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Abstract 14 

Urbanization is taking place rapidly, while the planning of energy, water and resource capacities in 15 

many cities especially in developing countries is lagging behind. Motivated by the lack of transparent 16 

data-driven decision-making support, a systematic methodology to support sustainable development 17 

emphasizing the energy-water nexus and multiple resource systems is developed. It serves as an open-18 

source integrated tool to advice the planning and operation considering social, environmental and 19 

economic sustainability globally. Several applications of the platform are demonstrated based on a sub-20 

Saharan African metropolitan area. The outputs depict energy, water, and other resource demand, 21 

supply and transport on multiple spatiotemporal scales, which are used to indicate cost effective and 22 

environmentally friendly development strategies. The total Greenhouse Gas emissions associated with 23 

the nexus are minimized to 0.56 tonnes CO2 equivalent per capita in 2030, resulting to a 51.4% reduction 24 

compared with the business-as-usual scenario, while providing sufficient resources to address 25 

sustainable development goals. 26 
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1. Introduction 29 

The sustainable provisioning of water, energy, and other resources for growing populations and 30 

the subsequent processing and management of waste and pollution are recognized as fundamental 31 

issues for human society (Menger-Krug et al., 2013; Ramaswami et al., 2016). It is predicted that 32 

more than 70% of the population in the whole world will live in cities by 2050, making 33 

urbanization essential to be considered in governmental decisions (Clark, 2003). The associated 34 

resource demand and supply become a major challenge in designing and operating city 35 

infrastructures such as electricity, water, gas, and transport networks, as well as wastewater and 36 

municipal solid waste handling (Bai et al., 2011; Lorek and Spangenberg, 2014). Many global and 37 

regional initiatives have been formed to provide feasible solutions to facing urban water and energy 38 

systems and therefore guide sustainable development (Lu et al., 2015; Urbaniec et al., 2016; Weitz 39 

et al., 2015). The United Nations Rio+ 20 summit committed member states to launch a set of 40 

Sustainable Development Goals (SDGs) (Griggs et al., 2013; United Nations General Assembly, 41 

2015), for which both water and energy are vital to the delivery of city services and interlinked as 42 

a nexus in urban design and operation. Urban water and wastewater utilities consume a 43 

considerable amount of energy to provide water supply and sanitation services. At the same time, 44 

the generation of electricity and heat requires reliable water sources. These are addressed in SDG 45 

6 to ensure availability and sustainable management of water and sanitation for all, and SDG 7 to 46 

guarantee universal access to modern energy services with improved efficiency and increased 47 

renewable sources (Chen and Chen, 2016; Hussey and Pittock, 2012; Zhang and Anadon, 2013).  48 

However, joint achievement of multiple SDG targets was rare and many concerns have been raised 49 

about its feasibility (Gao and Bryan, 2017). Existing models for city simulation, planning, and 50 

optimization are normally domain based, and there exists a gap for an integrated platform using 51 

bottom-up tools to account both human behaviours and technology advances especially in energy, 52 

water, and resource sector (Wang et al., 2018). Current widely adopted energy systems analysis 53 

tools such as HOMER (Brandoni and Bošnjaković, 2017; Lambert et al., 2006) and TIMES (Daly 54 

and Fais, 2014) seldom addresses the interlink with other resource systems, facing both 55 

engineering and socio-technical complexities. On the other hand, the macro economy is only 56 

simulated at the level of aggregate sectors restricting capability to measure income distributions at 57 

the individual level (Kilkiş, 2016). A systematic approach is lacking to assess cross-effects of 58 

multiple plans and designs, and thereafter evaluate optimal strategies to inform infrastructure 59 

investment and operation decisions to reach development targets, letting alone utilizing limited 60 

funds as effectively as possible in real-world policy making (Nilsson et al., 2016; Villarroel Walker 61 

et al., 2014). The rapid population growth and large scale pollution of fresh water by industries has 62 
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resulted in an urgent need to roll out affordable water and wastewater treatment technologies 63 

(Gleick and Ajami, 2014). Similar problems exist in the energy sector in terms of delivering 64 

reliable supply through clean energy technologies with minimal risk of supply disruptions 65 

(Kemausuor et al., 2011; Mandelli et al., 2014).  66 

Computer simulation and optimization tools can provide substantial decision support by test the 67 

feasibility of emerging technologies ex-ante and investigate whether implementation will be 68 

impactful (Hering et al., 2013; Lam et al., 2017). It is thus imperative to fill the gap in 69 

sustainability-aware planning by building an integrated decision support system that can convey 70 

the present situation with suggested solutions for decision makers aided by intelligent models 71 

(Coutinho-Rodrigues et al., 2011; Fiksel, 2003). Moreover, energy equity especially for developing 72 

countries cannot be neglected in the rapidly evolving smart city landscape (Anadon et al., 2015). 73 

The implementation of programmes to reach SDG targets is to be carried out from international to 74 

city scales for worldwide prosperity in the long term. We have therefore developed the resilience.io 75 

platform as an open-source test bed to enhance the understanding of urban socio-technical systems 76 

by providing insights on both current and future resource demand and supply, especially those 77 

implied by affecting the SDGs under various social, economic and environmental scenarios. Its 78 

effectiveness has been validated through a series of initial applications in Africa (“Case Studies - 79 

resilience.io,” 2017). 80 

This work has developed an integrated platform to deal with the above-mentioned challenges. 81 

Section 2 will first describe the overall framework, data structure, and workflow of the 82 

platform, followed by further discussions of the three core components, i.e., social-83 

demographics, resource demand, and supply technologies respectively. Section 3 illustrates 84 

how the whole framework is applied to a city region to achieve the cost effective and resilient 85 

development strategies of the energy-water nexus. Conclusions are discussed in Section 4 with 86 

future work proposed. 87 

2. Framework and methodology: Sustainable, Resilient and Smart Cities 88 

The resilience.io platform can model the spatiotemporal economics of a city and its hinterland, 89 

hereby to create visibility on interconnected use of water, energy and material resources, and the 90 

impacts of technology, policy, and planning decisions to improve the management of resource flow 91 

and utilisation. A series of economic, environmental, and social impact metrics are accounted. 92 

Current city demographics, infrastructure and social-economic information published by 93 

government are fully taken as the initial state of the studied urban region. Detailed spatial and 94 

temporal resource and demand for the present and future situation, obtained by multi-agent 95 
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simulation, are generated to examine existing the capacity utilization and the needs for future 96 

expansions. Supply-side matching is carried out on an economic and environmental cost optimal 97 

basis. Three different approaches are combined to materialize the platform as illustrated in Fig. 1 98 

for the entire framework with a user interface linked to the studied region. 99 

2.1 Data structure and model components 100 

The developed platform and results are able to promote a systematic understanding of urban 101 

metabolism and resource systems by incorporating three distinct components interconnected with 102 

input and output data. The starting point is the regional datasets which describe the population and 103 

its characteristics, such as income status and infrastructure access. These parameters are pre-104 

processed into one spreadsheet, namely a population master table, where each row denotes the 105 

Fig. 1 Using the resilience.io decision support platform to collaboratively plan urban water, energy 

and resource systems: (a) Workflow of the platform; (b) GIS-based simulation interface. 

(a) 

(b) 
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number of population members with a unique set of characteristics. The demographics module as 106 

the first component to provide input for further simulation and optimization, updates the number 107 

of people in each category based on birth rates, death rates, migration and economic changes. The 108 

updated master table for future years forms the basis for the demand simulation. Similarly, a second 109 

table for characteristics of commercial, institutional and industrial users is also built based on pre-110 

processing the raw data: registered water users at the Ghana Water Company (GWC) combined 111 

with validated localised water use statistics. Second validations were carried out to ensure bottom-112 

up estimates were valid with total top-down aggregate water use measured by GWC (Koppelaar et 113 

al., 2018). The second table is also updated in the demographics module. These master tables lay 114 

the foundation for further analysis of the demand side management for water, energy, and many 115 

other resources through a bottom-up approach, realized by the second model component of Agent-116 

Based Modelling (ABM). It generates a synthetic population from the master table datasets and 117 

simulates their activities correspondingly. The behaviours of agents then lead to the real-time 118 

demand of water, energy and waste treatment. The results of demand vectors that need to be met 119 

in current and future years from the ABM simulation are further used as input data, along with the 120 

spatially outlined existing infrastructure with its technological specification to conduct the supply-121 

side matching. It is implemented through Resource-Technology Network (RTN) optimization 122 

accounting economic, environmental, and even social objectives, as the end point module in the 123 

platform’s articulation (Dimitriadis et al., 1997; Samsatli et al., 2015). 124 

To assure its open-source non-commercial nature to support urban development at any level, the 125 

whole platform is built from scratch in Java. Users are allowed to define input parameters, such as 126 

the social-demographic parameters, the behavioural rules and the economic metrics through the 127 

user interface. Several input and output file formats are adopted for data transferring between 128 

modules, including Geographic Information Systems (GIS) with shape files for spatial analysis 129 

and visualization, database files for data input, transfer and storage, and mathematical packages to 130 

enable faster solutions and accommodate large scale problems. The output values are analysed 131 

with a series of post-optimization calculations and adjust the inputs through a feedback loop. 132 

This section elaborates on the model components by first describing demographic and socio-133 

economic data processing and model construction on multiple spatiotemporal scales. The ABM 134 

simulation component follows to show how to establish the methodology to generate useful 135 

demand files as results. The last part continues to describe in detail the functional specifications of 136 

the RTN optimization model, including the interpretation of input data and output visualization.  137 

2.2 Demographics and socio-economic workflow 138 
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This model component can generate and update the socio-demographic and economic data in any 139 

future years selected by users. A population master table is created, in which each row states the 140 

number of people with a unique set of characteristics (e.g. city district, gender, age, employment, 141 

income and infrastructure access). These values are integrated based on a distribution of the full 142 

set of variables from open sources and locally collected data, thereby containing all possible 143 

combinations of characteristics with the number of population members and households that have 144 

this set of values. The variable distribution in the master table was built using ranking-based 145 

sequential association of characteristics informed by the relations of household types with certain 146 

socio-economic characteristics and access to facilities.  147 

The calculations are done on a yearly basis, such that a new master table is generated for the 148 

simulated forward year based on that of the previous year. All significant factors to demographic 149 

changes are considered, including the rate of births, deaths, ageing, immigration and emigration, 150 

and employment change. After updating population age, for each spatial area and category, the 151 

number of people in that category are updated via: 152 

 

( 1) ( ) ( ) ( )

( ) ( )

Population t Population t Births t Deaths t

Immigrations t Emigrations t

+ = + −

+ −
                                       (1) 153 

The parameters used in the model are specified according to interrelations, such as death rates per 154 

age group and migration based on existing location patterns. The demographic change rates are 155 

applied to each category, as a row in the table, proportionally to the number of people so that the 156 

distribution between household types is fixed. After an estimation of demographic changes in 157 

population, adjustments can be further made to evaluate different socio-economic scenarios (e.g., 158 

the ratio of employed people, income level changes etc.). It is assumed that employment will grow 159 

from the current situation to a maximum level (Emax) according to the regional characteristics. The 160 

parameter of employment change rate (ECR) can be estimated following a logistics S-curve type 161 

function with respect to the variable of employment ratio (remp) (Hastings, 2013), which is 162 

implemented as:  163 

( )
( ) 0.05 ( ) 1

emp

emp

max

r t
ECR t r t

E

 
=   − 

 
                                                           (2) 164 

Similarly, the master tables containing non-residential information are also simulated. The numbers of 165 

companies and institutes can be forecasted from societal economic information, or updated based on 166 

population and economic evolvement if no direct data available. An example is given by equation (3), 167 

which suggests that a higher employment change rate (ECR) and more employment in a sector implies 168 

more companies and thus more resource requirements. 169 
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 170                                                     (3) 

It is noted that while the population data is cumulative, a limit was implemented on years to be simulated 171 

(e.g., 20 years from a base year of 2010 until 2030), as the results would become less and less realistic 172 

if extrapolated too far into the future. The strength of the proposed models is relying on the widely 173 

available information in terms of key social-demographic and economic indicators from international 174 

and regional census and reports for historical records. 175 

2.3 Agent-based modelling for demand simulation  176 

Agent-based simulation models make the next key component of the platform. Agent-Based Modelling, 177 

as a computational method that builds models composed of autonomous agents to interact within an 178 

environment, enables simulating the dynamics of a complex system (Jackson, 2010). The ‘ODD’ 179 

(Overview, Design concepts, and Details) protocol as a standard layout for describing individual- and 180 

agent-based simulation models is adopted in this session to explain the modelling structure and 181 

simulation techniques (Grimm et al., 2010, 2006). 182 

First of all the purpose of using ABM in this work is to provide solutions for urban resource systems 183 

planning through an integrated decision support platform, which is desired for sustainable city 184 

development combining bottom-up and top-down approaches. ABM can model resource consumption 185 

patterns in a bottom-up approach directly linked to human activities, taking a variety of sectors such as 186 

residential, commercial, industrial, and transportation into account. Since this approach simulates 187 

individual agent’s behaviours over time, it can be regarded as a spatially explicit micro-simulation 188 

process that is capable of involving each unique entity’s behavioural characteristics and goals.  189 

Next the full set of state variables is described. The low-level variables associated with individuals 190 

include age, gender, work force, income rank, home location, and access to infrastructure related to 191 

resource use. Therefore agents’ behaviours and consumption strategies are distinguished by the 192 

combination of characteristics. The higher-level entities are then formed by a population consisting of 193 

individuals within each zone or functional region. Finally, the model's spatial and temporal scales can 194 

be defined according to different planning purposes. For example, the model loads a map of all districts 195 

in the focused region from geographic shape files in the case study, and creates a number of agents with 196 

each drawing characteristics from a row in the corresponding year’s master table to populate this area 197 

through a stochastic process. The simulation is conducted over any long-term period (e.g., a whole day 198 

of 24 hours) by tracking the states of all agents every 5 minutes. 199 

( 1)  (1 + ( ) ( ))company company ECRN tN t t + =
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The process overview and scheduling is elaborated below. Agents here represent individual citizens 200 

based on the parameters that are listed in the population master table to define the uniqueness of a 201 

population member. An agent factory is built to define the population data and behavioural rules, and a 202 

synthetic population of the studied region is generated, chosen by the user to be large enough for a 203 

statistically representative sample of all variation in the population (e.g. several thousand to over ten 204 

thousand agents as proportional to the total population). The behaviours of each agent, as defined by 205 

their individual characteristics, lead to the final demand for resources, which can be tracked per agent 206 

or per district in which the agents live and work. A user interface is developed to simulate the selected 207 

region with flexibility to change agents and simulation settings, such as factors to fit consumption levels 208 

per person, tariffs of resource usage, and human faecal waste generated per toilet use. 209 

The design concepts adopted by the platform are explained by the procedures of demand-side simulation 210 

first: 211 

1. The synthetic population is generated from a pre-processed master table that represents the actual 212 

population with socio-economic variants. 213 

2. The demands for water, electricity and other resources are estimated based on agents’ activities 214 

in all zones defined in the context manager. 215 

3. Output data is visualized and connected to optimization model.  216 

The key outputs of the model as emerging from the individuals’ traits are the aggregated demands in 217 

each region. The environment including natural (e.g., temperature, precipitation) and social perspectives 218 

(e.g., transportation status, income levels) can drive people or agents to change their behaviours with 219 

respect to resource consumption. Most importantly, the model is able to make predictions of societal 220 

changes under future scenarios when the economy evolves and therefore generate demand profiles in 221 

the target year for sustainable development goals to be met. The stochastic feature is also captured by 222 

inserting random variables into each agent’s behaviour rules as compensation for neglecting interactions 223 

among agents. 224 

All agents are initialized using the agent factory associated with the master tables and distributed by 225 

population density in each zone of the whole context. A simulation over one day starts from 0 am, from 226 

which on the behavioural rules are defined by input data based on temporal and spatial activities 227 

corresponding to their characteristics. A representative demonstration of input is listed in equation (4) 228 

where a whole set of activities N is introduced to describe the activity patterns APa of each agent a. 229 

Each specific activity n (ACTn) is conducted at the mean starting time MTn with a standard time 230 
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deviation of SDn and a probability of starting PSn. These probability-based models can fully describe 231 

all agents’ activities and denote their locations at each time step.  232 

                                                                                         233 (4)                                     

On top of the activities, the time-varying consumption of water, energy and other resources is 234 

analysed and described by regression functions from reported and survey data (Metcalf & Eddy, 235 

Tchobanoglous, G., Stensel, D. H., Tsuchihashi, R., & Burton, 2003). The time-dependent 236 

formulae are tested and validated by comparison with historical and current trends so they can 237 

describe the tendency and value range of demand data. According to the activity-based usage data 238 

patterns, regression functions, such as polynomial or sum of sine regression models are adopted to 239 

estimate diurnal patterns within the desired goodness-of-fit level. In this case, not only are 240 

residential water and energy demands obtained through agent-based simulation, but also the 241 

demands from industrial, commercial, and institutional operations are aggregated from the 242 

company master tables by their average usage. For the energy sectors in the following case study, 243 

the usage is converted into electric energy in units of MJ or kWh for direct supply-demand 244 

matching. The multi-agents simulation can provide information on water, energy and other 245 

resource consumption on a fine-grained spatial and temporal scale when used independently. On 246 

the other hand, it can also be combined with socio-demographic forecasts and the resource-247 

technology network to fit the insufficient or unreliable data sources for the optimization model.  248 

2.4 Resource-technology network modelling for optimal supply 249 

The RTN component further uses the generated spatiotemporal demands to dispatch the supply side 250 

according to the current and future infrastructure and associated investment and operational costs as 251 

well as greenhouse gas (GHG) emissions. The optimization is based on a comprehensive technology 252 

datasets, part of which is outlined in Table 1 below.  253 

Table 1. Key facts of technology datasets for source water treatment, wastewater treatment, and 254 
electricity generation (Wang et al., 2017). 255 

Technology 

Process Block 

Typical 

Nameplate 

Capacity 

CAPEX/ USD 

O&M 

Costs/ 

USD per m3 

or kWh 

GHG/ 

kg CO2 eq 

per m3 or 

kWh 

Central source water 

treatment plant 

10,950,000 m3 per 

year 
45,197,947 0.230 0.017 

Borehole pumping 

systems 

150,000 m3 

per year 
3,325,541 0.337 0.0065 

Bottled water packaging 
14,400 m3 

per year 
2,478,334 302 2.10 

Sachet water packaging 1,100 m3 per year 43,065 25.6 1.39 

Desalination treatment 

plant 

21,900,000 m3 per 

year 
130,000,000 1.50 4.27 

( )   , , , ,a n n n n a
AP ACT MT SD PS n N 
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Central wastewater 

treatment plant 

6,935,000 m3 per 

year 
53,398,778 0.190 0.04 

Decentralized activated 

sludge treatment 

478,124 m3 

per year 
1,516,850 0.206 0.01 

Waste stabilization 

ponds 

2,748,450 m3 per 

year 
14,145,810 0.255 0.38 

Active aerated closed 

tank microbial treatment 
12,775 m3 per year 244,500 1.21 0.01 

Anaerobic 

digestion/biogas 

73  m3 per year 

(Farm) 
3,092 0.070 0 

850,122 m3 per 

year (Large) 
7,711,704 0.0139 0.022 

Fossil-fuel power 

stations 

250 MW (Coal) 3,118,121,818 0.0264 5.933 

125 MW (Gas) 339,200,683 0.0350 2.203 

Hydroelectricity stations 
1 MW (Small) 7,287,273 0.0130 0.0237 

590 MW (Large) 3,125,979,139 0.00716 0.0243 

Photovoltaic solar 

power stations 

10 MW (PV) 72,081,785 0.000304 0.121 

25 MW (Solar 

thermal) 
288,011,509 0.0436 0.098 

Wind power stations 
1.5 MW (Onshore) 6,526,731 0.0178 0.035 

1.8 MW (Offshore) 18,449,956 0.0504 0.0107 

 256 

These parameters for the “process blocks” built in the model are derived from reported or experimental 257 

data, material flow analysis, and life cycle assessment. Each number used in the model is calibrated 258 

across multiple sources and available in the platform as a technology database. The interrelationship 259 

between the water and energy systems is addressed through material and energy balances at the whole 260 

system, district and technology levels.  261 

The main optimization problem is formulated as a mixed-integer linear programming (MILP) with an 262 

objective function described in equations (5) and (6) to minimize the multi-objectives of capital 263 

expenditures (CAPEX), operating expenditures (OPEX), and environmental impacts quantified by 264 

GHG emissions.   265 

                                                                                               266 (5) 

WT (m, tm) represents weighting factors for all metrics m,   267 

Where j technologies include electricity generation plants, water and wastewater treatment facilities. 268 

Spatial districts are indicated by i (and i’ as an alias denoting a distinct district fort flows and 269 

, '

, '
(6)

,    ( , , ) ( , , ) ( , , , ) ( , , , )  

( , , ) ( , ') ( , , ', , )

( , ) ( , ') ( , , ', )

( , , ) ( , ,

(

)

)

,

j i j i t

i i r t

i i r

i r t

t tm VIJ j i m INV j i m VPJ j i t m P j i t m

VQ r t m dist i i Q r i i t tm

VY r m dist i i Y r i i tm

VI r t

VM

m IM r i t tm

=  + 

+  

+  

+ 

    

  

 

  

,  )  ( ),(
m

Z m mWT tm VM tm= 
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connectivity). m represents each term in the objective function including metrics for CAPEX, OPEX, 270 

and environmental costs. t and tm are both time periods but different scales as minor (peak, normal, off-271 

peak hours during a day) and major (each year, or multiple years in a row), respectively.  Finally, r 272 

stands for the resources evaluated in the model including raw water, process chemicals, electricity, 273 

wastewater, solid waste, labour and many other related resources. For all terms that make up the total 274 

value of metrics in the objective function, VIJ (j, i, m) is the CAPEX of a single technology j in district 275 

i, and INV (j, i, tm) is additional investment of technology j in district i during time period tm. VPJ (j, i, 276 

m) is the metric of OPEX to operate technology j in district i, and P (j, i, tm) is the production rate of 277 

technology j in district i during time period tm. VQ (r, m) is the unit cost associated with resource r 278 

flowing, and Q (r, i, i’, t, tm) is the total flow rate of resource r from district i to i’ during time period t 279 

and tm. It is noted that the cost of flowing resources is also distance dependent so that the unit flow 280 

costs is multiplied by the distance between two ends i and i’. Similarly, the costs of building additional 281 

connections between two points for resource r from district i to i’ equals the unit cost of pipeline/grid 282 

VY (r, m) multiplied by distance, while the binary variable Y (r, i, i’, tm) denotes the existence of a 283 

connection or expansion. Last, the VI (r, m) is the unit cost of importing resource r and IM (r, i, tm) is 284 

the imported amount of resource r into district i during time period tm. 285 

The optimization model has a set of constraints categorized to: 286 

Technology and Investment balance/ limits,                              287 

                288                (7) 

Resource balance and capacity limits- mass and energy balance, 289 

  290 

Production limits based on capacities that account the total instalments (N), individual capacity (CAP), 291 

and capacity factor (CF):  292 

                                                                             293 

The flow limits based on pipe and grid connections and capacities are also posed, which are geometric 294 

distance related. Other realistic factors, including but not limited to pipe leakage and transmission loss, 295 

existing infrastructure set as a pre-allocation matrix, and ongoing construction projects are also 296 

incorporated in the model calculations.  297 

3. Case studies and results discussion 298 

, ,    ( ) ( , , 1   , ,( ) )N i tm N i tm INV ij j mj t= − +

, , ,      , , ,  ,  ,  ,( ) ( ) ( ) ( ) , –  ,  ,  , , , ,  ( ) (8)D r i t tm MU P j i t tm Q r i' i t tm Q r i i' t tm IM r i t tm=  +  +

( ) (, , ,  , , ) ( ) ( (9)) P j i t tm N j i tm CAP j CF j  
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To demonstrate its application, we use the platform to analyse energy-water nexus focusing on the 299 

provisioning of clean water-sanitation and electric power. The use cases are conducted for the city 300 

region of the Greater Accra Metropolitan Area (GAMA) in Ghana to enhance the local management of 301 

their urban environment and frame decision-making. The city is by functional definition divided into 302 

15 districts and studied with respect to their demographics, resource requirement and development 303 

plans. The base year of 2010 has an actual description of the full state of the focused region, with 304 

accurate information of populations and existing infrastructure from census, reports, literature and local 305 

sources (Ghana Statistical Service, 2012; International Energy Agency (IEA), 2016).  306 

The initial results show the population evolvement in GAMA from base year 2010 to 2030 with 307 

projected demographic developments. The incremental population growth every five years is indicated 308 

in Fig. 2 based on the social-demographic module prediction. The total population of the studied area 309 

is estimated to increase from 3.88 million in 2015 to 6.49 million in 2030, resulting a 67% increase 310 

owing to the emerging urbanization trend. The age distribution, employment rate and social structure 311 

are also updated every year. The master table associated with the case study outlines characteristics 312 

such as gender (female or male), age categories (0-14/15+ years old), workforce status (employed, not 313 

active, or unemployed), and income levels (low, medium, and high), access to water pipelines and 314 

sanitation facilities. This is used as the basis for all scenarios of demand simulation and supply 315 

optimization in the energy-water nexus. 316 

3.1 Energy-water Nexus in global practice 317 

Integrated resource management crossing multiple sectors such as water, energy, land use, food and 318 

waste from a nexus perspective can bring innovative insights and synergies in a whole system 319 

assessment (Foley et al., 2011; Liu et al., 2015). To show the economic and environmental benefits 320 

compared with an isolated plan, a study of the water, sanitation, and hygiene (WASH) sector is first 321 

Fig. 2 Population and demographic forecast of the studied GAMA region as foundation for social-economic 

simulation. 
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carried out using the proposed methodology and platform. Profiles of water demand and wastewater 322 

production from daily activities in the studied regions are captured over a day for all citizens, while the 323 

aggregated yearly demand is obtained for future planning as the population and social-economic 324 

conditions develop with time. The total water demand increased from 126 million m3 per year for the 325 

studied region in 2010, to 215 million m3 in 2030, as projected by the simulation model. Similarly, 326 

metrics such as the wastewater to be treated for each year or more segmented indicators for genders, 327 

income levels and other categories are also calculated in the results dataset as a basis for the supply side 328 

optimization. As another key part of WASH in urban development, the sanitation problem is 329 

simultaneously analysed by considering people’s behaviour of toilets use in daily activities. The 330 

Fig. 3 Temporal and spatial resource demand profiles are generated from activity models and visualized:  (a) 

Total toilet use per district per day. (b) Electricity demand as demonstrated per district over 24 hours daily in 

year 2030. 

(a) 

(b) 
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required amount of facilities are accounted by summing up visiting times at each location, considering 331 

that the probability of satisfying rigid demand (e.g., excretion) increases with time as defined by 332 

individual agent’s behaviour rules, the results of which are visualized in Fig. 3(a). The gap between 333 

current facilities and actual requirements for infrastructure indicate that an additional 234,000 private 334 

toilets and 2,500 public toilets are required on top of current conditions, and the total GAMA faecal 335 

sludge generated is to reach 8,700 m3 per day in 2030, when the Sustainable Development Goals aim 336 

to cover 100% toilets usage and waste treatment. 337 

Based on the demand simulation results, the subsequent supply side optimization module selects 338 

optimal investment and operation strategies for water treatment and distribution facilities to meet the 339 

increasing demand and SDGs. The model is initialized with the currently existing treatment plants and 340 

network, such as the centralized source water treatment plants in Ga South Metropolitan Area (GSMA) 341 

and Volta River region that satisfy 34% of total potable water demand at present. In the business-as-342 

usual case, only 20% of the total demand in 2030 can be served by the current capacity. Therefore the 343 

scientific planning of a sustainable development of its regional WASH sector is highly necessary. As 344 

the results shown in Fig. 4(a) for example, the suggested annual production rate of source water 345 

treatment plants for each district is visualized automatically from the platform. The maximum capacity 346 

is installed in Accra Metropolitan Area (AMA) due to the large number of population and corresponding 347 

resource demand, with an 88.8 million m3 per year production rate of treated potable water from the 348 

expanded facilities. The optimization program also selects GSMA and several other regions as optimal 349 

locations for investing additional source water treatment plants due to their geographical and economic 350 

advantages. In addition, the flows of treated potable water among districts via existing or expanded pipe 351 

infrastructure are illustrated in Fig. 4(b) as part of the development plans. The leaks through pipelines 352 

is a serious issue for the local water sector, the impact of which is also accounted in the scenarios by 353 

simulating various leakage ratios and repairing strategies. 354 

Fig. 4 Operational and investment strategies per district to meet 100% clean water supply targets by the year 

2030 (directly generated from the platform): (a) Production rates of source water treatment plants per district. 

(b) Transportation and flows of potable water (m3 per day). 

(a) (b) 
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Moreover, for the wastewater treatment system that is to be constructed from a less developed state, 355 

decentralized treatment sites with appropriate technologies are suggested by the model to be more 356 

efficient especially with respect to operating costs and GHG emissions. By expanding conventional 357 

water treatment at existing sites with building more efficient pipe distribution, accompanied by 358 

decentralized capacity of smaller-scale wastewater treatment systems, this combined strategy is proved 359 

to be more cost-effective in terms of a 16.3%  reduction (410 million USD that is equivalent to 63.2 360 

USD per capita) in capital expenditure and 8.5% (45 million USD, or 6.9 USD per capita) in operational 361 

costs per year on average, compared with the city-wide central supply or fully decentralized systems 362 

scenarios. More detailed operational and investment strategies to meet 100% clean water supply and 363 

wastewater treatment targets by the year 2030 are available in the result files returned from the platform 364 

use directly.  365 

We can now demonstrate how the urban energy-water systems and their nexus are studied as a whole 366 

in the platform.  The aim is to satisfy the rising energy demand associated with urban agglomerations 367 

including the requirement from the above studied WASH sector, but also to meet renewable energy 368 

targets that are set worldwide to provide sustainable energy supply and mitigate climate change risks. 369 

The electricity demand of the whole population is simultaneously estimated from agents’ temporal and 370 

spatial activity simulation as presented in Fig. 3(b) earlier, as a normal demand scenario. The results of 371 

power mix design from co-optimizing water and energy sectors to obtain minimum economic and 372 

environmental costs are illustrated in Fig. 5 under the low-consumption scenario. From the base year of 373 

2010 to future prediction into a 20-year development plan, a substantial increase in renewable 374 

generation capacity including photovoltaic (PV), wind and small hydro power stations is suggested. 375 

Demand increase, environmental adaptations, cost changes and potential policy intervention decide the 376 

future power mix all together. Besides the local generation plants, the required electricity can also be 377 

imported from other regions such as the West African Power Pool (WAPP) as an integrated regional 378 

electricity market. The balance between generation within the region and importing through 379 

transmission network is impacted by the real-time price to purchase electricity from the grid, which is 380 

Fig. 5 Optimal local power mix in a scenario to adopt mediate level consumption with time evolvement: (a) 

Base year 2010, (b) Future scenario 2030. 

(a)  (b) 
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a user-defined input in the model. A sensitivity analysis over the costs of imported electricity suggests 381 

partially relying on power pool importing is advantageous when it costs less than 0.342 USD per kWh 382 

in 2030, as results shown in Fig. 5(b) with 24% of total electricity imported from neighbourhood regions 383 

at a 0.187 USD per kWh import cost estimate. The electricity supply is also used to meet the water 384 

sector’s extensive power requirement considering the local expansions in source water treatment plant 385 

capacity, besides providing electricity to residential and other users. Sensitivity analysis has been fully 386 

conducted in the supplementary information. 387 

3.2 Effectiveness in governmental cross-sectors co-operative decision-making 388 

The resilience.io serves as an open-access decision support platform for not only understanding the 389 

overall energy-water landscape of the studied urban area, but also providing an environment for multiple 390 

sectors to collaboratively propose sustainable development strategies. This systematic approach leads 391 

to an affordable low-carbon development road map in the long term globally, with socio-economic 392 

scenarios addressed through continuous updates, forecasting and feedback over the whole system.  393 

The detailed costs breakdown based on the modelled investment and operation strategies from co-394 

optimizing the WASH and energy sectors in different scenarios are listed in Table 2.We highlight that 395 

the quantified environmental impacts along with economic costs of water and power systems as well as 396 

their nexus are obtained and compared. The conserved low-consumption scenarios are associated with 397 

lower demands of electricity to be satisfied, compared with the normal consumption scenarios that aim 398 

to satisfy individuals’ unmitigated demand with a trade-off in higher costs. The results prove that an 399 

aggressive investment plan to satisfy demand during 2010 to 2020 can compensate a major part of 400 

capital expenditures since then. Therefore, with scientific long-term planning, the infrastructure 401 

construction will not cause incremental investment although the population and corresponding demand 402 

are significantly increasing. A flexible financial model combined with this decision-support evidence 403 

is promising to attract funding from global investments or urban development funds, while the 404 

operational costs are reasonably affordable on a per capita basis from either utility bills or tax income. 405 

Table 2. Economic and environmental results in different consumption scenarios for 2010-2030. 406 

Scenarios 

Overall for water and energy sectors Per capita 

CAPEX/ 

USD 

OPEX/ 

USD per 

year 

GHG/ tonnes 

CO2 eq 

OPEX/ 

USD per 

year 

GHG/ tonnes 

CO2 eq 

Conserved low-

consumption in 2010-

2020 

86.7 

billion 
199 million 6.36 million 51.3 1.64 

Conserved low-

consumption in 2020-

2030 

0.312 

billion 
489 million 7.19 million 75.3 1.11 
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 407 

Moreover, although climate change mitigation has not been widely addressed in African countries, the 408 

continuous increase of international carbon trading prices should start to drive the whole urban energy 409 

system strictly towards clean energy technologies. Besides increasing renewable power generation, 410 

carbon capture and storage technology is gradually integrated into the system to test the technologies’ 411 

potential at an early stage. Therefore, we consider a low-carbon development scenario to return a set of 412 

planning decisions from the platform use. The total GHG emissions associated with the water, sanitation 413 

and electricity supply are minimized to 3.48 million tonnes which correspond to 0.56 tonnes CO2 414 

equivalent per capita per year in 2030, resulting a 51.4% reduction compared with the conserved low-415 

consumption scenario meeting the same demand but using more carbon-intensive technologies. The 416 

case studies in Africa can be extended to other regions to set up global practices. When the government 417 

is designing long-term development plan, it is essential to shape a consistent path regardless of regime 418 

changes. 419 

3.3 New technologies integration   420 

The platform is not only used to test and plan conventional infrastructures, it is also capable of 421 

incorporating innovative technologies or strategies to provide preliminary feasibility test and market 422 

investment assessment. For example, in this case an innovative decentralized water treatment 423 

technology using solar heating to purify water from any source is integrated into the water supply 424 

system for a comparative analysis. The results suggest that if this technology is compared with general 425 

potable water supply facilities, it has no advantage due to its small capacity. However, this treatment 426 

produces clean potable water that can meet the drinking quality standards, so that it could substitute 427 

sachet water or bottled water, which are two major supply sources for drinking water if there is no 428 

pipeline connection. When specifically focusing on the drinking water supply for human intake, the 429 

new technology shows economic viability and positive environmental contributions. The demand of 430 

drinking water is estimated from the agent activity based simulation to be around 3.47 million m3 per 431 

year for the whole region as predicted in year 2020. While this innovative facility as a standalone device, 432 

currently has a capacity of 4.2 m3 per year, with CAPEX of 500 USD for each equipment, and OPEX 433 

around 50 USD each year. It has potential to be more cost-effective and selected as a promising 434 

alternative for drinking water supply with lower costs than bottle water supply. Moreover, either central 435 

desalination plants or decentralized seawater treatment devices can serve as a viable option to produce 436 

Normal consumption in 

2020-2030 

14.5 

billion 
928 million 22.2 million 142.9 3.43 

Low-carbon development 

in 2020-2030 

0.361 

billion 
727 million 3.48 million 112.0 0.54 
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potable water. When the prices of new technologies are lowered, this distributed technology has the 437 

potential to beat traditional desalination as a sustainable and affordable clean water source.  438 

4. Conclusions and future work  439 

This paper has introduced a decision support system including methodology and case studies to design 440 

and operate urban systems, especially the water and energy sectors addressing their nexus. This platform 441 

also allows a flexible integration of new technologies to test their feasibility of application in the studied 442 

regions, with a set of technologies built with respect to their technical, economic, environmental 443 

specifications. Therefore, a main contribution of this paper is the combination of simulation and 444 

optimization using widely available data to provide decision support for policy makers in urban systems 445 

planning. In the meanwhile, more technology vendors and stakeholders can also benefit from the 446 

platform by understanding and exhibiting the costs and benefits of their technologies for energy 447 

production or water treatment when integrated into the whole urban system. Moreover, long-term socio-448 

economic scenarios are addressed in the urban system development through the continuous whole-449 

system update, forecast and feedback. It leads to an affordable low-carbon development road map in 450 

the long term globally. In addition to the simulation and optimization modules, the platform also 451 

provides an automatic visualization of results with interactive figures to present the full set of 452 

information. The continuous development of the collaborative platform in future work will incorporate 453 

more details such as the availability of renewable energy generation on a more frequent time series and 454 

associated costs of intermittency. Also, water and energy storage technologies especially those 455 

combining both systems such as pumped hydroelectric storage are promising to be incorporated and 456 

addressed in the next phase of the model. More case studies to apply this universal methodology and 457 

platform to other regions worldwide are also in development.  458 

 459 

 460 

 461 

 462 

Nomenclature  463 

Acronyms 464 

ABM Agent-Based Modelling  

AMA Accra Metropolitan Area (AMA) 

CAPEX Capital expenditures 
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CO2 eq Equivalent carbon dioxide emissions 

GAMA Greater Accra Metropolitan Area 

GHG Greenhouse Gas 

GIS Geographic Information Systems 

GSMA Ga South Metropolitan Area (GSMA) 

GWC Ghana Water Company 

IEA International Energy Agency (IEA) 

MILP Mixed-integer linear programming,  

ODD Overview, Design concepts, and Details 

OPEX Operating expenditures 

PV Photovoltaic 

RTN Resource-Technology Network 

SDG Sustainable Development Goals  

WAPP West African Power Pool 

WASH Water, sanitation, and hygiene 

 465 

Symbols 466 

ACTn Agent specific activity n 

APa  Agent probability-based description of each agent a 

CAP  Capacity limit of technology j 

CF Capacity factor (efficiency) of technology j 

Emax Employment maximum level 

ECR Employment change rate  

IM (r, i, tm)  Imported amount of resource r into district i during time period tm 

INV (j, i, tm) Additional investment of technology j in i during time period tm 

MTn Mean starting time of an agent activity n 

Ncompany Numbers of companies and institutes 

N (j, i, tm) Total amount of technology j in district i during time period tm 

D (r, i, t, tm) Resource demand of r in district i during time period t and tm 
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P (j, i, tm) Production rate of technology j in district i during time period tm 

PSn Probability of starting of an agent activity n 

Q (r, i, i’, t, tm)  Total flow rate of resource r from district i to i’ during time period t and tm 

SDn Standard time deviation of an agent activity n 

remp Employment ratio 

VI (r, m)  Unit cost of importing resource r 

VIJ (j, i, m) Metric of CAPEX of a single technology j in district i 

VPJ (j, i, m)   Metric of OPEX to operate technology j in district i, 

VQ (r, m) Unit cost associated with resource r flowing 

VY (r, m) Unit cost of connection (e.g., pipeline/grid) for resource r flowing 

Y (r, i, i’, tm) Existence of a connection or expansion (binary variable) between i and i’ for 

resource r during time period tm 

Z Objective function 

 

 467 

Subscripts 468 

a Set of agent  

n Set of agent specific activity 

i Set of spatial districts (i’ as an alias denoting a distinct district fort flows and 

connectivity)  

j Set of technology (e.g., electricity generation plants, water and wastewater 

treatment facilities) 

m Set of terms in the objective function including metrics for CAPEX, OPEX, and 

environmental costs 

r Set of resource (e.g., water, energy, and waste) 

t Set of minor time intervals (e.g., peak, normal, off-peak hours during a day)  

tm Set of major time intervals (i.e., years) 

 469 
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