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Optimisation of pumping and storage design through iterative hydraulic adjustment 
for minimum energy consumption
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aSenior Water Engineer, Water Infrastructure, GHD Pty Ltd, Melbourne, Australia; bDepartment of Water Supply, Sanitation and Environmental 
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ABSTRACT
Water distribution networks (WDNs) require large capital investment and ongoing operational costs, 
resulting in their optimisation being a highly researched field. Despite the benefits tanks bring to 
networks, most optimisation models omit them as decision variables due to the complexity they can 
introduce to heuristic approaches. This paper addresses the least-cost optimisation of WDN design and 
operation through the development and application of the Small-network Configurator for Optimising 
Pump Energy consumption (SCOPE). The SCOPE algorithm incorporates pipes, pumps and tanks as 
decision variables and solves the optimisation problem through an iterative approach that pairs 
EPANET simulation results with subsequent hydraulic calculations to converge on the pumping and 
storage configuration which yields the lowest energy consumption. The SCOPE output can then be used 
to seed further optimisation techniques. This approach has been tested on the synthetic Nametown and 
real-life Dili networks and demonstrated annual cost savings of 10% and 25%, respectively.
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Introduction

Water Distribution Networks (WDNs) typically represent the 
most significant component of a water utility’s total assets 
(Moneim, 2011; VEWIN, 2017). Furthermore, the operation of 
most WDNs requires substantial expenditure, predominantly 
consisting of electricity costs associated with pump energy 
consumption within the network (Giacomello, Kapelan, and 
Nicolini, 2013). Therefore, the optimisation of WDNs (both 
design and operation) presents water utilities a significant 
opportunity to minimise cost and maximise performance.

WDN optimisation problems are inherently complex and 
nonlinear in nature due to their combinatorial set of compo-
nents and hydraulic behaviour (Verleye and Aghezzaf, 2016). 
The advancement of computational processing power has 
facilitated the use of higher-level optimisation techniques 
such as evolutionary algorithms (EAs), multi-method searching 
and hyper-heuristics to optimise WDNs (Mala-Jetmarova, 
Sultanova, and Savic, 2017).

A review of existing literature conducted by Mala-Jetmarova 
et al., (2017) found that the relative majority (41%) of 288 papers 
focussed on the optimisation of WDN design and noted that tanks 
were often omitted as decision variables, despite the multiple 
benefits they bring to a WDN (Batchabani and Fuamba, 2014). 
Furthermore, research efforts that focus on the operational opti-
misation of WDNs are typically framed as pump scheduling pro-
blems for existing infrastructure which, again, neglects tanks as 
decision variables. Therefore, this paper aims to contribute to the 
emerging set of optimisation problems concerned with minimis-
ing WDN cost over its design life (capital and operational 

expenditure) by incorporating tanks as decision variables. The 
novelty of the approach presented lies in configuring the decision 
variables associated with pumping station design (duty head, duty 
flow and variable speed pattern), tank design (location, elevation 
and volume) and operation (initial level, minimum and maximum 
levels) for a given network by iterative, incremental hydraulic 
adjustment whilst adhering to minimum performance levels 
(minimum nodal head and maximum allowable unit headloss in 
pipes). The optimal tank location is determined by assessing all 
possible locations and returning the location which produces the 
lowest capital and operational expenditure (CAPEX and OPEX) 
after a net present value (NPV) calculation. This is obtained by 
iteratively simulating a tank connected at every node in combina-
tion with the associated pumping station design such that its flow 
rate is fixed at the network’s average daily demand (and thus, 
consumes the least energy for that tank location). As the pre-
sented methodology does not simultaneously solve for all WDN 
decision variables, the result yielded cannot be said to be the 
global optimum, however, it approaches the global optimum by 
returning the pumping and storage configuration which produces 
the minimum pumping energy consumption for the network 
without changing its pipe diameters unless a critical unit headloss 
is exceeded. For this reason, the approach lends itself to pre- and 
post-processing to further refine the network which is explored 
further in the methodology section. The result is an algorithm 
capable of processing real-life WDN problems where system con-
figuration and operation are both optimised with limited compu-
tational resources. Furthermore, it is one of the few methodologies 
which incorporates the decision variables associated with tank 
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design into the optimisation procedure to minimise pump energy 
consumption (Batchabani and Fuamba, 2014).

The layout of the paper is as follows: the introduction is 
succeeded by a background information section that reviews 
the current state of literature concerning the optimisation of 
WDNs over its entire lifecycle by including tanks as decision 
variables. The methodology section follows and describes the 
development of SCOPE – the Small-network Configurator for 
Optimising Pump Energy consumption. This tool is then 
applied to two cases: a synthetic network (case study 1) and 
the real-life network of Dili, Timor-Leste (case study 2). The 
results are discussed observing SCOPE’s advantages and limita-
tions. Finally, the conclusions and recommendations for further 
research are noted.

Background

Approximately 60% of literature optimisation models have pipe 
diameters as their only decision variable despite WDNs being 
made up of pipes, pumps, tanks and valves over an almost 
infinitely variable geometry and configuration (Mala- 
Jetmarova et al., 2017). With gradually increasing computa-
tional power at their disposal, researchers have begun to inte-
grate pumps, tanks and valves into their optimisation models. 
Pumps and tanks have an interdependent relationship and 
their configuration and interaction influences both capital and 
operational cost. As such, they should be considered simulta-
neously to optimise WDNs to reach the best solution for the 
total economic cost (Walters et al., 1999). The primary advan-
tage of water storage is balancing the peaks and troughs of the 
demands placed on the network, water treatment facilities and 
raw water abstraction. Consequently, the capacity of each 
component in the entire raw water abstraction → water treat-
ment → water distribution chain may be reduced, presenting 
significant capital and operational savings to the water utility. 
Secondary advantages of incorporating water storage within 
a network include stabilised system pressures and water 
reserves which can ensure continuous supply in extreme events 
such as fires, pipeline bursts and power outages.

Water storage can be positioned as either in- or on-ground 
reservoirs or elevated tanks. Elevated tanks are subject to engi-
neering economy feasibility limits which restrict their capacity 
to approximately 9,000 m3 (Krug and Ghadban, 2004), whereas 
in- or on-ground reservoirs are not limited in volume. Water in 
elevated storage tanks ‘floats’ on the connected network’s 
hydraulic grade line, which facilitates indirect pumping – 
a supply regime where a pump is disconnected from respond-
ing to the network’s daily demand profile through the flow 
balancing functionality the tank provides. Conversely, direct 
pumping meets 100% of the network’s demands in real time 
through the pump which is governed by the dynamic system 
curve of the network. In- or on-ground reservoirs can also 
behave as floating tanks, provided they are located at strategic 
points in the topographical landscape with sufficient elevation. 
Krug and Ghadban, (2004) note that indirect pumping in com-
bination with floating storage offers the following advantages 
over direct pumping: i) reduces pumping peaks, ii) stabilises 
pressures in response to fluctuating demands, iii) provides 
reliable water supply at constant pressure, iv) prevents 

contaminating inflow at pipe leaks and joints by ensuring con-
sistently elevated pressures, v) facilitates levelling of pumped 
flow at average daily demand, vi) eliminates the need for a wide 
range of pump sizes, vii) reduces pumping costs – especially if 
the electricity provider implements a peak/off-peak price struc-
ture, viii) piping to the tank needs only to be designed for 
average network flow instead of peak flow, ix) provides 
immediate response to calamities such as pipe bursts and 
power outages, x) delivers immediate firefighting flows and 
pressures and xi) dampens hydraulic transients caused by sur-
ging or water hammer.

Krug and Ghadban, (2004) go on to identify the potential 
degradation of water quality as the primary drawback of water 
storage. This can be due to increased residence time in tanks, 
additional water stagnation within non-recirculation areas 
within tanks, the development of biofilms on tank walls and 
contamination risks. Compared to direct pumping alone, other 
disadvantages associated with water storage include: i) land 
cost within cities may be prohibitively expensive/challenging 
to procure, ii) may be aesthetically displeasing, iii) require 
labour for regular cleaning, iv) potential variations in water 
age, v) vulnerable to natural disasters, such as earthquakes 
and hurricanes, vi) prone to freezing in extremely cold climates, 
vii) water unpalatable and prone to biological growth at high 
temperatures in extremely hot climates and viii) vulnerable to 
security issues such as vandalism and terrorism.

The extent to which previous least-cost optimisation studies 
have considered tanks in their optimisation problem depends 
on either the tank parameters that have been included as 
decision variables or fixing different tank scenarios to investi-
gate the effect on the optimisation process (Stokes, Maier, and 
Simpson, 2016). The simplest form of incorporating tanks into 
the optimisation problem involves a binary decision variable for 
a tank of known parameters as performed on the Anytown 
network by Johns et al., (2014). Tanks can also be included as 
discrete decision variables for specifying location only (Wu, 
Simpson, and Maier, 2010) and integer decision variables for 
sizing and location (Fu et al., 2013). However, to fully design 
a tank the following parameters need to be specified: a) loca-
tion, b) length and diameter of the riser, c) minimum and 
maximum operational level, d) emergency volume, e) top 
level, f) shape and g) height/diameter ratio (Vamvakeridou- 
Lyroudia, Walters, and Savic, 2005). Except for the location, all 
other parameters are used to determine the tank volume at 
certain moment in time, which is then used as a key decision 
variable in a heuristic optimisation problem. The tank shape 
can be specified later based on common engineering 
knowledge.

Optimisation methods which include tanks as decision vari-
ables started with linear programming gradient (LPG) methods 
(Alperovits and Shamir, 1977) and nonlinear programming gen-
eralised reduced gradient methods (Lansey and Mays, 1989) 
before trending towards heuristic methods, corresponding 
with the increased computational power available by the late 
20th century. The most common heuristic methods are varia-
tions of evolutionary algorithms (EAs) such as Genetic 
Algorithms (GA) (Dandy and Hewitson, 2000; Murphy, Dandy, 
and Simpson, 1994; Ostfeld, 2005; Prasad, 2010; Rogers et al.,  
2009; Savic and Walters, 1997; Vamvakeridou-Lyroudia, Walters, 
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and Savic, 2005), Non-dominated Sorting Genetic Algorithms 
(NSGA-II) (Basupi and Kapelan, 2015; Fu et al., 2013; Stokes, 
Simpson, and Maier, 2015; Wu, Simpson, and Maier, 2008,  
2010) and Borg multi-objective evolutionary algorithms (Borg 
MOEA) (Stokes, Maier, and Simpson, 2016). Less common heur-
istic methods include Ant Colony Optimisation (ACO) methods 
such as the one employed by Shokoohi et al., (2017) where tank 
heads were incorporated into the multi-objective optimisation 
problem as a decision variable. However, the above heuristic 
approaches used in WDN optimisation are computationally 
expensive, and their search space can become unfeasibly 
large with a high number of decision variables.

To address this issue, heuristic methods have been simpli-
fied by employing a hybrid approach. Research efforts have 
incorporated traditional analytical approaches within heuristic 
approaches which take advantage of their computational effi-
ciency to reduce the size of the search space, thus improving 
the overall optimisation performance (Haghighi, Samani, and 
Samani, 2011; Krapivka and Ostfeld, 2009; Loganathan, Greene, 
and Ahn, 1995; Zheng, Simpson, and Zecchin, 2011). Owing to 
new optimisation solvers offering increased computational effi-
ciency, more recent research has returned to using traditional 
analytical approaches exclusively such as the iterative LP-NLP 
method introduced by Qiu et al., (2020) or the hybrid type 
combinations of the heuristic and traditional methods 
(Giacomello, Kapelan, and Nicolini, 2013). These methods 
demonstrate several advantages compared to heuristic meth-
ods including increased robustness in the face of increasing 
loading conditions, parameter tuning is no longer required and 
decreased computational burden. The Qiu et al., (2020) 
approach was further developed into a tri-stage method, by 
introducing a middle step in the two-stage process which 
converted the split-pipe design output of the first LP stage to 
discrete, commercially available pipe diameters before apply-
ing the final NLP stage which established the new flow distri-
bution which minimises the WDN operational cost (Qiu, Housh, 
and Ostfeld, 2021).

The research presented in this paper offers an alternative to 
analytical and heuristic optimisation methods through the 
development of the less computationally demanding SCOPE 
algorithm that utilises incremental hydraulic adjustment based 
on hydraulic model (i.e. EPANET) simulation results to optimise 
the pumping and storage configuration. The SCOPE results are 
then post processed using a single-objective, single-constraint 
Genetic Algorithm to optimise the pipe diameters. Similar 
methodologies have proven to be successful, such as Kandiah 
et al., (2012) who won 3rd place in the Battle of the Water 
Networks II (BWN-II) (Marchi et al., 2014) by utilising a Genetic 
Algorithm to optimise the Anytown network in which their 
level of effort for manual pre-processing was classified as 
three out of a maximum of four. Kandiah et al., (2012) utilised 
an engineering approach to develop an initial solution to the 
BWN-II design problem and then further refined the optimisa-
tion procedure by reducing the decision variables to 396 (down 
from an estimated 4,000) prior to submitting to a GA for pro-
cessing. In contrast, the SCOPE-based methodology omits the 
need for engineering judgement to reduce the decision vari-
ables prior to GA application by establishing the pumping and 
storage configuration which yields the lowest energy 

consumption. This removes tank location, tank elevation, tank 
balancing volume (BV), pump duty flow, pump duty head and 
pump variable speed pattern prior to processing with 
a subsequent GA, greatly simplifying the optimisation 
procedure.

Hydraulic relationship between storage and pumps

The role and basic hydraulic operation of pumps and tanks is 
well known. Yet, their individual design will largely depend on 
their interactions in the network, which has implications on the 
formulation of the optimisation problem setup. These implica-
tions are briefly elaborated on in this section.

To achieve all the benefits that balancing storage tanks 
bring to a network, they must be correctly sized to balance 
the full daily demand variation. If a tank’s BV is undersized 
causing a net loss of water at the end of a 24-hour period, the 
capacity of the network’s pumps may be exceeding during the 
subsequent peaks in demand, resulting in inadequate service 
levels to consumers. Therefore, the final tank level at the end of 
the day should be equal to or greater than the initial tank level, 
thus preventing loss of water over a longer period. Based on 
this condition, the theoretical BV can be graphically determined 
by plotting the cumulative water demand and supply profiles 
and taking the sum of the two greatest distances between the 
curves. Smet et al., (2002) demonstrates this concept in Figure 1 
for a given network demand profile and three different pump-
ing scenarios. The pumping scenarios are two 6-hour, 12-hour 
and 24-hour constant rate pumping, and their corresponding 
BV can be graphically calculated by BV = C’-C”+D’-D”, BV = C’-C 
+D-D’ and BV = A-A’+B-B’. The required balancing volumes in 
this example are approximately 76%, 22% and 28% of the net-
work’s daily demand for scenarios 1, 2 and 3, respectively. The 
BV can also be calculated numerically as per Equation 12. In 
practice, complex networks make it difficult to achieve 100% 
balancing and therefore the correction of tank levels is regu-
larly achieved by (automatic) adjustment of pumping sche-
dules. These adjustments can, however, result in additional 
energy costs on account of underutilised BV, labelled ‘demand 
balancing volume’ in Figure 2. As tank functioning is intrinsi-
cally linked to the pumping scheme supplying the network, 
each pumping scheme produces a unique BV that satisfies the 
network’s demand pattern. Thus, to minimise the costs, the 
optimisation problem must be defined with attention to both 
the BV size and the pumping schedule.

In addition to BV, tank volume consists of other provisions, 
namely: emergency, overflow, pump switching and ‘dead’ volu-
metric components, as shown in Figure 2. The emergency 
volume is the second major provision for extraordinary condi-
tions such as power outages, pipe bursts or firefighting load. 
Some risk assessments will be used for design purposes, but in 
practice, the emergency volume is often constrained by con-
struction feasibility and water quality problems arising from 
extended periods of stagnation. Therefore, it is rarely selected 
as decision variable in WDN optimisation.

Of the three pumping schemes shown in Figure 1, the con-
stant rate pumping over the 24-hour duration yields the lowest 
pump energy consumption as the BV of the tank facilitates the 
lowest constant flow rate from the pump. Unnecessary increase 
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in pumping will automatically result in underutilisation of the 
BV. On the other hand, if the available BV is less than 100% of 
the network’s required BV, the pumped flow rate will tend to 
increase towards the direct pumping case with the peaks and 
troughs smoothed out by the operation of the tank. The extent 
to which the tank can smoothen the variation in demand is 
a function of its volume, leading to a hypothesis that there is 
a relationship between the BV in a network and the pump 
energy consumption; both of which contribute cost compo-
nents (tanks predominantly capital cost and pump energy 
consumption exclusively operational cost) to the total cost 
that should be minimised.

The above is illustrated in Figure 3, where a numerical 
hydraulic model (MS Excel) was set up to investigate the effect 

of incrementally reducing the utilised BV of a tank from 100% to 
50% by reducing its diameter. The model is hypothetical as it 
allows the water level in the tank to reach unrealistic heights to 
reduce the utilised BV by effectively throttling the pump with-
out implementing pump controls. The numerical model was 
initialised with the following inputs: Δz = tank height above the 
pump, D = tank diameter, h(t = 0 h) = tank initial level, QD =  
pump duty flow and HD = pump duty head. Reducing the 
tank diameter and increasing the pump duty head such that 
the tank final level equalled the initial level after 24 hours had 
the effect of forcing the pump to respond to a greater portion 
of the instantaneous demand without implementing pump 
controls. The subsequent response is shown below the corre-
sponding tank functioning for volumes 100%, 75% and 50% of 
the total BV. It can be observed that even in the case of 100% 
BV available, the pump response is influenced by the variable 
head imparted on the pump due to the changing water level in 
the tank. The ‘Actual Balancing Performance’ of the tank can be 
described as the percentage of BV minus the area under Qavg 

which is bounded by Qin and will tend towards 100% as Qin 

approaches Qavg. As the utilised BV reduces, the pumped flow, 
Qin, tends towards the daily demand profile, gradually emulat-
ing the direct pumping supply scenario, i.e. increasing the 
pumping energy consumption.

The simple example above demonstrates that the maxi-
mised utilisation of BV can only be achieved with constant 
pump operation at the average daily demand, which, in turn, 
results in the lowest energy consumption. However, actual 
pump operation typically varies in response to the varying 
pressures and demands of the network, as governed by its 
pump characteristic curve. As such, to minimise the pumping 
costs, it is necessary to introduce a variable speed pump (VSP) 
and controls to ensure constant operation. Furthermore, the 

Figure 1. Graphical determination of required storage volume (Smet et al., 2002).

Figure 2. Water storage volume composition (Trifunović 2020b).
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pump can be designed such that its point of maximum opera-
tional efficiency coincides with the average daily demand. 
EPANET, the application for modelling drinking water distribu-
tion systems developed by Rossman, (2000), can be used to 
model constant pump operation at its point of maximum effi-
ciency by first modelling its pump characteristic curve as 
a single-point pump curve, where a head-flow combination 
which represents a pump’s desired operating point is defined 
by duty head, HD, and duty flow, QD. This relationship is gov-
erned by the following equation and the corresponding pump 
curve as shown in Figure 4 (Rossman, 2000): 

H ¼ 4
3 HD �

HD
3QD

2 � Q2 (1) 

Following pump and network set up, hydraulic simulations in 
EPANET can then be used to plot the pressure profile 

experienced by the pump throughout a 24-hour extended 
period simulation (EPS). From this, a pump speed setting can 
be calculated using the pump affinity laws shown in the follow-
ing equations: 

Q1
Q2
¼ N1

N2
(2) 

H1
H2
¼ N1

N2

� �2
(3) 

where N1 gives the pump speed multiplier with respect to its 
default speed, by setting N2  = 1. Equation 1, Equation 2 and 
Equation 3 can be manipulated to derive an expression for 
pump speed, N(t), which produces the average daily demand, 
Qavg, for the head at each time step, t, during the day.

This is done by substituting H = H2 and Q = Q2 in Equation 1, 
then rearranging Equation 2 and Equation 3 to form an expres-
sion for Q2

2 which is then back substituted into Equation 1 and 
Equation 3 in order to obtain Equation 4. 

N1 ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
3QD

2H1þHDQ1
2

4HDQD
2

q
(4) 

Recognising that fixing QD = Qavg ensures that the selected pump 
operates at its highest efficiency and letting N1 = N(t) and H1 = H(t) 
to obtain a general expression of pump speed as a function of 
time step, t, the above expression for N1 simplifies to: 

N tð Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
4þ

3H tð Þ
4HD

q
(5) 

which can be used to compute the VSP pattern. This pattern 
will force the pump to operate at its theoretical highest effi-
ciency point, QD, across the day.

The above is illustrated in Figure 5 for a simplified hydraulic 
model, where the standard pump characteristic curve, shown in 

Figure 3. Tank and pump response to 100%, 75% and 50% of network balancing volume.

Figure 4. Single-point pump curve for duty head, HD, and duty flow, QD adapted 
from Rossman, (2000b).
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red, is moved up or down as required by altering the VSP speed 
setting, N(t), for each time step. The green and blue curves 
show the maximum and minimum speeds that the pump is 
required to operate, where N = 1.023 at 17:00 hours, and N =  
0.956 at 02:00 hours, respectively. The relatively low range of 
pressures results in a narrow range of pump speeds, whereas 
the range of fluctuating pressures is likely to be larger in real- 
world cases, justifying VSP selection.

Methodology

Problem statement

The optimal design of WDNs incorporating tanks should pro-
vide a least-cost solution over the infrastructure’s lifetime whilst 
ensuring nodal demands are met with sufficient pressure. Using 
simplified engineering economy approach demonstrated by 
Trifunović, (2020a, 2020b), this can be expressed by minimising 
Total Annual Expenditure (TAE) as follows: 

Minimise TAE ¼ CpþCvþCtþCpuð Þ�r
1� 1þrð Þ

� n þMpþMv þMt þMpuþ Opu

(6) 

where Cp, Cv, Ct and Cpu represent the capital expenditure 
of the network’s pipes, valves, tanks and pumps, respec-
tively. The loan conditions required to service the capital 
costs are given by r (annual interest rate) and n (number of 
annual repayments). Mp, Mv, Mt and Mpu indicate the 
annual maintenance costs associated with the network’s 
pipes, valves, tanks and pumps, while the final term Opu 
captures the energy cost drawn by the pumps within the 
network.

The above optimisation objective function (Equation 6) is 
subject to the following constraints: 

Hi � Hi;min for i ¼ 1; . . . ;NJ (7) 

Sj ¼
Δhj

L
(8) 

Sj � Sj;max for j ¼ 1; . . . ;NP (9) 

TL t¼0ð Þ � TL t¼24ð Þ (10) 

σpumped ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

1
24

P24

t¼1
Qpumped tð Þ � Qavg
� �2

s

< σallowable (11) 

where each node i (of total number of junctions, NJ) must have 
a minimum head greater than the minimum pressure require-
ment, Hmin. The unit head loss, Sj, in each pipe j (of total number 
of pipes, NP) must be less than the maximum unit head loss 
requirement (Smax). The tank final level, TL(t = 24), must be equal 
to or greater than the tank initial level, TL(t = 0), to prevent water 
loss over an extended period. Finally, the standard deviation of 
the pumped flows, σpumped, from the average pumped flow, 
which is equal to the average daily demand, Qavg must be less 
than σallowable to enforce pump operation within acceptable 
tolerance from Qavg. In addition to the aforementioned con-
straints, the optimisation problem is also subject to the physical 
constraints: i) conservation of flow and ii) conservation of mass 
which are handled by EPANET’s hydraulic engine.

The decision variables are (1) tank location, (2) tank eleva-
tion, (3) tank BV, (4) pump duty flow, (5) pump duty head, (6) 
pump variable speed pattern and (7) commercially available 

Figure 5. Variable speed setting, N, such that pump operates at average flow, QD.
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pipe diameters. Other variables that form input into optimisa-
tion problem but are not optimised are tank emergency 
volume, tank initial level, tank diameter and tank maximum 
level. These are set based on common engineering practice.

Solution method
The above optimisation problem is to be solved for the net-
work’s maximum daily demand profile to ensure system redun-
dancy for lower consumption days, using the following 
procedure:

(1) Pre-processing: WDN partitioning into network seg-
ments modelled with one pump and one reservoir 
with no pressure reducing valves (PRVs) to ensure com-
patibility with SCOPE.

(2) SCOPE application: Network segments submitted for 
processing by SCOPE to return the VSP and tank config-
uration which yields the lowest pump energy consump-
tion at the location coinciding with the lowest CAPEX 
and OPEX.

(3) Post-processing: A single-objective implementation of 
a GA is applied post SCOPE processing to further opti-
mise the pipe diameters.

The above steps are required to be executed independently 
and are further elaborated in the following sections.

Pre-processing (WDN partitioning)

In SCOPE’s current form, it is limited to processing small net-
works which consist of one pump, one source (modelled as 
a reservoir in EPANET) and no PRVs. This limitation can be 
bypassed by partitioning larger networks into smaller network 
segments which comply with SCOPE’s requirements. Networks 
with multiple pumps are to be partitioned by summing all the 
nodal demands upstream of the pump and adding them into 
the last node prior to the pump. The network segments down-
stream of the pump are to be removed from the original net-
work and modelled as a standalone network by replacing the 
node prior to the pump with a reservoir with a total head equal 
to the minimum total head that the intake side of the pump 
experienced during the entire network’s extended period simu-
lation (EPS). Finally, all PRVs are to be removed from the net-
work model segments prior to submission to SCOPE for 
processing. While SCOPE is not suitable for all networks, it can 
be applied to more complex networks containing pumps sup-
plying segments which can be modelled on their own, as 
shown in Case Study 2.

SCOPE application

The Small-network Configurator for Optimising Pump 
Energy (SCOPE) is a heuristic algorithm that produces 
a network with the pumping and storage configuration 
with the minimum energy consumption whilst adhering to 
the hydraulic constraints outlined in Equation 7 to 
Equation 11. As the minimum pressure constraint 
(Equation 7) can only be met by increasing either the pump-
ing head, the static head contribution from water level 

within the tank or by enlarging pipe diameters for a given 
network, SCOPE systematically converges on these para-
meters through incremental hydraulic adjustment until it 
reaches its stopping criteria (defined by Equation 7 to 
Equation 11) and moves to the next parameter. As SCOPE’s 
functionality to adjust pipe diameters is limited to enlarging 
pipes which exceed a maximum headloss threshold 
(Equation 9), the algorithm’s output cannot be said to be 
the theoretical global optimum of the network. However, for 
a network of given pipe diameters it establishes the tank 
location, tank elevation, tank BV, pump duty flow, pump 
duty head and pump variable speed pattern which yields 
the minimum pump energy consumption. Therefore, SCOPE 
is ideally suited as a precurser to network optimisation 
through the application of evolutionary algorithms as it 
greatly reduces the search space by heuristically determining 
the aforementioned decision variables.

SCOPE was developed by using the Python programming 
language in conjunction with the Water Network Tool for 
Resilience (WNTR), an open-source Python package developed 
by Klise et al., (2017). The SCOPE flowchart is shown in Figure 6. 
The key steps of this method are as follows:

(1) SCOPE loads an EPANET input file and then prompts the 
user to specify the remaining inputs: 1) pipe installation 
cost table, 2) uniform roughness value for new pipes, 3) 
minimum nodal pressure, 4) maximum allowable unit 
head loss, 5) balancing tank minimum and maximum 
levels, 6) typical power outage duration (used to size the 
emergency volume portion of the tank), 7) tank connec-
tion length and diameter, 8) global pump efficiency, 9) 
allowable standard deviation of pumped flow from aver-
age, 10) energy price, 11) operation and maintenance 
rates and 12) loan interest rate and repayment period. 
The basic costing framework applied with the financial 
input parameters follows the approach presented by 
Trifunović, (2020a, b).

(2) SCOPE calculates the demand balancing volume, BV, 
based on the graphical method of plotting the cumula-
tive water demand and supply profiles (refer Figure 1) 
over 24 hours by taking the sum of the two greatest 
distances between the curves as per Equation 12 
shown below: 

BV ¼ Δt �
Ptmax

t¼0
Qin � Qoutð Þ þ

Ptmin

t¼0
Qin � Qoutð Þ

�
�
�
�

�
�
�
�

� �

(12) 

where Qin = Qavg = tank inflow (m3/h), Qout = tank outflow (m3/ 
h), Δt = Extended Period Simulation timestep, 

tmax ¼ t such that max Δt �
Pt

1
Qin � Qoutð Þ : t ¼ 1; � � � ; 24

� �

and tmin ¼ t such that min Δt �
Pt

1
Qin � Qoutð Þ : t ¼ 1; � � � ; 24

� �

. 

The emergency volume, EV, is calculated in a similar manner to 
Equation 12 with Qin being modified to Qin = Qavg prior to 
power outage | 0 during power outage |Qpump max after 
a power outage (m3/h) until recovery occurs as shown in 
Figure 7 and computed with Equation 13. 
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EV ¼ Δt �
Ptmax

t¼0
Qin � Qoutð Þ þ

Ptmin

t¼0
Qin � Qoutð Þ

�
�
�
�

�
�
�
�

� �

� BV (13) 

Equation 13 is performed for the nominated power outage 
duration starting at every timestep in a 24-hour period to 
determine the EV required to ensure continuous supply should 
the power outage occur during the most vulnerable time of 

the day. To illustrate this step, an example tank response to 
a 4-hour power outage is shown in Figure 7. SCOPE then 
calculates the required tank diameter using the minimum and 
maximum levels (user input 5) which yields a total volume of 
BV + EV.

(3) SCOPE then sets the source pump duty flow equal to the 
average demand and configures the EPANET model’s global 

Figure 6. SCOPE flowchart.

8 D. MILLER-MORAN ET AL.



pump efficiency (user input 8) and energy price (user input 10). 
SCOPE then commences to loop over every node in the net-
work and connect the tank (as sized in step 2) to the node 
which is the subject of the current loop iteration via a pipe of 
nominated length, diameter and roughness (user inputs 2 

and 7). SCOPE connects the tank such that it fills and empties 
from the bottom, resulting in the connected node experiencing 
pressure variations as a function of tank water level. This is 
aligned to EPANET’s modelling procedure for tanks. SCOPE 
then saves out each network after it has been hydraulically 
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Figure 7. Example balancing tank response to a 4h power outage.

Figure 8. Graphical representation of SCOPE’s step 3 procedure with quasi code.
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configured to produce the lowest pump energy consumption 
such that there will be NJ networks (Number of Junctions) with 
one tank connected to the subject node of the current loop 
iteration. Figure 8 graphically depicts the method with quasi 
code that SCOPE undertakes to configure each network 
hydraulically in which it performs a series of nested loops to 
incrementally adjust the following key parameters:

(a) Firstly, SCOPE runs a demand driven EPANET simulation 
with the tank connected to the current node and checks 
that the network has sufficient hydraulic conveying 
capacity to the tank location by checking that each 
pipe, for NP, does not exceed the maximum unit head-
loss threshold (Equation 9). If a pipe exceeds this thresh-
old, it is enlarged to the next commercially available 
diameter specified in the pipe installation cost table 
(user input 1).

(b) Secondly, SCOPE ensures that 100% of the tank’s BV is 
utilised by raising or lowering the tank initial level based 
on the tank final level at the end of the 24-hour EPANET 
simulation (Equation 10). Figure 8 (graphic b) depicts 
tank response that is losing water (red line) and gaining 
water (yellow line) which can be corrected to be 
balanced (blue line) at this step.

(c) SCOPE’s third nested loop raises or lowers the pump 
duty head and tank elevation such that the node 
which experiences the lowest pressure within the 
EPANET simulation is equal to the minimum nodal pres-
sure (user input 3). This ensures that the minimum 
pressure constraint (Equation 7) is not violated. 
Figure 8 (graphic c) depicts three tank elevations of 
which the middle corresponds to the elevation and 
pump duty head which satisfies the minimum pressure 
requirement.

(d) Within the loops above, SCOPE employs Equation 5 to 
compute the pump’s variable speed pattern which will 
result in the pump operating at its Duty Flow, Qavg. This 
step calculates the standard deviation, σpumped, of the 
pump’s actual flow, Q(t), and if the result is greater than 
σallowable (user input 9) SCOPE will recompute the VSP 
pattern (Equation 11).

(e) Upon completion of steps a, b, c and d, the network can 
be considered as configured to consume the lowest 
energy consumption for the tank connected to the sub-
ject node. The final EPANET simulation is used to record 
the hydraulic performance of the network. SCOPE calcu-
lates the CAPEX and OPEX for this network configuration 
and then moves onto the next node in the original net-
work until all the nodes have been processed.

(4) Finally, SCOPE saves the modified EPANET configuration 
with the tank location and pump duty head that produce the 
least energy consumption along with the calculated Total 
Annual Expenditure (TAE given by Equation 6) and publishes 
the results to Excel. The results can be sorted by TAE in ascend-
ing order to identify the location of the tank which produces 
the least-cost design.

Post-processing (pipe diameter optimisation)

At the end of the SCOPE application, the pumping and storage 
configuration is established, i.e. the following decision variables 
are determined: (1) tank location, (2) tank elevation, (3) tank BV, 
(4) pump duty flow, (5) pump duty head, (6) pump variable 
speed pattern and (7) pipe diameters (which originally 
exceeded Equation 9). These results can be used to seed heur-
istic approaches to further optimise pipe diameters. To demon-
strate this, Hadka’s, (2019) implementation of a single-objective, 
single-constraint Genetic Algorithm has been employed to opti-
mise the pipe diameters of the SCOPE processed network gov-
erned by Equation 6 and Equation 7. The genetic operators 
selected were as follows: population size = 100, generator = ran-
dom generator, selector = tournament selector of size 2, cross-
over = half-uniform crossover and mutator = bitflip mutation 
where Hadka’s (2019) default threshold probabilities for cross-
over and mutation were utilised (Holland 1992).

Case study 1: Nametown network

Description

SCOPE was first tested on the adapted Nametown network 
(Trifunović 2020a) shown in Figure 9, which is supplied via 
a direct pumping regime (i.e. no tank). The EPANET network 
model consists of 57 nodes supplied from a single source, 
labelled ‘S1’, through a semi-looped configuration. The mini-
mum pressure and maximum allowable unit head loss were 
chosen at 20 mwc and 10 m/km, respectively. An energy price 
of 0.15 EUR/kWh and a 20-year loan repayment period at 6% 
interest per annum were selected as inputs of the SCOPE cost-
ing model. The original Nametown network was modified to 
emulate a fully flat topography by setting all the nodal eleva-
tions to zero in order to investigate the optimal balancing tank 
location for a network subject only to friction losses, i.e. ampli-
fying the influence of network resistance.

Results

Based on the applied diurnal patterns and assuming constant 
supply from the source, the total theoretical BV of 1,470 m3 

required for the network was calculated (Equation 12) using the 
principles illustrated in Figure 1. With the emergency storage 
set at 1,110 m3, the combined storage volume of 2,580 m3 

should ensure continuity of water supply in response to the 
assumed 3-hour power outage at the most vulnerable time of 
16:00 hours; a moment when the tank is at emergency volume 
during regular supply. Based on this total volume, a tank height 
of 6 m and minimum level of 2.58 m were selected based on 
engineering judgement and input into the SCOPE algorithm 
(user input 5) which subsequently calculated the tank diameter 
to be 23.4 m to meet the network’s storage needs.

With the designed balancing tank tested at each node, 
SCOPE processed the network in under 5 minutes on 
a standard laptop (Intel® Core™ i5 with 4 GB RAM) and pro-
duced 57 hydraulically solved networks. Using the lifetime 
least-cost framework, SCOPE found the optimal tank location 
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at node c01, resulting in a total annual expenditure of EUR 
458,000, as shown in Figure 10. This result represents a 5% 
cost saving compared to the original network without the 
balancing tank. The optimal balancing tank location coincided 
with the location which yields the lowest pumping energy. The 
authors note that this may not always be the case, especially in 
networks with electricity block tariff structures.

With the SCOPE determined 7 decision variables set, the 
resultant network lends itself to post-processing with GA to 
further optimise the pipe diameters. With the pipe dia-
meters as the only decision variable and the minimum 
pressure requirement as the only constraint, the complexity 

of the GA is greatly reduced. The GA post-processing of 
Nametown with the balancing tank located at node c01, 
was executed in 110 minutes on a standard laptop. The 
results are summarised in Table 1 (where the GA post- 
processing yields a further 5% reduction in total annual 
expenditure for a total of EUR 435,000) and the resultant 
pipe diameters are displayed in Figure 11 along with the 
SCOPE determined VSP pattern. Using the GA as a post- 
processing tool on the SCOPE optimised network returns 
a combined saving in the total annual expenditure of EUR 
47,000, representing a total saving of 10% compared to the 
original Nametown network.

Figure 9. Nametown network layout (most critical node: e05 = 20.08 mwc @ 6:00 AM), adapted from Trifunović (2020b).

URBAN WATER JOURNAL 11



Case study 2: dili network

Description

The EPANET model of the proposed WDN of Dili (Timor-Leste), 
as developed by Seureca Veolia (2016), consists of 264 junc-
tions, 5 water sources, 13 storage tanks, 298 pipes, 5 pumping 
stations and 41 valves. Using the same engineering economy 
approach proposed by Trifunović, (2020a, b) and shown in 
Equation 6, the baseline cost of the future WDN of Dili com-
prises a total annual cost of USD 6.60 M, as shown in Table 2. 
This model network was selected as case study to test SCOPE 
because i) it is slated for replacement by 2030 and the new 
network is currently in the design phase, ii) Timor-Leste, being 
a developing nation, is subject to high electricity costs and 
frequent power outages making the incorporation of tanks 
within the network critical to its performance. Thus, the opti-
misation of the pumping and storage within the network would 
bring tangible benefits to the people of Dili. Preliminary runs of 
the model reflected a well-designed network from a hydraulic 
perspective, with most nodal pressures between 20 and 60 
mwc. Still, 14% of the nodes have their pressure below the 
minimum of 20 mwc considered as adequate service level. 
Furthermore, 6% of the Dili WDN pipes exceed the unit head 
loss threshold of 10 m/km according to the simulation results.

In line with SCOPE’s limitations, the Dili WDN was parti-
tioned into six network segments which complied with the 

one source and one pump requirement as displayed in 
Figure 12 Using EPANET water quality simulations to trace 
the sources allowed further simplification by removal of 
minor water sources which gravity-fed the Dili Main net-
work segment. Dili Main was excluded from SCOPE applica-
tion because it is gravity-fed and thus has no benefit of 
pumping energy optimisation. Further adaptation included 
modelling a source reservoir on the intake side of the pump 
supplying each network segment with a total head equal to 
the minimum pressure head observed in the node con-
nected to the pump intake in the full-scale network EPS.

Dili RHS main SCOPE results

The SCOPE algorithm was used to process all the segments 
depicted in Figure 12 (excluding Dili Main) and was followed by 
post-processing as described in the methodology section of 
this paper. However, for brevity, only the results for the indivi-
dual network segment Dili RHS Main are shown here.

SCOPE took less than 5 minutes of computational time to 
process the network. The results for total annual expenditure 
and energy consumption for each possible tank location are 
shown in Figure 13. As it can be seen from this figure, the tank’s 
optimal location is at node ‘R_HERA_2’ with a height of 17.1 m 
above ground. The node ‘R_HERA_2’ is a zero-demand node 
placed in EPANET to facilitate the connection of a tank at the 

Figure 10. Nametown SCOPE processed results for total annual expenditure and pumping energy consumption for each possible tank location.

Table 1. Decision variables and resultant financial summary for SCOPE and GA post-processed Nametown network (in EUR).

Decision Variable/Cost Component

Network Variant

Nametown - Original SCOPE-Processed GA Post-Processed

Decision Variable Tank Location - c01 c01
Tank Elevation - 26.6m 26.6m
Tank Balancing Volume - 1,470m3 1,470m3

Tank Emergency Volume - 1,110m3 1,110m3

Pump Duty Flow 540m3/h 370m3/h 370m3/h
Pump Duty Head 65m 34.8m 34.8m
Pump Variable Speed Pattern - Refer Figure 11 (A) -
Pipe Diameters Refer Figure 9 Refer Figure 11 (B) Refer Figure 11 (C)

Cost  
Component

CAPEX Pipes 2,434,649 2,584,543 2,243,529

Pumping Station 1,227,730 907,505 907,505

Tank - 637,818 637,818
Sub-Total 3,662,379 4,129,866 3,788,852
Loan Repayment 319,303 360,061 330,329

OPEX Operation 126,388 61,326 69,717

Maintenance 36,728 36,175 35,084

Total Annual Expenditure 482,419 457,562 435,130
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natural ridgeline in the topography. Therefore, the minimum 
pressure requirement of 20 mwc does not apply to this node, 
and the tank can be placed on the ground rather than atop an 
elevated structure of 17.1 m (which when combined with the 
2.9 m emergency volume satisfies the minimum pressure 
requirement). Due to the Dili RHS Main network’s topography, 
this is only one of two feasible nodes at which the tank can be 
connected and the construction height is kept under 50 m.

Table 3 compares the pre- and post-SCOPE application para-
meters and produces a capital and operational cost saving of 
approximately USD 53,000 and USD 1.45 M, respectively. The 
large operational cost savings arises from a human error in the 

original network design where the duty head of the pump was 
approximately double what it needed to be. This excess head was 
then wasted at a PRV downstream.

Dili RHS Main post-processing results

The Dili RHS Main segment consists of 30 pipes with a total 
length of approximately 21 km. The GA optimisation 
required 10,000 generations to converge on the optimal 
pipe diameters and took 10 minutes to execute. As 
a result, the optimised pipe diameters require a capital 
investment of USD 2.59 M compared to USD 3.80 M for 

Figure 11. Optimised decision variables where (a) shows the SCOPE determined pump variable speed pattern, (B) shows the SCOPE determined tank position and pipe 
diameters and (C) shows GA post-processed pipe diameters.

Table 2. Baseline cost for the proposed Dili WDN (in USD).

Component CAPEX

OPEX

Annual ExpenditureLoan Repayment Energy Consumption Maintenance

Pipes 20,590,793 1,795,199 - 102,954 1,898,153
Valves 588,040 51,268 - - 51,268
Tanks 7,123,919 621,096 - 56,991 678,087
Pumping stations 3,638,923 317,258 3,585,843 72,778 3,975,880

Total Annual Expenditure: 6,603,388
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the original network representing a total capital expendi-
ture saving of USD 1.21 M. Furthermore, this CAPEX saving 
translates to an overall lower lifetime cost saving of USD 
2.31 M due to lower loan repayments. As the minimum 
pressure constraint of 20 mwc is not violated (which can 
be seen in Figure 14, where the most critical node, J132, 
experiences a minimum pressure of 20.43 mwc at 08:00  

hours), the GA optimised network represents a near- 
optimal design from an investment perspective.

Creating the optimised Dili WDN

Following the optimisation process, the Dili WDN (with its 
individually optimised segments reconnected) is shown in 
Figure 15. This figure shows the optimal location of the Dili 
network’s balancing tanks with their volumes calculated to 
balance the network and provide coverage for a 3-hour 
power outage. Additional parameters such as critical pipe 
diameters (pipes which exceed the maximum unit headloss 
constraint, Equation 9), duty head, duty flow and variable 
speed pattern of the pumps, as determined by SCOPE, have 
also been updated into the optimised model of the Dili WDN. 
Table 4 presents a cost summary for the SCOPE processed Dili 
WDN with a bottom-line annual cost of USD 5.14 M, which 
translates to a 22% reduction from the original annual cost of 

Figure 12. Partitioned Dili WDN.

Figure 13. Dili RHS Main network SCOPE results.

Table 3. Comparison of the original and SCOPE processed parameters for the 
Hera pumping station.

Hera Summary
Original 

Configuration
SCOPE 

Optimised
Cost 

Savings

Duty Flow (m3/h) 750 724
Duty Head (m) 300 157
Annual Energy Consumption 

(kWh/year)
7,070,044 3,626,555

Pump Investment Cost (USD) 1,948,035 1,894,725 −53,310
Annual Energy Cost (USD) 2,969,419 1,523,153 −1,446,266
Annual O&M Cost (USD) 38,961 37,894 −1,066

Total Annual Savings: −1,500,642
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USD 6.60 M. These savings can be extrapolated out over the 
20-year payback period of the Dili network to a saving of USD 
29 M.

Table 5 displays the estimated pipe costs for the post- 
processed (i.e. further GA optimised network), where the total 
capital investment cost is USD 1.89 M cheaper than that of the 

SCOPE processed Dili WDN (USD 4 M over 20-year loan payback 
period). A slight increase in annual energy consumption can be 
observed and is due to the reduced (optimised) pipe diameters. 
However, the pump, tank and valve investment costs remain 
unchanged. Thus, the SCOPE application yields annual savings of 
22%, which, when combined with the additional 3% from the GA 

Figure 14. Dili RHS Main SCOPE + GA post-processed pressure distribution.

Figure 15. Optimal location of the Dili network’s balancing tanks, as determined by SCOPE.

Table 4. SCOPE optimised Dili network financial summary (in USD).

Component CAPEX

OPEX

Annual ExpenditureLoan Repayment Energy Consumption Maintenance

Pipes 20,852,258 1,817,995 - 104,261 1,922,256
Valves 529,480 46,162 - - 46,162
Tanks 8,069,914 703,572 - 64,559 768,131
Pumping stations 3,113,037 271,409 2,071,802 62,261 2,405,471

Total Annual Expenditure: 5,142,021
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parameters, totals annual savings of 25% compared to the original 
Dili network (USD 31 M over a 20-year loan payback period).

Discussion

The SCOPE-based methodology introduced here cannot guar-
antee attainment of the global optimum, as it sequentially 
optimises different parameters, and it involves WDN segmenta-
tion in the case of more complex networks. However, SCOPE 
has been shown to produce the pumping and storage config-
uration for a network of given pipe diameters which produces 
the lowest energy consumption at the least-cost tank location. 
The subsequent optimisation of pipe diameters with a GA can 
then be said to obtain near-optimal pipe diameters for the 
given SCOPE processed network. It is worth noting that the 
Dili network is significantly more complex than some test net-
works which optimisation methods have been tested on in the 
literature, such as Anytown in the Battle of the Water Networks 
II (Marchi et al., 2014) and that the methodology presented in 
this paper still showed significant benefit (25% total annual 
savings). These results can be said to approach the global 
optimum design as they are demonstratively better than the 
base network. As the theoretical global optimum design is 
subject to the accuracy of the engineering economy model, 
future demand forecasting and growth of the network it is 
impossible to quantify the SCOPE-based results against the 
theoretical global optimum with a 100% confidence level. The 
results show that SCOPE is a proven tool that can handle the 
complexities of real-world networks while delivering tangible 
savings to the practising engineer based on the hydraulic 
principles presented in this paper. The authors acknowledge 
that the Dili network required significant pre-processing prior 
to the application of SCOPE, most notably in the form of 
partitioning the network into suitable segments. Distinct 
advantages that the SCOPE and GA optimisation 
procedures offer over other methods in literature are that the 
design and operation of network are optimised simultaneously 
to produce a least-cost network (CAPEX and OPEX) over a given 
planning horizon. Furthermore, it is one of the few methodol-
ogies within the body of literature on WDN optimisation that 
can accurately return the decision variables associated with 
tank design (location, elevation and BV) to produce a network 
with minimum pump energy consumption.

Conclusion

This paper presents a new SCOPE-based methodology for 
the optimisation of WDN configuration and operation. The 
methodology starts with pre-processing complex networks 

into segments, followed by the application of the new 
SCOPE method that optimises the pumping and storage 
configuration which yields the lowest energy consumption. 
This solution can then be used to seed a Genetic Algorithm 
(or other heuristic optimisation) based model to further 
optimise pipe diameters.

The new methodology was successfully applied to and 
demonstrated on the synthetic Nametown and real-life Dili 
networks, resulting in total annual savings of 10% and 25%, 
respectively, when compared to the original networks. 
Therefore, the end result is a WDN with near-optimal config-
uration and operation based on sound engineering principles 
obtained in a computationally fast manner (minutes rather 
than hours or days).

The limitations of SCOPE-based WDN optimisation metho-
dology include the requirements of networks having to be 
supplied from one source by one pump, and without any 
PRVs in the model. Additionally, SCOPE does not possess the 
functionality to split the entire network’s balancing volume 
over multiple locations, which may or may not present 
a lower lifetime cost. However, this problem can be bypassed 
by adopting a sectored approach where complex networks are 
partitioned into smaller sub-networks, and then optimised 
independently.

Recommendations for future research include expanding 
SCOPE’s functionality to enable splitting the entire network’s 
balancing volumes over multiple locations and sources. 
Another area identified for further work includes combining 
SCOPE and the GA to allow the algorithm to accept pipe 
diameters as decision variables. This would enable the selec-
tion of larger pipe diameters to reduce the pump energy 
consumption, possibly leading to an overall least-cost design. 
As the SCOPE-based methodology optimises WDNs based on 
the demand profile of their maximum consumption day, 
further investigation is needed to understand the year- 
round energy implications. Additionally, the pumping regime 
could be further refined in response to dynamic electricity 
prices if SCOPE was expanded to account for block tariffs. 
Future works could also be undertaken to upgrade SCOPE to 
a multi-objective algorithm to include water age to combat 
the issue of water quality degradation in tanks. Furthermore, 
in the context of climate change, the authors believe that the 
further development of SCOPE’s costing model to include 
penalties for GHG emissions would be beneficial. Finally, 
future studies may wish to build a probability density func-
tion based on local conditions into the algorithm which 
calculates the required emergency storage volume to express 
water supply continuously for a known percentage of power 
outages.

Table 5. GA optimised Dili network financial summary (in USD).

Component CAPEX

OPEX

Annual ExpenditureLoan Repayment Energy Consumption Maintenance

Pipes 18,996,000 1,656,158 - 94,980 1,751,138
Valves 529,480 46,162 - - 46,162
Tanks 8,069,914 703,572 - 64,559 768,131
Pumping stations 3,113,037 271,409 2,074,078 62,261 2,407,748

Total Annual Expenditure: 4,973,179
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