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Simulating Bottom-up Supply-Side Residential Energy Systems with Non-

linear Conversion Efficiency: A System Dynamics Approach 

Recent years have witnessed an increased interest in distributed energy generation and 

a larger number of stakeholders getting involved in energy planning. These trends 

provide an opportunity for new tools to model energy systems from the bottom-up. 

Existing models obscure crucial features of bottom-up energy models, like energy 

conservation, energy loss and the causal relationships among system elements. In 

addition to simple diagrammatic modelling of these features, a systems approach may 

have other benefits to models of supply-side residential energy systems, especially 

given that energy planning deals with systems that traverse multiple disciplines. This 

paper proposes an application of System Dynamics to model the supply-side of 

residential energy systems from the bottom-up. A case study is demonstrated where 

models are created and validated using data from project SENSIBLE in Nottingham, 

UK. The models feature energy conservation, energy conversion loss based on a non-

linear efficiency curve, and causal connectedness. Furthermore, a System Dynamics 

approach can contribute towards a systematic validation of the bottom-up modelling 

process in the form of validity tests. System Dynamics can be a valid option among the 

tools used for modelling residential energy systems using a bottom-up approach. This 

study represents the first attempt to develop a bottom-up supply-side simulation of an 

energy system using System Dynamics.  

Keywords: System Dynamics, Residential Energy System, Simulation, Systems 

Thinking  

1 Introduction 

Global trends such as the liberalisation of energy markets, environmental protection and 

sustainable development have increased interest for Energy Planning (EP) at smaller 

geographic scales (Cormio et al., 2003). Moreover, the main trends in EP include growing 

interest in Distributed Generation (DG) based on renewables, increased community 

awareness of environmental issues and an increasing number of decision makers (Mirakyan 

& De Guio, 2013). These trends may also explain the rise of the “prosumer” (Rathnayaka et 



 

 

al., 2015), who is both producer and consumer of energy. Since the implementation of an 

energy system depends on whether the user is a producer or consumer (Project SENSIBLE 

Partners, 2015), the prosumer presents a challenge to the implementation of energy systems, 

and consequently EP. Therefore, the range of users of EP tools is likely to increase in the 

future, and any individual can become a planner in distributed energy systems. 

Accordingly, it has been observed  that there is a need for EP tools that can facilitate 

communication in an interdisciplinary or transdisciplinary manner whilst carrying out 

expected analyses (Manfren et al 2011). This would also benefit researchers taking an 

interdisciplinary or transdisciplinary approach. Moreover, the interaction of energy systems 

with other systems – like social, economic and environmental systems – adds complexity to 

EP, and consequently there is a need for modelling methods which can ease integration with 

other systems. Therefore there is need for EP  approaches that can facilitate communication 

with non-experts and accommodate the complexity of energy systems. A systems approach 

may be beneficial.  

A systems approach is a problem solving paradigm which considers the attributes of 

an entire system to achieve the objective of the system (Jackson et al., 2010); according to the 

Fellows of the International Council on Systems Engineering (INCOSE). A system is a 

conceptual grouping of interconnected elements for a common purpose (Forrester, 1968). 

Often, Systems Approach is substantively Systems Thinking. Taking a systems approach to 

the review of Systems Thinking literature, the following definition was the outcome: 

“Systems thinking is a set of synergistic analytic skills used to improve the capability of 

identifying and understanding systems, predicting their behaviours, and devising 

modifications to them in order to produce desired effects. These skills work together as a 

system” (Arnold & Wade, 2015). Systems approach constitutes the following elements 



 

 

(Jackson et al., 2010): identification of system elements, boundary and environment; 

identification of function and interaction of elements;  hierarchizing elements; grouping 

elements; synthesis of system; and verification and validation of the system. The same 

elements were outlined differently in (Arnold & Wade, 2015) as: understanding system 

structure; understanding dynamic behaviour; reducing complexity by modelling systems 

conceptually; understanding systems at different scales. Based on the above, a systems 

methodology is one that requires the skills/elements of Systems Thinking.  Some of the 

advantages of systems approach include understanding, managing and anticipating complex 

and emergent behaviours in systems (Sterman, 2000)(Jackson et al., 2010).     

In response to the above, this paper aims to demonstrate the use of a systems approach 

for EP. This study represents the first attempt to explore the use of System Dynamics (SD) to 

create bottom-up supply-side simulation models of residential energy systems. Therefore the 

focus of the paper is on the modelling process which includes validation. The modelling 

process is guided by established frameworks in SD literature. The model is based on, and 

validated using, data from project SENSIBLE in Nottingham, UK. Furthermore, this study 

explores the modelling of non-linear conversion efficiency in the energy systems.  

2 Literature Review 

EP is a complex process involving many problem areas, activities and participants. This 

necessitates interdisciplinary, or even transdisciplinary approaches to the problems. 

Modelling the operations of energy systems is essential in EP at different scales, e.g. 

communities and cities (Huang et al 2015; Mirakyan and De Guio, 2013). Based on the 

review in (Huang et al 2015), at the heart of bottom-up EP are techno-economic assessments, 

techno-ecological assessments and what-if (scenario, sensitivity and optimisation) analyses, 

and all these rely on a model of the operations of an energy system.  



 

 

Energy models have been classified in descriptive frameworks (Van Beeck, 1999; 

Timmerman et al 2014; Hall and Buckley, 2016) along similar dimensions. Whilst their 

classifications are limited to software packages, they are useful for understanding the 

landscape of approaches to energy modelling. For example, one dimension is model purpose 

which could be: energy demand models; energy supply models; impact models; or appraisal 

models. Focusing on the modelling approaches, the three relevant dimensions are presented 

in Table 1: analytical approach; underlying methodology; mathematical approach. Analytical 

approach may be top-down or bottom-up; also referred to as the pessimistic economic 

paradigm and optimistic engineering paradigm respectively (Van Beeck, 1999). Whilst top-

down approach focus on energy demand from a market perspective, bottom-up approach 

focus in detail on the energy supply technologies (Van Beeck, 1999).  Essentially, top-down 

approach models focus on macro-economic variables while bottom-up approach models 

focus on explicit technical operations. Some models combine top-down and bottom-up 

approaches, using top-down for demand analysis and bottom-up for supply. Table 1 shows 

models that combine top-down and bottom-up approaches based on the frameworks in (Van 

Beeck, 1999) and (Hall & Buckley, 2016); whilst (Van Beeck, 1999) classifies only popular 

super-models, 96 models were reviewed in (Hall & Buckley, 2016).  

Model Analytical Approach Underlying 

Methodology 

Mathematical 

Approach 

ENPEP Top-down;  

Bottom-up 

Macro-economic; 

Economic-Equilibrium; 

Not available 

LEAP Top-down;  

Bottom-up 

Econometric;  

Macro-economic;  

Simulation;  

Accounting 

Not available 

MARKAL-MACRO Top-down;  

Bottom-up  

Macro-economic;  

Partial equilibrium;  

Dynamic programming 

MESAP Top-down;  

Bottom-up 

Econometric; 

Simulation; 

Linear programming 

Linear programming; 

Dynamic programming 

E3MG Top-down;  

Bottom-up 

Non-equilibrium Not available 

MDM-E3 Top-down;  

Bottom-up 

Simulation Not available 



 

 

NEMS Top-down;  

Bottom-up 

Agent based Partial equilibrium;  

Linear programming  

PRIMES Top-down;  

Bottom-up 

Agent based Equilibrium model 

POLES Top-down;  

Bottom-up 

Cost minimisation;  

Simulation 

Recursive dynamic;  

Partial equilibrium  

Table 1 – Models of Energy Systems that combine top-down and bottom-up approach  

Looking at Table 1, none of the models is based on a systems methodology. Among 

the 96 models reviewed in (Hall & Buckley, 2016), only one model is based on a systems 

methodology: UniSyD3.0 which is a top-down approach partial equilibrium and based on 

System Dynamics (Department of Development and Planning Aalborg University, 2020). 

Whilst models of energy systems are systems by definition, they are not considered systems 

approach in this paper because Systems Thinking skills/elements are not explicitly and 

deliberately integrated into the methodology.    

Beyond software packages, many models in EP literature are based on generic tools or 

methods. In a comprehensive review (in 2017) of Generation Expansion Planning looking at 

over a hundred papers (Sadeghi et al., 2017), only four were based on a systems 

methodology: (Botterud & Korpås, 2007; Ford, 2001; Pereira & Saraiva, 2011, 2013). 

Integrated into a larger model as sub-models, systems approach were taken in (Duran-

Encalada & Paucar-Caceres, 2009; Hodge et al., 2011; Jin et al., 2009), as reviewed in 

(Mirakyan & De Guio, 2013). All the mentioned applications of systems approach to EP 

problems are top-down approaches. Therefore there is a gap in the literature for bottom-up 

systems approaches.   

Some models of bottom-up energy supply models are listed in Table 2, and while a generic 

tool like MATLAB and generic mathematical methods can be found, a systems approach is 

missing.  

Reference Tool Method Model Purpose 

(He et al., 

2018) 

Homer Optimisation Techno-economic impact/potential and optimisation of cost 

using scenario analysis.  



 

 

(Griego et al., 

2019) 

- Simulation Optimising local self-consumption and self-sufficiency rate 

by adjusting prosumer to consumer ratio.  

(Raji & Luta, 

2019) 

Homer Optimisation Optimising component sizes of community microgrid given 

technical and economic constraints.  

(Cornélusse et 

al., 2019)  

Bi-level Optimisation Optimising social welfare by optimal distribution of 

economic revenue.  

(Dhundhara et 

al., 2018) 

Homer Optimisation Optimising two scenarios (configurations) of microgrid to 

maximise economic benefit; each scenario with a different 

type of battery (storage) technology.  

(Ravindra & 

Iyer, 2014) 

- Workshop Scenario analysis. Comparison of scenarios (options) of 

microgrid (supply technology) constitution with different 

levels of demand to aid decision making.  

Best Fit 

DES 

Optimisation Optimal matching of microgrid supply to demand; 

maximising economic, social, and environmental benefits. 

(Kitson et al., 

2018) 

Homer - Virtual operation of a proposed DC microgrid. 

MATLAB 

Simulink 

Simulation DC supply 

(Ge et al., 

2019) 

- Generic 

Mathematical 

Model 

Virtual operation of a multi-energy microgrid.  

- FMEA; Monte 

Carlo 

Simulation 

Evaluation of the reliability of a microgrid 

(Adefarati & 

Bansal, 2019) 

MATLAB Optimisation Optimisation of reliability, economic benefit and 

environmental benefit of the microgrid. 

(Castillo-

Calzadilla et 

al., 2019) 

MATLAB 

Simscape 

Electrical 

library 

Simulation Comparison of performance of three DC microgrid 

configurations in terms of power reliability, power quality, 

economic impact and environmental impact.  

(Mukherjee et 

al., 2017) 

- Generic 

Mathematical 

Model 

Evaluation of the safety of a hydrogen based microgrid 

using Failure mode and effect analysis (FMEA). 

(Bukar et al., 

2019) 

MATLAB Optimisation Implementation and comparison of three metaheuristic 

optimisation algorithms of microgrid configuration that 

maximises reliability while minimises cost.  

MATLAB Conditional 

programming 

Implementation of a rule based energy management system.  

MATLAB Metaheuristic 

algorithm 

Metaheuristic algorithm of the microgrid. 

(Hong et al., 

2017) 

MATLAB Optimisation Optimisation of the size of renewable energy generation 

resources in a microgrid such that cost of energy is 

minimised, revenue to community is maximised, and 

residential indoor temperature is most comfortable.  

Aguilar-

Jiménez et al 

2018 

TRNSYS; 

EES 

Simulation Comparison of a proposed hybrid microgrid to an existing 

migrogrid (modelled by real data) in terms of cost of 

energy.  

(Xu et al., 

2019) 

Homer Optimisation Comparison of the economic cost of various microgrids.  

(Astriani et al., 

2019) 

- Generic 

Mathematical 

Model 

Comparison of different business models for operating a 

microgrid in order to evaluate the microgrid’s economic 

feasibility.  

(Nnaji et al., 

2019) 

MATLAB 

Simulink 

Simulation Evaluation of the performance of a proposed microgrid and 

compare it to alternative sources of energy.  

 Table 2 – Some bottom-up energy supply models from the literature 



 

 

Furthermore, it has been observed that bottom-up models of energy systems are 

characterised by the first two laws of thermodynamics (Huang et al 2015). In other words, 

energy conservation and energy conversion losses respectively. Among the few models that 

model energy conservation or conversion losses, they are obscured in mathematical equations 

that are not intuitive and require effort to understand. More generally, mathematical equations 

obscure the relationships between variables in a system. Therefore there is a gap for bottom-

up models that show energy conservation and conversion loss more intuitively, as well as 

relationship between variables more generally.   

3 Method 

3.1 Stock and Flow Diagram: A Language of Systems 

SD models time-varying variables and therefore it is suitable for this study because the 

variables of interest (electric power and energy) are time-varying. Systems are modelled in 

SD using Stock and Flow Diagram (SFD).  

Figure 1 shows the SFD of a factory process on the left and a mirrored key on the 

right. The diagram shows inflow (production) and outflow (shipments) to a stock (inventory); 

inflows and outflows are flows. The variables in SD are mainly categorised into stocks or 

flows; others are auxiliary variables and constants. Stocks are represented as rectangles, flows 

as valves on double arrows, and other variables as text. Links between variables can be 

material links or information links represented as double arrows or single arrows 

respectively. The direction of material links indicate the movement of the same quantity 

between two variables as well as dependence, but information links simply indicate 

dependence. Stocks are accumulations, e.g. bank account, product inventory, employed 

people. Flows are the rate of accumulation, e.g. rate of savings and rate of spending; rate of 



 

 

production and rate of shipment; rate of hiring and rate of resignations, firing, redundancy or 

retirement. A source or sink are stocks that are outside the model boundary. Mathematically, 

these symbols are expressed in Eq. 1, Eq. 2, and Eq. 3 where 𝑥 and 𝑦 can be any variable 

(stock, flow, auxiliary, or constant) and 𝑛 is a natural number. Diagrammatically, the terms of 

integration in Eq. 1 are connected to the stock via material links (double arrows), whereas the 

terms in Eq. 2, and Eq. 3 are connected via information links.    

 

Figure 1 – Notation of Stock and Flow Diagram (SFD) adapted from (Sterman, 2000) 

 

 
𝑆𝑡𝑜𝑐𝑘(𝑡) =  ∫ [𝐼𝑛𝑓𝑙𝑜𝑤𝑠 − 𝑂𝑢𝑡𝑓𝑙𝑜𝑤𝑠]𝑑𝑡 + 𝑆𝑡𝑜𝑐𝑘(𝑡0)

𝑡

𝑡0

 Eq. 1 

 𝐼𝑛𝑓𝑙𝑜𝑤𝑠 𝑜𝑟 𝑂𝑢𝑡𝑓𝑙𝑜𝑤𝑠 = 𝑓(𝑥1, … , 𝑥𝑛) Eq. 2 

 𝐴𝑢𝑥𝑖𝑙𝑙𝑎𝑟𝑦 = 𝑓(𝑦1, … , 𝑦𝑛) Eq. 3 

3.2 System Dynamics and Energy Planning 

SD can be understood as presenting a model with two layers of sophistication: the diagram 

layer; and the equation layer. In the case of Energy Planning, different participants or 

stakeholders may be interested in the different layers, which opens up the potential for 

interdisciplinary and transdisciplinary collaboration because it can facilitate communication. 

Additionally, integration of separate models can be facilitated if they are modelled in SD 

especially when they share a common variable.  



 

 

Most of the applications of SD in EP have been top-down approaches modelling the 

energy industry as shown in Section 2. This study represents the first attempt to develop a 

bottom-up, supply-side simulation of an energy system using SD.  

In addition to the general benefits of SD, there are some specific advantages of using 

SD for bottom-up EP. These have been summarised in Table 3 which shows the suitability of 

SD concepts to features of bottom-up energy supply models, while highlighting the gaps 

identified in Section 2.  For example, SD could offer realism via the principle of causal 

connectedness; which aims to ensure that relationship among variables – graphically shown 

as causal links – in the model must be justified by evidence from the real system. Moreover, 

unlike other bottom-up models that obscure energy conservation and causal connectedness 

only in equations, SD also makes it clearer graphically. Also note that a Stock can model 

energy, or power junction in which case energy should not be accumulated.   

System Dynamics Concept Model Feature/Benefit 

Flow Power 

Stock Energy; Power junction 

Material link Energy conservation (graphically, in addition to equations)  

Information link Causal connectedness (graphically, in addition to equations) 

Non-linear variables Non-linear energy conversion efficiency 

Discrete Feedback and System Rule-based management of energy supply system 

Stock and flow diagram Modularity 

Ease of communication via generic diagrams which can facilitate 

collaboration and interdisciplinary/transdisciplinary research 

Validity Tests Systematic validation of the modelling process and output  

Table 3 – Mapping System Dynamics concepts to corresponding features and benefit to 

bottom-up supply-sided energy simulation model.  

3.3 Modelling Process Overview  

Equivalent processes of SD have been outlined in (Randers, 1980; Richardson & Pugh III, 

1981; Roberts et al., 1983; Sterman, 2000). The process used in this study is an adaptation of 

the modelling stages in (Randers, 1980) and (Sterman, 2000), as illustrated in the flowchart in  

Figure 2, which also shows the associated input and output to the stages, as well as relevant 



 

 

validity tests for the stages. Validity tests have been developed in SD literature to 

systematically interrogate the validity of the modelling process and intermediary outputs, 

rather than focusing on the final output only.  The validity tests in  

Figure 2 were adapted from (Qudrat-Ullah & Seong, 2010; Shreckengost, 1984; Sterman, 

2000). Each validity test can be expressed as questions whose responses would lead to 

positive validity results (Sterman, 2000), as shown in Table 4. The aim of the validity tests is 

to impart confidence on the user of the model.  



 

 

 

Figure 2 – Flowchart of the modelling process used in this study 

Validity Test Questions to ask Positive Validity Result 

Boundary 

Adequacy 

• Is the model boundary appropriate to the 

purpose?  

• Are the important concepts for addressing the 

problem endogenous to the model? 

All major variables are relevant to 

the purpose.  

  

Major variables are endogenous; 

as much as possible. 

Structure 

Verification 

• Is the model structure consistent with relevant 

descriptive knowledge of the system? 

• Is the level of aggregation appropriate? 

• Does the model conform to basic physical 

laws such as conservation laws, or contradict 

common sense?  

• Do the decision rules capture the behaviour of 

the actors in the system? 

A SFD justified by the data 

sources or/and sound reasoning.  



 

 

Dimensional 

Consistency 

• Is each equation dimensionally consistent 

without the use of parameters having no real 

world meaning? 

Units of variables are consistent 

and balanced throughout the 

system. Units should also be 

meaningful. Choice of units is 

appropriate and justified. 

Parameter 

Verification 

• Are the parameter values consistent with 

relevant descriptive and numerical knowledge 

of the system?  

• Do all parameters have real world 

counterparts? 

Parameters are realistic to the 

system, and justified by data. 

Extreme 

Conditions 

• Does each equation make sense even when its 

inputs take on extreme values? 

• Does the model respond plausibly when 

subjected to extreme parameters? 

That behaviour in extreme 

condition matches anticipated or 

historical behaviour. 

  

Model is robust by behaving 

realistically to the input. 

Behaviour 

Reproduction 

• Does the model reproduce the behaviour of 

interest in the system (qualitatively and/or 

quantitatively)? 

Minimal error/deviation from 

historical or expected behaviour. 

Table 4 – Questions for validity tests and expected positive validity result 

The software used for System Dynamics modelling is Vensim PLE Plus for Windows 

Version 8.0.9. 

4 Case study 

4.1 Project SENSIBLE  

Validation of the model has been carried out using data from Project SENSIBLE (Storage 

Enabled Sustainable Energy for Buildings and Communities). The aim of SENSIBLE “is to 

understand the economic benefits that energy storage can bring to households, communities, 

and commercial buildings” (Project SENSIBLE Partners, 2018). SENSIBLE explores the use 

of energy storage at residential and community levels implemented in real communities. One 

of the communities is in The Meadows, Nottingham, UK. The plan was to implement a 

Community Energy System and several Residential Energy Systems made up of power 

electronic and communication devices.  



 

 

4.2 Data Sources  

Validation covers both modelling process and output, and consequently the data includes 

qualitative and quantitative data from project documents, as well as quantitative timeseries of 

energy supply data from residences. The main method of sourcing data is via archival 

research and secondary quantitative data, and the data sources include project documents, 

energy supply measurement from residential devices, and manufacturer’s specification sheets 

of the devices in the residence. Several informal meetings were held with core members of 

the project team at the FlexElec laboratory of the University of Nottingham where devices 

and algorithms were tested prior to deployment in residences. 

Power measurements were taken from residences by the Project SENSIBLE team. 

Measurements were taken from different points on the mains (AC) using a dedicated 

embedded kit. The available data is from 3 residences which have different combinations of 

devices: Grid + PV; Grid + Battery; Grid + Battery + PV. The data spans 14 days but only 

data for a day (from 00:00 to 23:59) is used for validation because plotting across multiple 

days obscures the minute-to-minute fluctuation in the behaviour of the simulated variables, 

while covering the daily variation in the demand profile. The resolution of the measured data 

is 1-minute, covering 1440 data points per day, which is achieved by averaging the readings 

per second for each minute. Knowing that all values were measured from the mains (AC) 

allows for the simulation model to ignore conversion between AC and DC before validating 

with measured data. The Load Demand from the residences is calculated from the measured 

variables.  

4.3 Problem Articulation  

The purpose of the modelling exercise is to create a valid simulation model of supply-side 



 

 

residential energy systems with non-linear conversion efficiency using System Dynamics 

approach. Since the power measurements from the residences are recorded at 1-minute 

resolution, the time resolution of the simulation model is set to the same. Table 5 presents the 

Model Boundary Chart showing the major variables – and their respective units in 

parenthesis – from the real system that will be modelled (endogenous and exogenous) and 

those that will not be modelled (excluded). Forecasting, storage optimisation and energy 

market services are modules within SENSIBLE that rely on undisclosed proprietary 

algorithms and data, and the outcome of these modules are signals to the energy systems 

which have been represented as exogenous variables. For validity test, all the major 

endogenous and exogenous variables listed in the Model Boundary Chart are considered 

relevant to the purpose of the model. 

Endogenous Exogenous Excluded 

• PV Consumption (W) 

• Import (W) 

• Export (W) 

• PV Charging (W) 

• Grid Charging (W) 

• Discharging (W)  

• Energy Management System 

(dimensionless)  

• Battery State of Charge (Wmin)  

• Load demand (W) 

• PV production (W) 

• Signal to charge battery from grid (binary; 

dimensionless) 

• Signal to supply load from grid without 

battery discharge (binary; dimensionless) 

• Maximum battery SoC from grid charge (%) 

• Power ratings of the inverters (W)  

• Non-linear conversion efficiency of 

inverters (%; dimensionless) 

• Auto discharge (W) 

• Reactive power (W) 

• Battery degradation 

(W) 

Table 5 – Model Boundary Chart 

4.4 Model Conception and Validity Tests 

A Conceptual Model explicates the system structure, which is the relationships among the 

relevant system components. A conceptual model of a Residential Energy System with grid, 

battery and PV is shown in  

Figure 3, which could be understood as three rectangles made from double arrows.  shows 

other residences with different configurations which correspond well with one rectangle in  



 

 

Figure 3, highlighting the modularity of the models.  

Figure 3 shows causal dependency among the components using arrows; a component is 

causally dependent on all the components that point to it. The material links (double arrows) 

illustrate energy conservation which tracks the flow of energy from generation at the PV 

panel or grid, to use for consumption of the residential load demand, to storage in battery, and 

to export to the Grid. The main hub of feedback is the Energy Management System (EMS); 

the orange dashed lines are incoming to evaluate the state of the system according to a rule-

based logic (see Section 4.5.1), while the blue dashed arrows are outgoing to instruct 

components on the system’s operation mode. The conceptual model can facilitate Systems 

Thinking because it is a diagram that explicates the interdependence in a system with 

feedback (Richmond, 1993; Forrester, 1994; Sterman, 2000). The simulation model is built 

on the conceptual model.  

 

Figure 3 – Conceptual Model of a Residential Energy System with grid, battery and PV 

showing causal dependencies among system elements using Stock and Flow Diagram.  



 

 

 

 

Figure 4 – Highlighting modularity with Conceptual Models of two Residential Energy 

Systems with grid and battery (left), and the other with grid and PV (right).  

The model conception stage is concerned with the Structure Verification validity test. 

The conceptual models implement the following in fidelity with the real system: energy 

conservation such that energy can be accounted for from source to load, storage and export; 

enforcement of causal connectedness such that decision making elements (EMS) make 

decisions using only information that is realistically available to them. Also, Import and 

Export are described as source and drain that balance the deficit and surplus in the mains 

without an explicit instruction from EMS to the grid interface to import or export; when 

charging from the Grid, the instruction is carried out from the battery inverter. Consequently, 

there are no green dashed arrows going to Import and Export from EMS in the diagrams of 

the conceptual models.  

4.5 Model Formulation 

4.5.1 System Operational Logic 

The operational logic of the simulation model can be presented on two levels: the first level 

illustrates the process on every time step at a high level (Figure 5); then the second level 



 

 

expands on the rule-based logic of the EMS (Figure 6). At every time step, the state of the 

system, which is determined by the value of all variables in the system, serves as input to the 

EMS which then executes a rule based logic and arrives at an operation mode for the system. 

The operation mode is sent to the relevant power devices (or variables) who update their state 

according to their equations (see Section 4.5.2). This process is repeated for every time step 

until the end of the simulation.  

 

Figure 5 – High level process flow of each time step of the simulation of the energy system 

 

Figure 6 – Rule-based logic of the EMS (Energy Management System) 



 

 

4.5.2 Components Formulation  

Model variables can represent different functions within a single real device. Table 6 shows a 

mapping of the abstraction of components of an energy system and the corresponding System 

Dynamics variable types. All exogenous variables can be found in the equations of 

endogenous variables. Consequently, the system components (endogenous variables) are 

expressed in Eq. 4 to Eq. 10 as equations for corresponding SD components which have been 

expressed in Eq. 1, Eq. 2 and Eq. 3. The symbols in the equations are described in Table 7.  

Abstracted Component System Dynamics Variable Type 

Energy Stock 

Power  Flow 

Parameters of devices; Initial states of 

devices 

Constants 

EMS (Energy Management System); non-

linear efficiency curves   

Auxiliary variables 

Table 6 – Mapping abstracted components the energy system to System Dynamics variable 

types 

𝑆𝑜𝐶 =  ∫ (𝐶𝑃𝑉 + 𝐶𝐼 − 𝐷) 𝑑𝑡
𝑡

0

 Eq. 4 

𝐸 = 𝑃𝑉 − 𝑃𝑉𝑙𝑜𝑎𝑑 − 𝐶𝑃𝑉 , 𝑃𝑉 ≥ 𝐷𝑒𝑚𝑎𝑛𝑑 
Eq. 5 

𝐼 = {
𝐷𝑒𝑚𝑎𝑛𝑑 − 𝑃𝑉𝑙𝑜𝑎𝑑 − 𝐷, 𝑃𝑠𝑢𝑝𝑝𝑙𝑦 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 ≥ (𝐷𝑒𝑚𝑎𝑛𝑑 − 𝑃𝑉𝑙𝑜𝑎𝑑 − 𝐷), 𝑃𝑉 < 𝐷𝑒𝑚𝑎𝑛𝑑

𝑃𝑠𝑢𝑝𝑝𝑙𝑦 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 , 𝑃𝑠𝑢𝑝𝑝𝑙𝑦 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦 < (𝐷𝑒𝑚𝑎𝑛𝑑 − 𝑃𝑉𝑙𝑜𝑎𝑑 − 𝐷), 𝑃𝑉 < 𝐷𝑒𝑚𝑎𝑛𝑑
 Eq. 6 

𝐶𝐼 = {
𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥 , 𝐸𝑀𝑆 = 2.01, 𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶 > 𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶 , 𝐸𝑀𝑆 = 2.01, 𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶 ≤ 𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥
 

 

Eq. 7 

𝐶𝑃𝑉 = {

𝑃𝑉 − 𝑃𝑉𝑙𝑜𝑎𝑑 , 𝐸𝑀𝑆 = 1.11 
𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥 , 𝐸𝑀𝑆 = 1.12 𝑜𝑟 1.14

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶 , 𝐸𝑀𝑆 = 1.13
 

 

Eq. 8 

𝐷 = {

𝐷𝑒𝑚𝑎𝑛𝑑 − 𝑃𝑉𝑙𝑜𝑎𝑑 , 𝐸𝑀𝑆 = 2.11 
𝑃𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑖𝑛 , 𝐸𝑀𝑆 = 2.12 𝑜𝑟 2.14

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐴𝐶 , 𝐸𝑀𝑆 = 2.13
 

 

Eq. 9 

𝑃𝑉𝑙𝑜𝑎𝑑 = {
𝐷𝑒𝑚𝑎𝑛𝑑, 𝐸𝑀𝑆 = 1.02 𝑜𝑟 1.11 𝑜𝑟 1.12 𝑜𝑟 1.13 𝑜𝑟 1.14 𝑜𝑟 1.5

𝑃𝑉, 𝐸𝑀𝑆 = 2.01 𝑜𝑟 2.02 𝑜𝑟 2.11 𝑜𝑟 2.12 𝑜𝑟 2.13 𝑜𝑟 2.14 𝑜𝑟 2.5
 Eq. 10 



 

 

Symbol Description 

𝑆𝑜𝐶 Battery State of Charge (SoC) 

𝐶𝑃𝑉 Battery charging power from PV 

𝐶𝐼 Battery charging power from grid import 

𝐷 Battery discharging power 

𝐼 Power import from grid 

𝐸 Power export to grid 

𝐷𝑒𝑚𝑎𝑛𝑑 Load demand power 

𝑃𝑉𝑙𝑜𝑎𝑑  Power from PV to service load demand 

𝑃𝑉 Power produced by PV panel  

𝐸𝑀𝑆 Energy Management System 

𝑃𝑠𝑢𝑝𝑝𝑙𝑦 𝑐𝑎𝑝𝑎𝑐𝑖𝑡𝑦  Maximum power allowed to be imported from the Grid  

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶  Rated input power to battery inverter  

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐷𝐶 Rated output power from battery inverter 

𝑃𝑃𝑉 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐴𝐶  Rated output power from PV inverter 

𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥 Power required to charge battery to maximum 
 

 

Table 7 – Description of symbols in equations of the system  

4.5.3 System Calibration  

Table 8 shows the values assigned to the system parameters – which are the exogenous 

variables – based on project documents that are available on project SENSIBLE’s website, 

device specification sheets and measured data. The aim is to match the behaviour of the 

system to the measured data.  

Residence Parameter Value Source 

Grid + Battery Load Demand Time series (W) Measured data 

Rated Input AC Power 

(Battery Inverter) 

2560 (W) Measured data 

Battery Capacity 6400 x 60 (W) Device specification 

Battery Minimum 

Capacity 

10% of Battery Capacity 

(W) 

Device specification 

Battery Charge at Time 0 110% of (0.003 * 60) + 

Battery Minimum 

Capacity (W) 

Measured data 

Signal: Charge Battery 

from Grid 

Between minutes 2 and 

115 

Measured data 



 

 

Signal: Supply Load from 

Grid Only  

Between minutes 116 

and 241 

Measured data 

Grid + Battery + PV PV Produced Time series (W) Measured data 

Load Demand Time series (W) Measured data 

Rated Input AC Power 

(Battery Inverter) 

3300 (W) Device specification 

Battery Capacity 6400 x 60 (W) Device specification 

Battery Minimum 

Capacity 

10% of Battery Capacity 

(W) 

Device specification 

Battery Charge at Time 0 110% of (820 * 60) + 

Battery Minimum 

Capacity (W) 

Measured data 

Grid + PV PV Produced Time series (W) Measured data 

Load Demand Time series (W) Measured data 

Table 8 – Some values and sources of parameters for the simulation models of the residences 

4.5.4 Simulation Model Diagram 

 

Figure 7 shows the simulation model of a residence with grid, battery and PV using SFD; 

which is elaborated from the conceptual model in  

Figure 3. Any component in the diagram is mathematically described in terms of all the 

components that point to it (see Section 4.5.2). The calibrated parameters of devices are 

exogenous variables which are represented by variables that have no arrows pointing to them 

(see Section 4.5.3). For each residence, the calibrated model was run with two time-series 

inputs: Load Demand and PV Produced (see Section 4.2). The simulation was run for the 

duration of a day (1440 minutes) and the behaviour of the variables were validated against 

the measured data.  



 

 

 

Figure 7 – Simulation Model of a Residential Energy System with grid, battery and PV using 

Stock and Flow Diagram.  

4.5.5 Validity Tests for Model Formulation 

The model was checked using the integrated Units Checking tool in Vensim which 

highlighted no errors, and that confirms dimensional consistency of the variables’ units. All 

parameter values were obtained from the project documents of SENSIBLE, device 

specification sheets, as well as measured data from the residences (see Table 8). Extreme 

values of variables were handled using logical expressions, for example, specifying rated 

power values of devices to limit the maximum power that may flow through an inverter. Only 

one conversion variable in the model had no real world counterpart but it was used in order to 

balance the units; labelled “Energy to Power Converter”, which has a value of 1 and a 

dimension of 1/time. It is used in equations of variables where a power value is to be 

determined from energy values: Charge Power to Max; Discharge Power to Min; and Grid 

Charge Limit. Conversion variables have been used in examples in (Sterman, 2000).  



 

 

Energy conservation was confirmed by comparing the total energy in the system at 

the end of the simulation on the one hand, with energy at the start plus energy into the system 

minus energy exported on the other hand. The result is that both values are the same which 

confirms energy conservation. An alternative way to confirm this is to check that the power 

junctions PV AC and PV Generated are zero based on Kirchhoff's junction rule.   

Theoretically, there could be moments when Load Demand exceeds the combined 

rated values of all power sources such that the load demand cannot be adequately served. 

Unserved load is monitored, but not handled in the logic of the EMS because the detail of this 

was not found in the project documentation. Given that the input Load Demand to the model 

is data from real residences, it should not lead to unserved load, unless the specification of 

simulated devices were less than the real devices, which will prompt recalibration. 

Nonetheless, monitoring unserved load serves as an additional validation measure, and there 

were no unserved load demand in the final simulation models.   

4.6 Behaviour Reproduction  

Behaviour is the change in the value of a variable over time and it can be visualised by a 

time-series plot of the variable. The aim in behaviour reproduction validity test is to have the 

plots of a variable in the simulation correspond to the same measured variable in the real 

system with minimal error or a reasonable explanation. The behaviour of variables in the 

simulation models match the behaviour of the real residences, although not perfectly, for all 

the endogenous variables, some of which are shown in the plots in Figure 8. The minor error 

can be explained by downsampling that occurs during measurement of power values at the 

residences, some of which serve as input to the simulation. See Appendix for analysis and 

discussion of the error.   



 

 

  

Figure 8 – Comparing behaviour of the measured data to the simulation model without 

conversion efficiency, for the three simulated residences 

4.7 Model Update: Conversion Efficiency  

4.7.1 Non-Linear Conversion Efficiency Curve 

After simulating and validating the model of the system based on the measured data from 

SENSIBLE, the model was updated to include non-linear energy conversion efficiency. All 

the inverters in the system (battery inverter and PV inverter) convert power between AC and 

DC, and this is carried out based on non-linear efficiency curves. The non-linear efficiency 

curves are typically provided in the specification sheet of the inverter in terms of the ratio 

between the output power and the rated output power; see Figure 9 for the curve provided by 

the inverter manufacturer (SMA) showing the ratio on the x-axis and the efficiency on the y-

axis; PV2AC refers to PV Inverter converting PV power from DC to AC for the mains; 

PV2BAT refers to Battery Inverter converting the mains power from AC to DC for battery 

charging; BAT2AC refers to Battery Inverter converting battery power from DC to AC for 

the mains. It can be seen that outputting low power relative to the rated power of the inverter 

could lead to high losses of power. Therefore the choice of an inverter in terms of 

specifications is important to minimise losses, given the typical power consumption of a 

residence.  



 

 

Figure 9 – Conversion efficiency of inverters modelled in the residential energy simulation.  

4.7.2 Model Conception 

The structure of the model has been updated to include non-linear conversion efficiency 

which leads to non-linear loss. An updated conceptual model of the residence with grid, 

battery and PV is shown in  

Figure 10. Causal dependency is shown as in the previous models, but the material links 

(double arrows) also show energy losses from the conversions as part of energy conservation.  
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Figure 10 – Conceptual Model of a Residential Energy System with grid, battery, PV and 

losses from energy conversion, and showing causal dependencies among system elements 

using Stock and Flow Diagram.  

4.7.3 Model Formulation and Calibration 

The formulation of the components has been updated to include the non-linear conversion 

efficiency; see Eq. 11 to Eq. 16 for the components that changed and Table 9 for description 

of the new symbols. The new parameters of non-linear efficiency curves have been calibrated 

according to the manufacturer’s specification sheet of the inverters; see Figure 9. Simulation 

models were run for the same duration of 1440 minutes, like the simulation model without 

energy conversion. 

𝑆𝑜𝐶 =  ∫ (𝐶𝑃𝑉 + 𝐶𝐼 − 𝐿𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 − 𝐿𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 − 𝐷) 𝑑𝑡
𝑡

0

 Eq. 11 



 

 

𝐶𝑃𝑉 =

{
 
 

 
 𝑃𝑉𝐴𝐶 − 𝑃𝑉𝑙𝑜𝑎𝑑 , 𝐸𝑀𝑆 = 1.11 

𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥 𝑓𝑏𝑎𝑡𝑡 𝐴𝐶2𝐷𝐶 𝑜𝑢𝑡𝑝𝑢𝑡 (
𝑃𝑐ℎ𝑎𝑟𝑔𝑒 𝑡𝑜 𝑚𝑎𝑥

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐷𝐶
)⁄ , 𝐸𝑀𝑆 = 1.12 𝑜𝑟 1.14

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑖𝑛𝑝𝑢𝑡 𝐴𝐶 , 𝐸𝑀𝑆 = 1.13

 

 

Eq. 12 

𝐿𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 = (𝐶𝑃𝑉 + 𝐶𝐼) × (1 − 𝑓𝑏𝑎𝑡𝑡 𝐴𝐶2𝐷𝐶 𝑖𝑛𝑝𝑢𝑡 (
(𝐶𝑃𝑉 + 𝐶𝐼)

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐷𝐶
)) 

 

Eq. 13 

𝐿𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 = 𝐷 (𝑓𝑏𝑎𝑡𝑡 𝐷𝐶2𝐴𝐶 𝑜𝑢𝑡𝑝𝑢𝑡 (
𝐷

𝑃𝑏𝑎𝑡𝑡 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐷𝐶
)) − 𝐷⁄  Eq. 14 

𝑃𝑉𝐴𝐶 = 𝑃𝑉𝐷𝐶 × 𝑓𝑃𝑉 𝐷𝐶2𝐴𝐶 𝑖𝑛𝑝𝑢𝑡 (
𝑃𝑉𝐷𝐶

𝑃𝑃𝑉 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐴𝐶
) Eq. 15 

𝐿𝑃𝑉 = 𝑃𝑉𝐷𝐶 × (1 − 𝑓𝑃𝑉 𝐷𝐶2𝐴𝐶 𝑖𝑛𝑝𝑢𝑡 (
𝑃𝑉𝐷𝐶

𝑃𝑃𝑉 𝑟𝑎𝑡𝑒𝑑 𝑜𝑢𝑡𝑝𝑢𝑡 𝐴𝐶
)) Eq. 16 

 
 

Symbol Description 

𝐿𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 Power loss from conversion (AC to DC) for battery charging 

𝐿𝑑𝑖𝑠𝑐ℎ𝑎𝑟𝑔𝑖𝑛𝑔 Power loss from conversion (DC to AC) for battery discharging  

𝐿𝑃𝑉 Power loss from conversion (DC to AC) of PV power produced 

𝑓𝑏𝑎𝑡𝑡 𝐴𝐶2𝐷𝐶 𝑜𝑢𝑡𝑝𝑢𝑡 (
𝑥

𝑦
) 

Non-linear conversion efficiency function of battery inverter, from AC to 

DC, in terms of output (x) from the inverter and the rated output of the 

inverter (y).  

𝑓𝑏𝑎𝑡𝑡 𝐴𝐶2𝐷𝐶 𝑖𝑛𝑝𝑢𝑡 (
𝑥

𝑦
) 

Non-linear conversion efficiency function of battery inverter, from AC to 

DC, in terms of input (x) to the inverter and the rated output of the inverter 

(y). 

𝑓𝑏𝑎𝑡𝑡 𝐷𝐶2𝐴𝐶 𝑜𝑢𝑡𝑝𝑢𝑡 (
𝑥

𝑦
) 

Non-linear conversion efficiency function of battery inverter, from DC to 

AC, in terms of output (x) from the inverter and the rated output of the 

inverter (y). 

𝑓𝑃𝑉 𝐷𝐶2𝐴𝐶 𝑖𝑛𝑝𝑢𝑡 (
𝑥

𝑦
) 

Non-linear conversion efficiency function of PV inverter, from DC to AC, 

in terms of input (x) to the inverter and the rated output of the inverter (y). 

 

 

Table 9 – Description of new symbols in equations of the system with non-linear efficiency 

curve  

4.7.4 Simulation Model Diagram 

 



 

 

Figure 11 shows the simulation model of a residence with grid, battery, PV and non-linear 

conversion efficiency using SFD. The only updated parameters are the non-linear conversion 

efficiency curves which have been calibrated based on the specification sheets of the 

inverters. The simulation was run for the duration of a day (1440 minutes) and the behaviour 

of the variables were validated in comparison to the model without energy conversion. 

 

Figure 11 – Simulation Model of a Residential Energy System with grid, battery, PV and 

losses from energy conversion, and showing causal dependencies among system elements 

using Stock and Flow Diagram. 

4.8 Effects of Non-Linear Conversion Efficiency  

The aim of this section is to compare the behaviour of the simulation with conversion 

efficiency to the simulation without conversion efficiency, and explain the differences in 

terms of the effects of the conversion efficiency, labelled as woec and wec respectively in 

Figure 12. The simulation woec has been discussed in Sections 4.4 to 4.6, and the conversion 



 

 

implemented in the simulation wec is non-linear (see Section 4.7).  

 

 
 

Figure 12 – Showing the influence of losses from conversion on battery SoC and energy from 

PV across the three simulated residences.  

Whilst Battery SoC is energy (Wmin), PV Produced is modelled as power (W) but 

plotted as energy which is accumulated power for clarity of illustration. In the simulation 

wec, Battery SoC is the cumulative summation of Charging, Discharging, Charging Loss and 

Discharging Loss. When charging (when SoC is rising), the slope in wec is less steep than in 

woec because some of the energy is lost in conversion, which corresponds to increase in 

charging loss. On the other hand when discharging (when SoC is declining), the slope in wec 

is steeper than in woec because more energy is required to service the same load while 

accounting for conversion losses, and this corresponds with rise in discharging loss. Similarly 

with PV Loss, losses from simulation wec becomes less steep than the simulation woec at the 

same time conversion loss is increasing. A steeper slope indicates a higher magnitude of the 

slope. For both Battery SoC and PV Power across the residences, the difference between 

woec and wec can be explained by the losses in wec.  

The non-linear efficiency curve grows linearly and then flattens towards the end but 

never reaches 100% (see Figure 9). Whilst Figure 12 shows the effect on energy loss, it 

misses out the more detailed dynamics of the non-linear efficiency curve: growth and 
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flattening. Figure 13 shows these dynamics from two residences. Since growth in efficiency 

is inversely proportional to the loss, higher proportion of loss can be seen for lower power, 

which explains why the loss seems to be almost flat in spite of the fluctuation in the 

main/charging power. At some low power levels, the losses are even more than the utilised 

power, which has significant implication for deciding when to convert power.  

  

Figure 13 – A closer look at the growth and non-linearity of the conversion efficiency  

5 Conclusion 

The method proposed in this paper contributes to the research on bottom-up energy supply 

models as the first attempt at utilising a systems approach. Furthermore, crucial features of 

bottom-up energy models, like energy conservation, energy loss and causal relationship 

among system elements, have been presented in simple diagrams as SFD. Meanwhile, the 

rigour traditionally provided by equations to these features is maintained. Additionally, 

modularity of the models was shown in the diagrams. The use of diagrams can aid 

collaboration and communication about the models across different expertise and 

stakeholders in EP.  Other contributions of this paper is the incorporation of validity tests 

from SD literature which is a systematic validation of the modelling process and output. 

Some specific validity tests are also graphically communicable like causal connectedness.   



 

 

A limitation of SD in bottom-up EP problems is the inability to run optimisation 

protocols like metaheuristic algorithms endogenously, though exogenous integration is 

possible as demonstrated. However, this should not be considered a major limitation because 

SD is a simulation methodology not an optimisation methodology, and therefore optimisation 

via simulation is possible.  

Traditional SD practitioners may have reservations about the proposed method 

because the feedback is discrete and therefore the system is discrete instead of continuous. 

One of the most valued benefits of using SD is the ability to improve understanding of the 

dynamics of a system by leveraging the rich research in generic structures and feedback loops 

(e.g. reinforcing loops, balancing loops, s-shaped loops). In such cases, the model begins with 

a dynamic hypothesis from a mental model, then a valid model exerts confidence in the 

model, then exploring the model improves the mental model of the real system, and the SD 

model is continually improved with new understanding from the real system, and the learning 

feedback goes on. Such applications are especially suitable for social and natural systems, 

which are continuous. However, in the case of “artificial” systems managed by computer 

programs (discrete), the system’s rules are typically well understood and therefore the benefit 

of SD is in providing a virtual “flight simulation” environment, in addition to the other 

benefits mentioned previously. Ultimately, SD is a tool that should be applied knowing its 

benefits and limitations to the problem-type.  

In their current state, the models can be readily integrated with other SD  models that 

have common variables. In the future, integrating with existing top-down SD approaches 

could be explored. Furthermore, the model could be used to carry out techno-economic and 

techno-environmental impact analyses, optimisation via simulation, and also to model 



 

 

community energy systems. The model could also be expanded to include Electric Vehicles 

as load and source depending on the time of day. 
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9 Appendix 

9.1 Error Analysis of Behaviour Comparison 

Figure 14 and Figure 15 show the differences between the simulation and measured data in 

Import, Export, Charging and Discharging. The errors are calculated as measured value 

minus simulation value, and only charging and discharging errors take positive and negative 

values. There is a relationship among the four variables: whenever discharging error is 

positive, export error takes the same value; whenever discharging error is negative, import 

error takes the same magnitude but positive value; whenever charging error is positive, 

import error takes the same value; whenever charging error is negative, export error takes the 

same magnitude but positive value. Since Import and Export are calculated from Charging 

and Discharging (which are calculated from the exogenous inputs of Load Demand and PV 

Production), the source of the errors noticed in Import and Export are actually errors that 

originated in the simulation of Charging and Discharging, but eventually impact Import and 

Export because of their implementation as balancing source and drain.  

 

Figure 14 – Differences between measured and simulation values for charging, discharging, 

import and export. 



 

 

 

Figure 15 – Zoomed in: Differences between measured and simulation values for charging, 

discharging, import and export. 

The discrepancy between the simulation and measured data can be explained by 

downsampling that occurs during measurement. Downsampling is the process of reducing the 

resolution or frequency of a time series data from a higher resolution (e.g. seconds) to a lower 

resolution (e.g. minutes). As mentioned earlier, the residential power measurements were 

recorded at different points on the mains at 1-minute interval. Since power (W) is measured 

in seconds, the measurements taken from the residences are actually averaged power over 60 

seconds at the time of measurement; downsampling from 1 second to 60 seconds. After 

downsampling, the variable is assumed to be at that average value for the duration of the 60 

seconds; downsampling flattens the values over the duration.   

Among the measured data, only Load Demand and PV Produced are input to the 

simulation, and the simulation calculates the other variables. All the simulated power values 

are calculated from the two downsampled measured input (at the downsampled resolution), 

but then compared with corresponding measured power values which are also downsampled 

at measurement. Comparing two values (e.g. measured Import vs simulated Import) on the 

same resolution where one value is first downsampled could lead to significant difference.    



 

 

The argument that the difference is due to downsampling can be made using the 

simulation equations for the sources of the error expressed in terms of the two downsampled 

input variables: Charge and Discharge expressed in terms of Load Demand and PV 

Production as in Eq. 17 and Eq. 18, which are specific cases of Eq. 8, Eq. 9 and Eq. 10. 

Generically, the two downsampled variables can be expressed as p (Eq. 19) and q (Eq. 20). 

The error, eq , (Eq. 23) will be defined as the difference between two variables where v is first 

downsampled at measurement (Eq. 21), while v’ is calculated from the downsampled inputs 

(Eq. 22).  

  

𝐶𝑃𝑉 = 𝑃𝑉 − 𝐷𝑒𝑚𝑎𝑛𝑑, 𝐸𝑀𝑆 = 1.11, 𝑃𝑉 > 𝐷𝑒𝑚𝑎𝑛𝑑 
Eq. 17 

𝐷 = 𝐷𝑒𝑚𝑎𝑛𝑑 − 𝑃𝑉, 𝐸𝑀𝑆 = 2.11, 𝐷𝑒𝑚𝑎𝑛𝑑 > 𝑃𝑉  
Eq. 18 

 
𝑝 =

1

𝑛
∑𝑥𝑡

𝑛

𝑡=1

  Eq. 19 

 
𝑞 =

1

𝑛
∑𝑦𝑡

𝑛

𝑡=1

 
Eq. 20 

 
𝑣 =

1

𝑛
∑𝑥𝑡 − 𝑦𝑡

𝑛

𝑡=1

,          𝑥𝑡 > 𝑦𝑡 
Eq. 21 

 𝑣′ = 𝑝 − 𝑞,                       𝑝 > 𝑞 

 
Eq. 22 

 𝑒𝑞 = 𝑣 − 𝑣′ 

 
Eq. 23 

Where xt is the first term at second t, yt is the second term at second t, n is the factor of 

downsampling in measurement (n=60 when going from seconds to 1 minute), p is 

downsampled x in n seconds which is measured, q is downsampled y in n seconds which is 

measured, v is the measured but downsampled variable (in n seconds), v’ is the simulated but 

downsampled variable (in n seconds), eq is the difference between the measured variable v 



 

 

and the simulated variable v’. Assume t and n are natural numbers. Therefore eq is what could 

appear as the measured import or export even when the simulated import or export is zero.  

To estimate the range of values of error eq, consider two situations in Table 10 where 

y is the same for all n seconds while x is 0.5y for n/2 seconds and 1.5y for n/2 seconds; and 

where y is the same for all n seconds while x is 0 for n-1 seconds and ny for 1 second. 

Situation 2 is more extreme than Situation 1 in terms of difference within the first term, but 

these are theoretical situations. Therefore, in Situation 1, it is possible to observe a reading in 

the measurement of variables like Import and Export while they are zero in the simulation, up 

to a magnitude that is half of the second term (q’) in v’. In Situation 2, the observed reading 

could be as high as the multiplication of the downsampling factor (n) to the second term; as 

high as 60 times (or 5900% more than) the second term when downsampling from seconds to 

1 minute.  

Practically, the magnitude of errors from Charging and Discharging are bounded by 

rated input and output power of the battery inverter. Looking at Figure 12, the highest error 

magnitude is 3256 W and 356 W for Charging and Discharging respectively which are both 

less than the rated input and output power of the inverter at 3300 W.   

Source 

Equation 

Situation 1: y is the same for all n 

seconds while x is 0.5y for n/2 

seconds and 1.5y for n/2 seconds 

Situation 2: y is the same for all n 

seconds while x is 0 for n-1 seconds and 

ny for 1 second 

Eq. 22 𝑝 = 𝑦 𝑝 = 𝑦 

Eq. 23 𝑞 = 𝑦 𝑞 = 𝑦 

Eq. 24 

𝑣 =
2

𝑛
∑0.5𝑦

𝑛/2

𝑡=1

 𝒗 =
𝟏

𝟏
∑𝒏𝒚

𝟏

𝒕=𝟏

 

𝑣 =
2

𝑛
×
𝑛

2
× 0.5𝑦 = 0.5𝑦 𝒗 = 𝒏𝒚 

Eq. 25 𝑣′ = 𝑦 − 𝑦 = 0 
𝒗′ = 𝒚 − 𝒚 = 𝟎 



 

 

Eq. 26 𝑒𝑞 = 𝑣 − 𝑣′ = 0.5𝑦 − 0 = 0.5𝑦 
𝒆𝒒 = 𝒗 − 𝒗

′ = 𝒏𝒚 − 𝟎 = 𝒏𝒚 

Table 10 – Estimating the range of error eq 

 

 

 


