 240 

Therefore, a weighted least squares optimization problem is formed to implement the 241 

minimization approach for the amplitude criterion. That is, the differences of the wave 242 

transformations at two end nodes between the original and skeletonized systems (i.e., 243 

Fig. 1a and b) from both traveling directions are simultaneously minimized to enable 244 

global optima, which can be expressed as follows by eliminating , 245 hΔ
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      (8) 246 

where Ed is the sum of weighted squared residuals, and a smaller value of Ed (i.e., 247 

approaching to zero) indicates less differences of the wave transformations between 248 

the original and skeletonized systems, thus it is considered as the indicator of the 249 

skeletonization error introduced by the internal demand allocation in this paper. The 250 

first term on the right-hand side represents the weighted sum of the differences of the 251 

pressure changes at N1 between the original and skeletonized systems; the second 252 

term represents such a difference at N2. The weights 2211111 ALALALw  253 

and 12 1 ww  representing the relative difference in the initial fluid inertia between 254 

two series pipes are used to indicate the relative importance of the squared differences 255 

at two end nodes (Huang et al. 2019). Therefore, the solution of Eq. (8) yields the 256 

optimized r and the corresponding skeletonization error Ed for the demand allocation. 257 

Step 2: Series pipes merging for WDS skeletonization 258 

Using the above-mentioned demand allocation strategy, the internal demand of node 259 

N3 has been moved to the end nodes (i.e., no internal demand for N3 in Fig. 1b). 260 

Consequently, the transient-based method proposed by Huang et al. (2019) for the 261 

skeletonization of series pipes with no internal demand can be applied. That is, for 262 

step 2 of merging pipes in series (Fig. 1c), the two accuracy control criteria (i.e., 263 

transient phase criterion and the amplitude criterion) and the traditional hydraulic 264 
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equivalence theory are followed to enable the skeletonization. The following 265 

equations are used for this purpose. 266 

2

2

1

1

a
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a
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a
L

e

e                              (9) 267 
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852.1
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DC
QL
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where L, a, D, C and Q are the length, wave speed, diameter, Hazen–Williams (H-W) 270 

coefficient and flow rate of the pipe respectively; subscripts 1, 2 and e represent pipes 271 

P1, P2 and Pe respectively; In Eq. (10), Es is the sum of weighted squared residuals 272 

based on the defined weighted least squares approximation, thus it is considered as the 273 

indicator of the skeletonization error introduced by the merging of two series pipes; 274 

the subscript s indicates the transient status of the skeletonized system after the series 275 

pipe merging; the first term on the right-hand side represents the weighted sum of the 276 

differences of the pressure changes at N1 between the skeletonized systems after the 277 

demand allocation and the series pipe merging; the second term represents such a 278 

difference at N2.  279 

Typically, the total length of the original pipes in series is taken as the equivalent 280 

length of the skeletonized pipeline (i.e., 21 LLLe , Walski et al. 2003). Hence the 281 

wave speed of the equivalent pipe (i.e., ae) can be solved from Eq. (9). The unknown 282 

variables in Eq. (10) are the transmission coefficients 13 NP
sT  and 2NP

s
eT , which are 283 
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all related the characteristic impedance of the equivalent pipe (i.e., eee gAaB ). 284 

Therefore, the optimized Be can be obtained by solving Eq. (10), then the diameter of 285 

the equivalent pipe (i.e., De) can be calculated from Be and the previously obtained ae 286 

in Eq. (9). Following the continuity of fluid transportation, the flow rate through the 287 

equivalent pipe can be calculated as 3231 1 qrQrqQQe . As a result, the 288 

H-W coefficient (i.e., Ce) can be obtained from Eq. (11). 289 

Consequently, the two-step transient-based skeletonization of series pipes with 290 

internal demands can be determined by solving Eq. (8) through Eq. (11) to obtain the 291 

demand allocation coefficient (i.e., r) and the attributes of the equivalent pipe (i.e., Le, 292 

ae, De and Ce). Particularly, the proposed method is also applicable to the case of pipes 293 

with no internal demand by setting q3 = 0 (i.e., Qe = Q1 = Q2). Moreover, the 294 

steady-state equivalence has been simultaneously implemented during this proposed 295 

skeletonization method through the uses of weighting factor r (for mass balance) in 296 

Step 1 and the Ce in Eq. (11) (for energy conservation) in Step 2. From this 297 

perspective, the proposed method is generic for the skeletonization of pipes in series 298 

accounting for transient dynamics. 299 

Implementation of the generic transient-based skeletonization method 300 

Within the proposed two-step skeletonization method, both the demand allocation and 301 

the series pipe merging would introduce skeletonization errors, which are represented 302 

by the indicators Ed and Es in Eqs. (8) and (10) respectively. For practical applications, 303 

the indicator of the skeletonization errors by the proposed method can be specified to 304 

an acceptable range, that is 305 
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tolsd EEEE ,max                           (12) 306 

where E indicates the maximum error induced by skeletonization; Etol is the specific 307 

maximum tolerable error specified by users. Referring to the definitions of Ed and Es 308 

as the sum of weighted squared residuals in Eqs. (8) and (10), a smaller value of Etol 309 

approaching to zero would result a more accurate skeletonized system. In other words, 310 

the accuracy of model skeletonization can be effectively controlled in advance based 311 

on the specific requirements of WDS modeling and analysis (i.e., the skeletonization 312 

level is determined by Etol). As a result, Etol is taken as the accuracy control metric for 313 

the transient-based skeletonization. It is noted the actual skeletonization error can be 314 

larger than the value of the Etol indicator due to complicated transient mechanism 315 

including the superposition, diversion and dissipation of transient pressure waves at 316 

nodes and through pipelines. However, this indicator can be a meaningful surrogate to 317 

indirectly represent the underlying skeletonization errors that are very difficult to be 318 

characterized so far. Application procedures of the proposed method are shown in Fig. 319 

3. 320 

Investigating different demand allocations on transient dynamics 321 

To investigate the impacts of different demand allocations on transient dynamics 322 

within the skeletonization of PSIDs, four skeletonization methods with different 323 

demand allocation strategies are implemented to enable a performance comparison. 324 

These are: (i) the proposed generic transient-based method (TBM) in this study; (ii) 325 

the steady-state based method with the internal demands equally allocated (SBM-EA); 326 

(iii) the steady-state based method with the internal demand proportionally allocated 327 

based on pipe lengths (SBM-PA); and (iv) the transient-based method with equal 328 
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demand allocation (TBM-EA). Among these methods, the SBM-EA and SBM-PA 329 

have been typically used in the steady-state approaches without the consideration of 330 

transient dynamics (e.g., Cesario 1995; Walski et al. 2003).  331 

For the SBM-EA, the internal demand is equally allocated and the diameter of the 332 

skeletonized pipe (De) is set to be the larger diameter of the two series pipes. This is 333 

followed by that the length of the skeletonized pipe (Le) is taken as the sum of series 334 

pipes, with wave speed of the skeletonized pipe (ae) determined following Eq. (9). 335 

Finally, the H-W coefficient of the equivalent pipe (Ce) is determined based on Eq. 336 

(10). The implementation of the SBM-PA is similar to the SBM-EA, except that the 337 

internal demand is proportionally allocated based on pipe lengths in the SBM-PA. For 338 

the TBM-EA, the internal demand is equally allocated to both end nodes (r = 0.5), and 339 

the other implementation procedures are identical to the proposed TBM. 340 

Extensive numerical experiments regarding different internal demand values and 341 

different demand allocation strategies for the skeletonization of PSIDs are designed to 342 

explore the impacts of demand allocation strategies on transient dynamics. 343 

Specifically, a large number of different demand scenarios increased from small 344 

values (e.g., 2 L/s) to large values (e.g., 20 L/s) are considered. For each demand 345 

scenario, different demand allocation strategies with r ranging from 0 to 1 are used to 346 

investigate the transient impacts induced by different demand allocation strategies, 347 

conditioned on the fixed pipe attributes. Additionally, for a fixed r, a range of different 348 

values of pipe attributes are used to investigate transient impacts induced by the 349 

adjustments of pipe attributes within the skeletonization process. 350 
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Accuracy assessment metrics for the skeletonized systems 351 

To assess the performance of the skeletonized systems produced by the different 352 

skeletonization methods, two accuracy assessment metrics are proposed in this paper. 353 

The first metric is the relative average difference in the transient pressure trajectories 354 

with time evolution for a node (i.e., errmean), defined as  355 

%100
Δ

2

1
0

fluc

t

tt s
mean HN

tHtH
err                   (13) 356 

where tH0  and tH s  are the transient pressure at any given simulation time t 357 

resulted from the original and skeletonized systems, respectively; t1 and t2 are the 358 

instants that the transient status starts to change and terminates to the final 359 

steady-state status, respectively, with N being the total number of instants between t1 360 

and t2. 00 minmaxΔ HHH fluc  represents the maximum pressure fluctuation 361 

during the transient process in the original system, therefore is used as the reference 362 

of the relative assessment metrics.  363 

Additionally, it is generally more concerned about the performance of the 364 

skeletonized system in reproducing the extreme conditions, as such conditions often 365 

pose serious threats to the safety of WDSs. To address this concern, another metric to 366 

assess the relative difference in the extreme pressures during the transient process for 367 

a node (i.e., errext), is proposed as follows  368 

%100
Δ
Δ

fluc

ext
ext H

Herr                          (14) 369 
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where ssext HHHHH minmin,maxmaxmaxΔ 00  is the absolute 370 

difference in the extreme transient pressures, which is taken as the greater value of the 371 

two following sources: (i) the difference of the maximum transient pressures between 372 

the original and skeletonized systems; and (ii) the difference of the minimum transient 373 

pressures between the two models. 374 

Case studies 375 

Description of two case studies 376 

Two cases of a transmission pipeline system and a realistic WDS are used to 377 

demonstrate the feasibility of the proposed transient-based skeletonization method 378 

and investigate the impacts of nodal demand allocations on transient dynamics within 379 

the skeletonization process. Case 1 (Fig. 4a) is composed of two reservoirs, two 380 

control valves, pipes in series and nodes with demands. The series pipes [2], [3] and 381 

[4] are to be skeletonized with the internal demands at nodes 2 and 3 allocated to end 382 

nodes. Two different subcases are considered for Case 1, with identical and different 383 

characteristic impedances of the series pipes respectively (i.e., B2, B3 and B4 for pipes 384 

[2], [3] and [4] as shown in Table 1). Other information for Case 1 is also listed in 385 

Table 1. Case 2 (Fig. 4b) is retrieved from a realistic benchmark WDS of the Modena 386 

network (MOD) (Bragalli et al. 2012), which consists of 4 reservoirs, 317 pipes and 387 

268 nodes. 182 pipes in series can be identified to be skeletonized in this model. In 388 

Case 2, a typical wave speed of 1000 m/s for metal pipes is assigned for all pipes in 389 

the model. 390 

Regarding the transient simulations for two cases, the classical one-dimensional water 391 

hammer model is adopted, with the method of characteristics (MOC) coupled with the 392 
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discrete vapor cavity model (DVCM) as transient solvers. The details of transient 393 

models and methods can be referred to many classic references (e.g., Chaudhry 2014; 394 

Zhu et al. 2018). The computational time steps for transient simulations of the two 395 

cases are set to be sufficiently small (i.e., 0.1 s for case 1 and 0.01 s for case 2). This 396 

is followed by the use of wave speed adjustments for pipe discretization, in order to 397 

satisfy the Courant condition with Cr = 1. In addition, the wave speed adjustments 398 

used in this study are trivial (no wave speed adjustment is used for case 1 and the 399 

average adjustment is less than 2.5% for case 2), and hence the resultant influence on 400 

transient analysis can be negligible. 401 

Numerical Applications 402 

Four skeletonization methods (i.e., TBM-Max, SBM-EA, SBM-PA and TBM-EA) are 403 

applied for both studied cases. It is noted that the proposed TBM using the maximum 404 

probability (TBM-Max) and that using the expectation in Fig. 2(b) exhibit similar 405 

performance, implying that the results are not significantly affected by the use of the 406 

maximum probability or expectation. For both subcases in Case 1, 10 transient events 407 

of different intensities (Table 2) are used to analyze the performances of the 408 

skeletonized systems produced by the four different methods. Different demand 409 

scenarios, with demands at nodes 2 and 3 identically ranging from 2 L/s to 10 L/s 410 

with an interval of 2 L/s, are considered for analysis. In addition, statistical analysis of 411 

the accuracy assessment metrics errmean and errext, including the rankings of metric 412 

values from small to large and the distributions of cumulative probability function 413 

(CDF), are performed for different skeletonized systems resulted from different 414 

methods. 415 
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For this simple case, extensive simulation experiments are designed to explore the 416 

potential impacts of different demand allocation strategies on transient dynamics of 417 

the skeletonized system. For both subcases, 10 different demand scenarios are 418 

considered to investigate the impacts of different demand allocation strategies on 419 

transient dynamics, with demands at nodes 2 and 3 identically increasing from 2 L/s 420 

to 20 L/s with an interval of 2 L/s (Fig. 4a). Three experiments (i.e., E1, E2 and E3) 421 

are designed for each demand scenario, with details given in Table 3. For each 422 

experiment (E1, E2 and E3), all the transient events in Table 2 are applied to the 423 

original and skeletonized systems. Three assessment metrics including errmean, errext 424 

and extHΔ  (see Eqs. 13 and 14) are used to compute the skeletonization errors, and 425 

boxplots of the maximum and mean values of the resultant assessment metrics for all 426 

the simulations are used to enable the performance analysis.  427 

For Case 2, different values of the tolerable error Etol (e.g., 0.001, 0.01 and 1.00 428 

respectively) are adopted for the proposed method to produce skeletonized systems 429 

with different skeletonization levels. To systematically compare the performances of 430 

these skeletonized systems, a total of 61 different transient events are produced by 431 

placing and operating the valve on each of 61 pipes that are not removed within the 432 

entire skeletonization process (i.e., each transient event is mimicked by fully closing a 433 

valve in 10 s with the initial velocity through the valve ranging from 0.01 m/s to 1.99 434 

m/s among the 61 transient events). The statistical analysis of the accuracy assessment 435 

metric values, including the rankings and the CDFs for errmean and errext, are also 436 

performed in this case. 437 
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Results and discussions 438 

Results and analysis for Case 1 439 

For the SBM-EA and TBM-EA applied to Case 1, r1
 = r2 = 0.5 are consistently used. 440 

For SBM-PA, r1 = 0.58, r2 = 0.80 are used for Subcase 1 and r1
 = 0.38, r2 = 0.53 are 441 

used for Subcase 2, which are determined based on the pipe length. In the proposed 442 

TBM-Max, these demand allocation coefficients are optimized by Eq. (8) for each 443 

demand scenario, with results presented in Table 4. By inspection, the optimal 444 

demand allocation coefficients of the proposed TBM-Max vary as a function of nodal 445 

demand values, which are all quite different with the pre-determined values of the 446 

traditional methods (e.g., r1
 = r2 = 0.5). 447 

Results of accuracy assessment metrics based on Eq. (13) and Eq. (14) are obtained 448 

for the four methods, with the rankings (i.e., the ranking values from 1 to 4 indicate 449 

the metric values from smallest to largest, which represents the accuracy decreasing in 450 

transient results) and CFDs of the metric values given in Figs. 5 and 6 respectively. 451 

Noting that the results of SBM-EA and TBM-EA are exactly identical for Subcase 1 452 

since the pre-determined allocation coefficients (r) are the same for these two 453 

methods (i.e., demands are equally assigned to the end nodes) as well as that the 454 

diameters of series pipes (i.e., the characteristic impedances of series pipes) are 455 

identical. Fig. 5 and Fig. 6 clearly show that the proposed TBM-Max exhibit the 456 

overall best performances in reproducing the transient dynamics of the original full 457 

system. This is followed by TBM-EA, and then SBM-EA and finally SBM-PA. More 458 

specifically, as shown in Fig. 5(a) and Fig. 6(a), the probabilities of the first rankings 459 

are higher than 95% and 75% for the proposed TBM-Max applied to two subcases of 460 

Case 1 respectively, while these values are lower than 5% and 25% for the TBM-EA. 461 
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The superior performance of the proposed TBM-Max relative to the three traditional 462 

skeletonization approaches can be also demonstrated by the error CDF profiles in Fig. 463 

5(c, d) and Fig. 6(c, d).  464 

Regarding the two transient-based methods (TBM-Max and TBM-EA), the proposed 465 

TBM-Max are observed to exhibit better performance based on the results in Figs. 5 466 

and 6. This is because that the TBM-Max considers the minimization of both 467 

skeletonization errors induced by the allocation of internal demands and the merging 468 

of series pipes with different attributes, while the TBM-EA only considers the latter. 469 

This shows that different demand allocation strategies can significantly affect the 470 

transient performance of the skeletonized system. Therefore, it is important and 471 

necessary to account for the demand allocations within the skeletonization process.  472 

Figures 7 and 8 show the statistical results of the maximum and mean errors of the 473 

assessment metric values obtained from the simulation experiments given in Table 3. 474 

Fig. 7(a-c) and Fig. 8(a-c) give the results of the experiment E1, Fig. 7(d-f) and Fig. 475 

8(d-f) present results of E2, and Fig. 7(g-i) and Fig. 8(g-i) show results of E3. The 476 

difference between the minimum and maximum values for each box in the figures 477 

represents the variation range of the assessment metric due to different demand 478 

allocation strategies or different characteristic impedances of the equivalent pipe. 479 

It can be observed from Fig. 7(a-f) and Fig. 8(a-f) that, as nodal demands increase, the 480 

variation ranges of the errmean, errext and extHΔ  due to different demand allocation 481 

strategies generally increase in both experiments E1 and E2 where diameters of series 482 

pipes are identical or different. For instance, the variation range of the maximum 483 

extHΔ  in Fig. 7(c) is only about 1.5 m for the nodal demand of 2 L/s, but it increases 484 
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up to about 8.7 m for 12 L/s. This indicates that the extent of the transient impacts 485 

induced by demand allocation strategies varies as a function of demand values, with 486 

larger nodal demand values showing larger influence. Results also suggest that the 487 

demand allocation during the skeletonization process can be significant in affecting 488 

transient dynamics especially when the demand values are moderate-large (Huang et 489 

al. 2017).  490 

Fig. 7(d-i) and Fig. 8 (d-i) demonstrate the relative importance between the transient 491 

impacts induced by different demand allocations and that caused by the variation of 492 

pipe characteristic impedances for different demand scenarios. As shown in these 493 

figures, when the nodal demands are relatively small (e.g., 2 L/s), the variation of 494 

three assessment metric values (errmean, errext and extHΔ ) caused by different demand 495 

allocations are overall limited. However, if the internal demands are moderate or 496 

reasonably large, the extent of the transient impacts induced by the demand 497 

allocations can be comparable to or even greater than those caused by the variation of 498 

pipe characteristic impedances. For example, for the demand scenario with 10 L/s, the 499 

variation range of errext and extHΔ  induced by different demand allocation strategies 500 

in Fig. 8(e, f) are 8.3% and 2.2 m, which are similar to those caused by pipe attributes 501 

(Fig. 8(h, i)). When the internal demands of nodes 2 and 3 increase to a large value 502 

with 16 L/s, the variation ranges of the three assessment metric values in Fig. 8(d, e, f) 503 

are greater than those in Fig. 8(g, h, i). These findings indicate that both the strategies 504 

of the internal demand allocation and the merging of series pipes with different 505 

attributes should be thoroughly considered during the transient-based skeletonization 506 

process of WDSs, especially when the demand values are moderate-large. 507 
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Results and analysis for Case 2 508 

For Case 2, three different values of the tolerable error Etol (i.e., 0.001, 0.01 and 1.00) 509 

are tested to regulate the skeletonization process using the proposed TBM-Max, with 510 

the resultant skeletonized systems shown in Fig. 9. To enable a fair comparison, 511 

skeletonized systems are also produced using the other three methods (SBM-EA, 512 

SBM-PA and TBM-EA). Fig. 9 shows that a larger value of Etol would produce a 513 

skeletonized system with a higher skeletonization level (i.e., Level 1, Level 2 and 514 

Level 3 corresponding to Etol = 0.001, 0.01 and 1.00 respectively), where the 515 

skeletonization level refers to the number proportion of nodes that has been removed 516 

within the original model by the skeletonization process. Note that the series pipes 517 

skeletonized within Level 1 are assigned with identical characteristic impedances, and 518 

hence the skeletonization error is mainly induced by demand allocations. For Levels 2 519 

and 3, both the demand allocation and series pipes merging strategies are involved in 520 

the skeletonization process. Particularly, 182 out of the 317 pipes in this studied 521 

system have been skeletonized within Level 3.  522 

Fig. 10 shows the overall distribution of the demand allocation coefficients (i.e., 182 523 

optimized r values) for the skeletonization using TBM-Max with Etol =1.0 (Level 3). 524 

The resultant demand allocation coefficients exhibited a nonuniform distribution in 525 

the entire variation domain (i.e., 0~1), which is significantly different from the 526 

commonly-used equal demand allocation in traditional approaches (i.e., r = 0.5). This 527 

finding, together with that obtained in Case 1 (Table 4), demonstrates again that 528 

different demand allocation strategies can significantly affect the transent dynamics of 529 

the WDSs within the skeletonization proces, and r = 0.5 is not necessary the optimal 530 

allocation strategy.  531 
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As indicated previously, 61 transient events have been planned and applied for Case 2 532 

to enable an overall performance comparison between the skeletonized systems 533 

resulted from different methods. The ranking and CDF results of the two proposed 534 

assessment metrics for different skeletonization methods and different levels of the 535 

skeletonized systems are presented in Figures 11 and 12, respectively. From these 536 

results, it can be seen that TBM-Max consistently exhibits the best performance, 537 

followed by TBM-EA, SBM-EA and SBM-PA. For example, as shown in Fig. 11(a, c, 538 

e), the probabilities of the first rankings based on the errmean for the three 539 

skeletonization levels are about 80%, 60% and 55% respectively for the proposed 540 

TBM-Max. These values are consistently significantly higher than those for the 541 

TBM-EA, SBM-EA and SBM-PA. Similar findings can be also observed in Fig. 12 as 542 

the CDF profiles of TBM-Max are higher than those of the other three traditional 543 

methods. Fig. 11 also shows that the probabilities of the first rankings for the 544 

TBM-Max increase when the skeletonization level decrease (e.g., from Level 3 to 545 

Level 1). This implies that the superiority of the TBM-Max become more prominent 546 

when demand allocations are only involved within the skeletonization process, which 547 

is often the case when the series pipes have identical attributes (e.g., diameters).  548 

Investigation of transient pressure traces in different skeletonized systems 549 

Transient results of pressure traces at nodes from the original systems and different 550 

skeletonized systems produced by different methods are taken from the two studied 551 

cases for further investigation, with results shown in Fig. 13. The proposed method 552 

(TBM-Max) and one of the traditional methods (i.e., SBM-EA) are selected for 553 

comparison. Figs. 13(a) and (b) present the results of transient pressure traces with 554 

occurrences of vapor capacities to investigate the performances of the skeletonized 555 
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systems in modeling extreme transient events that are generally concerned by 556 

modelers and practitioners (e.g., cavitation phenomenon). More specifically, Fig. 13(a) 557 

indicates the transient results at the downstream of valve 1 in the subcase 1 of case 1 558 

(Fig. 4a) for the skeletonized systems resulted from the demand scenarios of 10 L/s. 559 

Fig. 13(b) presents the transient results of Node 1 in case 2 (Fig. 4b) for the 560 

skeletonized systems of Level 3. In addition, Figs. 13(c) and (d) show the transient 561 

results at the same node selected in case 2 (i.e., Node 2 in Fig. 4b) from the 562 

skeletonized systems of Levels 1 and 3 respectively, to demonstrate the different 563 

transient responses in skeletonized systems with different skeletonization levels. 564 

As shown in Fig. 13, it can be generally observed that the proposed TBM-Max 565 

exhibits a better performance than the traditional SBM-EA in capturing the overall 566 

transient dynamics of the original system. Specifically, 13(a) and (b) shows that the 567 

TBM-Max significantly outperforms the SBM-EA in terms of both the transient 568 

amplitudes and phases, especially in modeling the formation and collapse of cavities. 569 

Nevertheless, it should be acknowledged that the proposed transient-based method 570 

still cannot accurately capture the entire transient dynamics during the transient 571 

evolution (e.g., the timing and amplitude of the cavity collapse), which should be 572 

aware by practitioners. The comparison between Figs. 13(c) and (d) indicates that the 573 

superiority of the TBM-Max becomes more prominent for a higher skeletonization 574 

level where the allocations of moderate-large demands (e.g., 4~10 L/s as investigated 575 

in case 1) and the merging of series pipes with different attributes are both involved. 576 

However, for the case that the skeletonization only involves the allocations of 577 

relatively small demands (e.g., Fig. 13c), the skeletonized systems from the proposed 578 

and traditional methods can overall match the original system in transient dynamics. 579 

Similar observations can be made for transient traces at other nodes as well as other 580 
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transient events for both cases. 581 

Summary and conclusions 582 

This paper proposes a generic transient-based method with transient dynamics 583 

explicitly considered to skeletonize pipes in series with internal demands and makes 584 

the first attempt to investigate the impacts of nodal demand allocations on transient 585 

dynamics within the skeletonization process. A two-step skeletonization procedure has 586 

been proposed in this study – the internal nodal demand allocation and the series pipes 587 

merging. Two optimization approaches are accordingly developed to minimize the 588 

skeletonization errors induced by the two operations with coupling the accuracy 589 

control criteria for both steady-state and transient responses in WDS (i.e., the phase 590 

criterion and the amplitude criterion). A probabilistic approach based on Monte-Carlo 591 

simulations (MCS) for evaluating the nodal demand effect on transient dynamics is 592 

also incorporated within the procedure for the internal demand allocation. Two 593 

accuracy assessment metrics are defined to quantitatively evaluate the performance of 594 

the skeletonized systems.  595 

The utility of the proposed method is demonstrated using two cases studies, where 596 

one case is a transmission pipeline system and the other case is a realistic benchmark 597 

WDS. Meanwhile, the transient impacts induced by nodal demand allocation 598 

strategies are investigated for different demand scenarios (i.e., 2~20 L/s in the studied 599 

cases). The application and investigation results generally indicate that the extent of 600 

the impacts of nodal demand allocations on transient dynamics is positively correlated 601 

with the nodal demands. In addition, the proposed transient-based method (TBM) 602 

outperforms the traditional steady-state based methods (SBM-EA and SBM-PA) in 603 
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capturing the transient dynamics of the original systems with different degrees under 604 

different demand conditions. More specifically, when the nodal demands are 605 

relatively small (e.g., below 2 L/s for the studied cases), the transient impacts of nodal 606 

demand allocations are trivial and the proposed method only outperforms the 607 

traditional methods marginally. This implies that the traditional methods are usually 608 

sufficient in accurately capturing the transient dynamics of the original systems in 609 

such cases. However, when the nodal demands are moderate-large (e.g., greater than 2 610 

L/s), the transient impacts of nodal demand allocations can be relatively large (these 611 

impacts can be comparable to or even greater than those caused by the merging of 612 

series pipes with different attributes), and in such cases the advantage of the proposed 613 

method becomes more significant than the traditional approaches. Therefore, the 614 

proposed method is practically meaningful as it can identify skeletonized systems that 615 

have better ability to represent the transient dynamics of the original WDS than the 616 

traditional methods, especially for WDS nodes with relatively large demands.  617 

To generalize the finding of the current study for practical implementations, a metric 618 

that represents the ratio of the nodal demands relative to the pipe flows through this 619 

node can be considered. In addition, the initial velocity of the pipe flows should be 620 

also accounted for within the skeletonization process. This is because the impact 621 

extent of nodal demand allocations on transient dynamics can be also affected by 622 

other factors, such as the pipe flows through the demand nodes, the initial velocity 623 

and the variation of the nodal demands during the operation of the system. Therefore, 624 

an important future study should be undertaken to further explore these factors, 625 

thereby offering an important and simple guideline for practical applications. It is also 626 

noted that the users with large demands and nodes with relatively high elevations 627 

should be carefully treated during the skeletonization process and in many cases such 628 
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nodes are not eliminated from the system. 629 

It is acknowledged that there exist a few limitations of the current study that need to 630 

be addressed in future studies. The first and important limitation is that the relative 631 

computational efficiency between the original and skeletonized systems has not been 632 

examined as the focus of the current study is to improve the transient precision within 633 

the skeletonization process. While the skeletonized systems can allow a larger time 634 

step for simulation, the increased time step can induce many discretization errors in 635 

addition to those caused by wave speed changes and boundary approximations. 636 

Therefore, it is very important to comprehensively investigate this issue in future as 637 

the computational benefit associated with the skeletonized systems is practically 638 

meaningful. The second limitation of this paper is that the skeletonized system may 639 

vary as a function of changing demand distributions of the WDS over different time 640 

periods, leading to a challenge for the practical implementation of the proposed 641 

skeletonization method. An ad-hoc way to address this problem is to identify the 642 

skeletonized system of the original WDS using nodal demands at the high demand 643 

period. This is because transient dynamics at the high demand period (pipe velocities 644 

are overall high during the high demand period) are often larger than those during the 645 

low demand period. The third limitation is that many transient events considered in 646 

this study have limited impacts to the system. Therefore, to further generalize the 647 

findings of this study, transient events that can have a global impact on the system 648 

should be considered in future. Finally, it is noted that the proposed approach should 649 

be considered as a stage within the WDS analysis (rather than an end point) as the 650 

selection of the skeletonization techniques may depend on the purpose of the WDS 651 

models.  652 
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Table 1 Pipe information for Case 1 782 

Pipe H-W 
coefficient 

Wave 
speed  
(m/s) 

Subcase 1  Subcase 2 
Length  

(m) 
Diameter 

(mm) 
Impedance 

(s/m2) 
 Length 

(m) 
Diameter 

(mm) 
Impedance 

(s/m2) 
[1] 115 1000 900 300 1442.1  900 300 1442.1 
[2] 123 1000 700 250 2076.6  300 300 1442.1 
[3] 113 1000 500 250 2076.6  500 250 2076.6 
[4] 110 1000 300 250 2076.6  700 200 3244.7 
[5] 117 1000 1000 200 3244.7  1000 200 3244.7 

 Note: the column “Impedance” indicates the characteristic impedances of pipes. 
 783 

  784 
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Table 2 Planned transient events for Case 1 785 

Transient event Transient exciter Event description 
1 Valve 1 Close 80% in 5 s and then close the other 20% in 15 s 
2 Valve 1 Close 80% in 5 s and then close the other 20% in 30 s 
3 Valve 2 Fully close in 15 s 
4 Valve 2 Fully close in 30 s 
5 Valve 2 Close 80% in 5 s and then close the other 20% in 15 s 
6 Valve 2 Close 80% in 5 s and then close the other 20% in 30 s 
7 Valve 1 Close 90% in 5 s and then fully open in 5 s 
8 Valve 1 Close 90% in 30 s and then fully open in 5 s 
9 Valve 2 Close 90% in 5 s and then fully open in 5 s 
10 Valve 2 Close 90% in 30 s and then fully open in 5 s 

 786 
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Table 3 Experiment design for Case 1 788 

Experiment 
index Details of the experiment design Objectives of the experiment 

E1 

For each demand scenario in Subcase 
1, Be = 2076.6 s/m2 (determined by Eq. 
9), r ranges from 0 to 1 with an interval 
of 0.1 for nodes 2 and 3. 

To investigate the transient impacts 
induced by different demand allocation 
strategies when the values of B for series 
pipes are identical.  

E2 

For each demand scenario in Subcase 
2, Be = 2645.4 s/m2 (determined by Eq. 
9), r ranges from 0 to 1 with an interval 
of 0.1 for nodes 2 and 3. 

To investigate the transient impacts 
induced by different demand allocation 
strategies when the values of B for series 
pipes are different. 

E3 

For each demand scenario in Subcase 
2, r = 0.5 for nodes 2 and 3, Be ranges 
from 3244.7 to 1442.1 s/m2, 
corresponding to De ranging from 200 
to 300 mm with an internal of 10 mm. 

To investigate the transient impacts 
induced by the adjustments of pipe 
attributes, as well as to explore the 
relative importance of the transient 
impacts induced by demand allocations 
and pipe attributes. 

 789 
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Table 4 Optimized demand allocation coefficients (r) of the proposed TBM-Max 791 
for different demand scenarios of the two subcases of Case 1 792 

Demands at Nodes 
2 and 3  

(L/s) 

Subcase 1  Subcase 2 

r1 r2  r1 r2 

2 0.47 0.18  0.78 0.69 
4 0.46 0.18  0.78 0.71 
6 0.44 0.17  0.78 0.72 
8 0.42 0.16  0.77 0.72 
10 0.40 0.15  0.76 0.73 

Note: r1 and r2 represent the two optimized demand allocation coefficients in sequence for the 
skeletonization of series pipes [2], [3] and [4]. 
 793 

 794 
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Fig. 1 Illustrative example of series pipes with internal demands for the two-step 

skeletonization: (a) the original system; (b) Step 1: the internal demand 

allocation; and (c) Step 2: merging pipes in series  

Fig. 2 Probabilistic evaluation of nodal demand effect: (a) probability density 

functions (PDFs) for different static attributes (S = 20, 50 and 100 m0.5); (b) 

statistical parameter mapping of maximum probability and expectation for 

nodal demand effect ( ) with respect to the static attributes (S) 

Fig. 3 Flowchart for the implementation procedure of transient-based 

skeletonization method in WDS models 

Fig. 4 Network layouts of two studied cases: (a) a simple transmission pipeline 

system; (b) the realistic network in MOD  

Fig. 5 Ranking and CDF results of different skeletonization methods for subcase 

1 with (a, c) for errmean and (b, d) for errext  

Fig. 6 Ranking and CDF results of different skeletonization methods for subcase 

2 with (a, c) for errmean and (b, d) for errext 

Fig. 7 Boxplots of the maxium errors of the assessment metric values for 

different demand scenarios. Results of (a-c), (d-f) and (g-i) refers to E1, E2 and 

E3 in Table 3 respecitively. Red line is the median value. 

Fig. 8 Boxplots of the mean errors of assessment metric values for different 

demand scenarios. Results of (a-c), (d-f) and (g-i) refers to E1, E2 and E3 in 

Table 3 respecitively. Red line is the median value. 

Ψ



Fig. 9 Layouts of the skeletonized systems produced by the proposed TBM-Max 

for Case 2. (a) Etol = 0.001, skeletonization level is 39.9% (Level 1); (b) Etol = 0.01, 

skeletonization level is 62.3% (Level 2); and (c) Etol = 1.0, skeletonization level is 

67.9% (Level 3) 

Fig. 10 Histplot of the demand allocation coefficients for the skeletonized system 

using TBM-Max with Etol = 1.0 (Level 3) 

Fig. 11 Ranking results of the metrics errmean (a, c, e) and errext (b, d, f) for 

different skeletonization methods. (a, b), (c, d) and (e, f) are related to the 

skeletonized systems of Levels 1, 2 and 3, respectively. 

Fig. 12 CDF results of the metrics errmean (a, c, e) and errext (b, d, f) for different 

skeletonization methods. (a, b), (c, d) and (e, f) are related to the skeletonized 

systems of Levels 1, 2 and 3, respectively. 

Fig. 13 Results of transient pressure traces at different nodes (refer to Fig. 4) in 

different cases 

 




