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Abstract 

Agent-based modelling enables the simulation of household energy consumption at the individual level, considering 
heterogeneity, interactions and dynamics. However, existing agent-based domestic energy consumption models fail 
to capture the influence of associated urban subsystems (e.g., population and land use). To fill this gap, we develop 
an empirically based electricity consumption model and integrate it into an urban microsimulation platform, SelfSim. 
The resulting SelfSim-Energy model simulates the energy consumption of each household in the context of urban 
evolution, explicitly representing interlinked energy use and urban dynamics. We apply SelfSim-Energy to Beijing, 
simulating its urban system evolution from 2021 to 2030, with a focus on domestic energy consumption. We find total 
electricity consumption increases from 29.1 to 32.3 billion kWh mainly due to population growth. Homeownership 
declines from 82.1% to 56.8%, leading to a reduction in energy-efficient technology adoption in homes from 78.2% 
to 69.1% for the example of low-energy lighting. These within-household trends help explain the observed increase 
in domestic energy consumption. We use scenario analysis to show how changes in population structure, land use 
development, and socio-economic trends interact to influence domestic energy consumption. This emphasizes 
the importance of incorporating urban dynamics to better represent and estimate future energy demand in the built 
environment.
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1  Introduction
Domestic electricity consumption is a critical compo-
nent of global energy use. According to International 
Energy Agency (2024), the global domestic electricity 
consumption is continually on the rise in recent history. 

It can be said to be one of the key drivers behind the 
surge in overall electricity consumption. In 2022, there 
was a rise of 13.8% year-on-year in domestic electricity 
consumption in China, which constitutes a significant 
part of the overall consumption seen to increase by 3.6% 
(The Central People’s Government, 2023). This increas-
ing electricity demand leads to several issues, such as ris-
ing electricity prices, fuel shortages, household energy 
poverty, and increasing carbon emissions (International 
Energy Agency, 2022; Rahmati et al., 2024). Therefore, it 
is necessary to identify the key factors affecting domestic 
electricity consumption, and further realize energy con-
sumption reduction and sustainable energy development.

Agent-based modeling (ABM) (Macal et  al., 2005) is 
a bottom-up approach that simulates the behaviors and 
interactions of individual entities to reveal patterns at 
macro-level. It can be flexibly used in developing energy 
consumption models in the context of spatial scales 
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(such as city and national scales). Furthermore, these 
agent-based energy models can be used to simulate the 
dynamic evolution of individual energy demand under 
different scenarios, such as implementation of various 
energy policies or diffusion of energy-frugal technolo-
gies. Although many agent-based energy models have 
been developed to examine household energy consump-
tion, most of them assumed a fixed urban context and 
overlooked urban dynamics (such as population and land 
use dynamics). In fact, many factors that affect energy 
demand are not fixed but co-evolve with urban dynam-
ics. For instance, economic development can change the 
employment structures and affect the time people spend 
at home, and subsequently influence their correspond-
ing domestic energy consumption behaviors. Without 
considering urban dynamics, these models are difficult 
to capture the complexity of real-world energy consump-
tion, in particular, the co-evolution of electricity demand 
with urban development.

To overcome the above limitations with existing agent-
based energy models, this study develops an agent-based 
integrated energy model, SelfSim-Energy, by incorporat-
ing a set of empirically-based energy consumption mod-
els into an agent-based urban micro-simulation model, 
SelfSim (Zhuge et al., 2016), so as to simulate energy con-
sumptions of each household in the context of urban evo-
lution. SelfSim-Energy dynamically estimates individual 
energy consumption and serves as a decision-support 
system for energy-related planning and policy-making.

2 � Literature review
2.1 � Domestic energy consumption models
A large number of studies has been aimed at develop-
ing domestic electricity consumption models that can 
accurately predict household energy usage consump-
tion. Broadly, these models can be divided into two main 
groups: top-down (Yu et al., 2025) and bottom-up mod-
els (Swan et al., 2009). Bottom-up models can be further 
divided into two main types: engineering-based and sta-
tistical models.

Top-down models estimating domestic energy con-
sumption are typically developed using aggregated data 
(such as national income, demographic statistics, and 
economic indicators), in particular, at the macro-scale 
(such as regional (Dai et al., 2023) and national (Jannuzzi 
et  al., 1991) scales). For instance, Jannuzzi et  al. (1991) 
focused on the connections among income levels, appli-
ance stock, and electricity consumption in Brazil. The 
study showed that the electricity consumption would 
increase faster than income, due to a growing number of 
household appliances. Bianco et al. (2009) developed a set 
of linear regression models to predict long-term electric-
ity demand in Italy. Their predictions deviated from the 

official country projections by −1% to −11%, which indi-
cated that the results provided adequate accuracy over a 
long-term time horizon. Ardakani et  al. (2018) tried to 
identify the determinants of household energy consump-
tion in Nordic countries, and they found population and 
the unemployment rate as key influencing factors. Top-
down models, although appropriate in depicting the 
overall trends of consumption at regional or national lev-
els, cannot represent the behavioral patterns of individu-
als, and are inadequate in providing a precise estimation 
of the impact of localized energy policies and interven-
tions (Zhang et al., 2012).

In contrast to top-down models, bottom-up approaches 
analyze domestic electricity consumption from a micro-
perspective, usually taking individual households and 
buildings as modelling units. They encompass a wide 
range of modeling techniques, generally classified into 
engineering-based and statistical methods. Engineering-
based models simulate energy use by modeling the opera-
tion of end-use appliances, and physical characteristics of 
buildings and their environments. Tools like EnergyPlus 
(Crawley et al., 2001; Ferrari et al., 2019) are commonly 
used for this purpose. For example, Shabunko et  al. 
(2018) collected energy profiles and billing data from 
400 residential buildings in Brunei Darussalam, based 
on which they developed three representative models 
for different building types using EnergyPlus. The mod-
els identified key factors (such as ceremonial activities), 
estimated energy density, and revealed a potential reduc-
tion in energy use ranging from 15% to 19.2% depend-
ing on building type. Based on the Residential Energy 
Consumption Survey (RECS), Heiple et al. (2008) devel-
oped a high-resolution model with spatial and temporal 
detail. This model has been found effective in generat-
ing detailed energy consumption profiles for buildings 
in Houston, Texas, and has supported research on urban 
heat islands and air quality. Although engineering-based 
approaches offer high-resolution and physically realistic 
simulations of electricity use, they require extensive input 
data and calibration (Craig et al., 2014).

In contrast, statistical methods offer a more data-
efficient alternative by modelling energy consumption 
through empirical relationships between household elec-
tricity use and explanatory variables such as dwelling 
type, occupancy, and appliance ownership. These models 
can be implemented rapidly across diverse settings. For 
example, Bedir et al. (2013) surveyed 323 Dutch house-
holds and applied a multiple regression model. They 
found that appliance usage duration, dwelling character-
istics, and household attributes significantly influenced 
electricity consumption. Santamouris et al. (2007) inves-
tigated how income disparities influence electricity con-
sumption and found that electricity costs per person and 
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per unit area were substantially higher for low-income 
households, likely due to poor building energy efficiency 
in this group. Chen et al. (2010) examined summer elec-
tricity consumption patterns across seven Chinese cities 
located in different thermal design zones. Results showed 
that significant variation in summer energy demand was 
likely driven by climate and housing characteristics. Sta-
tistical methods also enable end-use-specific estimates. 
Rosenberg (2014) developed a lighting-demand regres-
sion model using data from 45 Norwegian households, 
incorporating daily use, daylight duration, and tempera-
ture, for the model estimated lighting as 6–7% of total 
household consumption, which is consistent with the 
official data published by Statistics Norway in 2006. Parti 
et  al. (1980) introduced conditional demand analysis 
(CDA), which models energy use by appliance ownership 
and usage conditions (such as heating demand modeled 
solely in winter for households with heaters). However, 
there is a limitation associated with their core assump-
tion that is treating households as independent entities. 
This assumption fails to capture the complex interactions 
that drive real-world behavioral change.

2.2 � Agent‑based domestic energy consumption models
Taking into consideration the behavioral heterogene-
ity of individuals and their interactions, Agent-Based 
Modelling (ABM) is an increasingly employed bottom-
up method to simulate domestic energy consumption 
(Chingcuanco et  al., 2012; Du et  al., 2025; Tian et  al., 
2021). However, most of existing models assume a static 
urban environment, and thus neglect the influence of 
urban dynamics (such as population and land use dynam-
ics) on domestic energy consumption.

Agent-based energy consumption models that ignore 
urban dynamics generally focus on appliance ownership 
and usage patterns. For example, Cao et  al. (2017) inte-
grated life-cycle assessment into their model to evaluate 
the potential of adopting high-efficiency lighting systems 
in a long-term perspective. Ding et al. (2019) developed 
a model for student dormitories, and estimated con-
sumption of electricity and water based on students’ 
appliance ownership and time spent indoors. Another 
group of studies focuses on households’ daily activities 
and how their behavior changes in response to external 
interventions (such as policies). In cold-climate regions, 
Song et al. (2020) simulated heating behaviors and quan-
tified potential savings under various policy scenarios. 
Lee et al. (2014) examined how carbon reduction meas-
ures, such as subsidies and carbon taxes, could influence 
residential behaviors. Two studies conducted by Jensen 
et  al. (2015) and Jensen et  al. (2016), further assessed 
the impact of feedback devices on household decision-
making and energy consumption. These devices included 

both energy-related feedback systems and those provid-
ing information about indoor air quality. Alrobaian et al. 
(2023) proposed an optimization framework to deploy 
PVs and batteries devices, as well as manage household 
appliances operational schedule. This framework aimed 
to maximizing economic and energy effects, and house-
hold satisfaction.

Although most ABMs assume a static urban envi-
ronment, a few models have considered some factors 
related to urban dynamics. For instance, Tian et al. (2020) 
explored how change in income would influenced house-
hold energy behavior. In their model, household income 
evolved annually based on a predefined growth rate, 
which affected the energy consumption level and choice 
of fuel. In a subsequent study by Tian et al. (2021), income 
dynamics were further used to simulate households’ tran-
sitions from coal to electricity. Castesana et  al. (2013) 
considered more comprehensive population dynamics, 
including birth, death, aging and economic growth. These 
attributes were linked to residential energy use and car-
bon emission behaviors, so as to quantify the influence of 
population dynamics. Palmer et al. (2015) examined how 
life-stage transitions, including retirement, unemploy-
ment, childbirth, relocation, and household downsizing, 
affect energy behaviors and the adoption of energy-effi-
cient appliances. Focusing on land use, Song et al. (2022) 
assessed how variations in building height and ambient 
temperature would influence people’s energy behaviors, 
and captured the interaction between built environment 
evolution and energy demand.

However, only a few studies have simultaneously incor-
porated multiple dynamic urban factors into spatially-
explicit agent-based energy consumption models. For 
instance, Chingcuanco et al. (2012) developed an energy 
consumption model and integrated it into the Integrated 
Land Use, Transportation, and Environment (ILUTE) 
model, focusing on heating demand over time. Using a 
joint logit model, the model dynamically updated fuel 
and device choices of households, considering evolving 
socio-demographic and housing attributes. The model 
was applied to the Greater Toronto–Hamilton Area, to 
capture long-term patterns in domestic energy behavior 
from 1986 to 2006. Similarly, Tirumalachetty et al. (2009) 
developed agent-based frameworks combining land 
use, transport, and energy modules. The model primar-
ily served as decision-support tools to evaluate energy 
policy interventions. Wang et  al. (2018) introduced an 
energy consumption model into an open-source and 
widely recognized urban microsimulation model, Urban-
Sim (Waddell, 2002), to create an integrated framework. 
This comprehensive model was subsequently employed 
to examine the impacts of various land use policies on 
household energy consumption.
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2.3 � Research gaps and aims
Although there are many studies have developed agent-
based models to examine domestic energy consumption, 
most of them assumed a fixed urban context and over-
looked urban dynamics (such as population and land use 
dynamics). These evolving factors can significantly change 
home tenure, household composition, appliance adop-
tion, and may finally influence domestic energy consump-
tion (Bardazzi et al., 2020; Cho, 2019; Fu et al., 2014).

To address this gap, this study develops a regression-
based electricity consumption model and integrates it 
into an urban microsimulation framework, SelfSim. This 
results SelfSim-Energy, which distinguishes itself from 
many previous integrated Land Use-Transport (LUTI) 
energy models in the following three aspects. Firstly, it 
models a diverse set of agent types. SelfSim-Energy not 
only includes regular agents such as people, but also 
business occupiers, schools, and facilities. These agents 
are highly integrated and interdependent, which creates 
causal feedback loops that ultimately shape domestic 
energy consumption. Secondly, moving beyond the sin-
gle-use focus (such as space heating) of many integrated 
energy models, SelfSim-Energy simulates the dynamics 
of diverse types of appliances associated with energy con-
sumption. In particular, it explicitly models household 
decisions to purchase or dispose of these appliances in 
response to life events. This is helpful to identify which 
end-use drive energy consumption, and further offer cru-
cial insights for designing energy-saving policies. Third, 
SelfSim is developed as a GIS-based framework, which 
enables spatially-explicit simulation. So, SelfSim-Energy 
can explore how domestic energy demand evolves across 
the urban environment.

3 � Dynamic simulation of domestic energy 
consumption: SelfSim‑Energy

To simulate domestic consumption within the con-
text of urban evolution, we firstly developed a domestic 
energy consumption model based on empirical findings 
obtained from a questionnaire survey, and then incorpo-
rated it into SelfSim, an agent-based urban micro-simu-
lation framework. The resulting integrated framework 
is referred to as SelfSim-Energy. Section 3.1 outlines the 
structure and essential components of the SelfSim ver-
sion used in this study, and Sect. 3.2 details the construc-
tion of the energy consumption model and its integration 
into SelfSim.

3.1 � An urban micro‑simulation model: SelfSim
SelfSim is an agent-based urban micro-simulation plat-
form developed by Zhuge et  al. (2016) that treats city 
as a complex adaptive system. It integrates multiple 

interacting sub-models, including population dynamics, 
business occupier and school dynamics, real estate, land 
use, human mobility, and accessibility. These compo-
nents jointly simulate the co-evolution of demographic, 
economic, and land use processes within a dynamic 
urban environment. Each sub-model operates at the level 
of individual agents and interacts with others through 
dynamic feedback mechanisms over time. Full details 
on SelfSim can be found in an accompanying technical 
report (Liu et al., 2025). SelfSim is a modular framework, 
allowing users to remove or add new modules accord-
ing to research purpose. In this study, SelfSim will be 
extended by integrating an energy consumption module, 
and those less relevant modules, including social network 
model (Zhuge et al., 2018c) and transport facility devel-
opment model, will be removed in order to reduce the 
demand for disaggregate input data and increase com-
puting time, making SelfSim more feasible and efficient 
to apply.

Figure  1 provides an overview of the SelfSim version 
used in this study. The model consists of two modules: 
initialization and simulation. The initialization module 
sets up a virtual city for the study area, while the simu-
lation module governs the dynamic evolution of various 
agents and the environment over time.

(1)	 Initialization Module
	 The initialization module is responsible for con-

structing a synthetic urban environment by gener-
ating multiple types of agents and facilities.

•	Population: The population is generated at the 
household level, where each household agent con-
tains one or more person agents. Person agents 
are assigned with attributes such as age, educa-
tion, and gender, while household agents include 
information on household size and income. Typi-
cal methods for the population synthesis include 
Iterative Proportional Fitting (Beckman et  al., 
1996) and Combinatorial Optimization (William-
son et al., 1998).

•	Business occupier and school agents: SelfSim 
includes school agents and two distinct types of 
business occupiers, namely firm agents and busi-
nessman agents. The model distinguishes these 
business occupiers by their primary function. 
Firm agents represent entities that mainly pro-
vide production or administrative activities (such 
as offices and factories) and are assigned attrib-
utes such as size and age. Businessman agents 
represent consumer-facing services that pro-
vide shopping and leisure opportunities (such as 
retail stores, and restaurants), and they are also 
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assigned attributes like size and age. School agents 
provide educational places for person agents with 
student status; their key attributes include school 
type and the number of enrolled students. While 
functionally distinct, all three types of agents con-
nect to person agents through daily activities and 
provide workplaces for the employed population. 
Although these agents do not directly determine 
domestic energy consumption, they can indi-
rectly influence it by shaping employment struc-
tures and residential patterns, which in turn affect 
household energy demand.

•	Facilities: This SelfSim version considers those 
facilities used for residential, educational, work, 

and commercial activities. These activity facilities 
are categorized as residential facilities (housing 
for population agents), school facilities (used by 
school agents), and commercial facilities (used by 
business occupier agents).

•	Relationships: This SelfSim version simulates three 
main types of relationships between agents. The 
first type concerns relationships among person 
agents. Within each household, the model rep-
resents key familial ties, including parent–child, 
spousal, and grandparent-grandchild linkages. The 
second type captures interactions between person 
agents and facility agents (i.e., firms, businessmen, 
and schools) through employment, education, and 

Fig. 1  Framework of SelfSim and the connections between its core models
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consumption, reflecting daily activities such as 
working, studying, shopping, and leisure. The third 
type concerns facility ownership, which describes 
how agents are connected to different types of 
facilities. Household agents are linked to residen-
tial facilities either as owners or renters. Business 
occupier agents, including firms and businessmen, 
are connected to commercial facilities as renters. 
For school agents, the model assumes a one-to-
one assignment with school facilities.

	 A procedure of generating such a virtual city can 
be found in the work by Zhuge et  al. (2018b). It 
should be noted that the algorithms and methods 
in the virtual city creator may need to be adjusted 
according to the data availability in the study area. 
More details on generating a virtual city to initial-
ize SelfSim for this study can be found in Sect. 4.4.

(2)	 Simulation module
	 The simulation module captures the dynamic evo-

lution of agents, facilities, and their relationships 
over time. It simulates decision-making processes 
of individual agents, interactions among agents, and 
agent-environment feedbacks. Each simulation run 
proceeds in discrete annual steps, during which all 
sub-models are executed sequentially to update the 
virtual city. As illustrated in Fig.  1, the simulation 
consists of several sub-models as below (more tech-
nical details on each of them can be found in the 
SelfSim technical report and Appendix 2 in Supple-
mentary Materials):

•	Population dynamics model: The population 
dynamics model simulates the life-cycle transi-
tions of population, capturing a range of demo-
graphic processes including birth, death, immi-
gration, emigration, marriage, divorce, aging, 
education participation, employment status, and 
income changes. These transitions shape the com-
position and socio-economic status of the syn-
thetic population over time, and in turn influence 
various aspects of urban evolution such as labor 
supply, consumption demand, education demand, 
and household relocation.

•	Business occupier and school dynamics model: 
This model captures the evolution of firms, busi-
nessmen, and schools in response to changes in 
labor supply, education needs, and consump-
tion demand. It consists of three sub-models: 
firm dynamics, school dynamics, and business-
man dynamics models. Each simulates the birth, 
growth (such as changes in employee or student 
numbers), and closure of the respective agents.

•	Real estate market model: This model captures 
how agents choose locations and how their deci-
sions affect real estate price. For households, the 
model simulates relocation processes associated 
with demographic events. Two types of triggers 
are considered: mandatory triggers lead to imme-
diate relocation (e.g., newly formed households), 
while flexible triggers accumulate over time as 
household attributes change (e.g., household size), 
and only induce relocation once a threshold is 
reached. These households evaluate available resi-
dential facilities using a utility-based decision rule 
and are subsequently assigned to a new residential 
location through purchase or rental (Zhuge et al., 
2018a). For business occupiers, the model captures 
how new or relocating entities choose commercial 
facilities (Zhuge et al., 2019). Each year, the prices 
and rents of residential and commercial facilities 
are updated through a negotiation process. This 
process translates the aggregated utility derived 
from the location choice process into changes of 
prices and rents.

•	Facility development model: This model gov-
erns the development of new facilities, includ-
ing residential, commercial, and school facilities. 
The development of residential and commercial 
facilities is driven by predefined annual inputs 
specifying the number of new facilities and their 
capacities. In contrast, the construction of school 
facilities is triggered directly by school births. 
Once generated, new facilities are allocated to 
specific locations based on demand-related indica-
tors: residential and commercial facilities are more 
likely to be located in areas with higher real estate 
prices or rents, and school facilities tend to be 
placed in regions with larger student populations.

3.2 � Integration of a domestic electricity consumption 
model into SelfSim: SelfSim‑Energy

To simulate the spatiotemporal change of household 
energy demand, we extend SelfSim by integrating an 
energy consumption component comprising empirical 
models for appliance ownership, electricity usage behav-
iors, and annual electricity, all developed from survey 
data of Beijing (see Sect. 4.2).

Figure 2 illustrates how this component integrates into 
both SelfSim’s initialization and simulation stages. Dur-
ing initialization, each household agent is assigned elec-
tricity-related attributes—appliance ownership, usage 
patterns, and annual electricity costs— using random for-
est predictors and a linear regression estimator. During 
simulation, the integration follows a sequential updating 
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process. At each time step, the core SelfSim models first 
simulate urban dynamics, such as demographic changes 
and household relocation, to update the attributes of 
every person and household agents. Once these attrib-
utes are updated for the current simulation year, they 
are further used as inputs to the energy model to update 
energy-related attributes and estimate annual electricity 
consumption. The random forest models and the linear 
regression model remained fixed throughout the simula-
tion, and the evolution of energy consumption is driven 
by changes in household attributes.

3.2.1 � Initialization of electricity consumption attributes
The initialization stage generates household agents with 
electricity consumption attributes to be used in simu-
lating domestic energy consumption. This procedure 
includes three steps as follows:

Step 1: Generate energy consumption attributes for 
household agents. For each household in the synthetic 
population, a set of random forest models (Breiman, 
2001) are applied to predict appliance ownership, elec-
tricity usage behaviors, and reported certainty regard-
ing electricity expenditure. These models are trained on 
household survey data and take socio-demographic vari-
ables as input features. Formally, each model aggregates 
the outputs of multiple decision trees as Eq. (1).

Fig. 2  Integrating an empirically based energy consumption module into SelfSim
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where, ŷ is the estimated energy consumption attribute 
and C is the set of possible classes. Each decision tree 
ht(x) trained on socio-demographic features x , outputs a 
class label. The indicator function I[ht(x)] equals 1 if tree 
t  votes for class c , and 0 otherwise. The class with the 
highest total number of votes across all trees is selected 
as the final prediction y . In addition, for each appliance 
owned, a random age is assigned to allow for future sim-
ulation of appliance replacement based on predefined 
lifespans.

Step 2: Estimate initial electricity consumption. We 
apply the linear regression model in Eq.  (2) to the pre-
dicted appliance ownership and usage patterns to calcu-
late each household’s annual electricity expenditure. The 
estimated annual electricity fee is then converted into 
electricity consumption (kWh) based on the local elec-
tricity tariff.

where, Y  represents the annual electricity fee for each 
household; β0 is the constant term; Xi denotes the aggre-
gated energy consumption attributes (such as the inten-
sity of using an air conditioner for cooling), which are 
used as the independent variables in the model; βi are the 
corresponding regression coefficients.

Step 3: Calibrate household consumption based on 
reported certainty. To refine the accuracy of household-
level estimates, we use an optimization algorithm that 
re-adjusts the initial consumption of each household. 
The objective function forces the sum of adjusted val-
ues within each administrative district to approach the 
observed total residential consumption sourced from 
official energy statistics. Adjustments are weighted by 
each household’s survey-reported certainty (such as 
0%, 20%, 40%, or 60%), allowing for larger adjustments 
where uncertainty is higher. The resulting multiplicative 
adjustment factor for each household is then stored and 
remains fixed throughout the simulation.

3.2.2 � Simulation of household electricity use within urban 
dynamics

The simulation stage updates each household’s electricity 
consumption dynamically by modeling appliance turno-
ver and behavior changes. After runs the core simula-
tion models (see Sect. 3.1), household attributes such as 
demographic status, employment, income, and residen-
tial location are updated. Based on these updates, the 
energy consumption model then tracks each household’s 

(1)ŷ = argmaxc∈C

T∑

t=1

I[ht(x)]

(2)Y = β0 +

I∑

i=1

βiXi

electricity consumption. To capture response heteroge-
neity, the model categorizes household agents into three 
groups: newly formed households (typically resulting 
from immigration, marriage, or divorce), house-moving 
households, and other households. Each group follows 
a specific procedure to update its energy consump-
tion attributes. Finally, the linear regression model (see 
Eq.  (2)) is used to estimate annual electricity consump-
tion of each household. We outline update mechanisms 
of the three groups of household agents below.

(1)	 Update Attributes for Newly Formed Households
	 These households are generated with socio-demo-

graphic attributes attached through the demo-
graphic events simulated in SelfSim, including 
immigration, marriage, and divorce in the popula-
tion dynamics module. Once they are assigned a 
residential location through the real estate market 
model, the random forest models will predict appli-
ance ownership and electricity usage behaviors, and 
the linear regression model will estimate the annual 
electricity expenditure.

(2)	 Update Attributes for House-Moving Households
	 For households with residential relocation during 

the simulation year, the energy consumption model 
updates their electricity consumption attributes 
through a four-step method:

•	Step 2.1: Appliance transfer decision. Each house-
hold selects which large or white appliances to 
transfer to its new residence based on appliance 
category and tenure status before and after mov-
ing. We assume that large appliances (such as air 
conditioner) in rental properties are owned by 
the residential facility and thus cannot be trans-
ferred; renters leaving or entering a rental unit do 
not move large appliances. For all other cases—
namely, large appliances for homeowners and 
white goods (such as rice cooker) for all house-
holds—the decision follows the same rule: the 
model applies a series of random forest predic-
tors, using household socio-demographics and the 
new residence’s tenure status, to predict continued 
ownership for each appliance. If continued own-
ership is predicted, the household transfers the 
appliance; otherwise, it is left behind.

•	Step 2.2: Acquisition of new appliances. This step 
predicts whether households will purchase addi-
tional large appliances or white goods previously 
not possessed. White goods are modeled as direct 
purchase choices for all households. Large appli-
ances depend on tenure: homeowners may pur-
chase them outright, while renters only acquire 
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them when moving into units that already include 
these appliances.

•	Step 2.3: Disposal and replacement of appliances. 
Each simulation cycle increments each appli-
ance’s age by one year. When an appliance reaches 
its design life, it is removed from the household. 
Replacement follows two rules. For large appli-
ances in rental units, replacement is automatic as 
they are supplied by the residential facility. Oth-
erwise, a random forest model predicts whether 
the household chooses to replace the retired appli-
ance; If so, it purchases a new unit as a replace-
ment.

•	Step 2.4: Behavior update. The model will re-pre-
dict the household’s electricity usage behaviors 
annually using the random forest models.

(3)	 Update Attributes for the Other Households

For households that are neither newly generated nor 
relocating during the simulation year, the update process 
consists of the following three steps:

•	 Step 3.1: Disposal and replacement of appliances. 
This step follows the same logic as described in Step 
2.3 of Update Attributes for House-Moving House-
holds, where appliances that reach the end of their 
lifespan are removed and replacement decisions are 
made based on tenure and predicted demand.

•	 Step 3.2: Purchase of additional appliances. The 
model checks whether the household has experi-
enced triggering events (such as changes in house-
hold size). If the number of such triggers exceeds a 
defined threshold, the model predicts whether to 
purchase new appliances the household previously 
did not possess. The decision rules are consistent 
with those used in Step 2.2: for large appliances in 
rental properties, they cannot be purchased, as their 
ownership is fixed once the rental arrangement is 
established and does not change thereafter; in the 
other cases, the model applies random forest models 
to predict whether the household will own (through 
purchase) the appliance based on its updated attrib-
utes.

•	 Step 3.3: Behavior update. The model re-predicts 
each household’s energy consumption behaviors 
using random forest models.

4 � Applying SelfSim‑Energy
4.1 � Study area: Beijing
This study uses Beijing, the capital of China as the study 
area. As one of the most densely populated cities in the 
country, Beijing had a permanent resident population 

of approximately 21.89 million in 2020, with an average 
population density of around 1,312 persons per square 
kilometer. The city consists of 16 districts in a concentric 
circle. These 16 districts can be widely divided into three 
groups: central districts—Dongcheng (DC) and Xicheng 
(XC); subcentral districts—Chaoyang (CY), Haidian 
(HD), Shijingshan (SJS), and Fengtai (FT); and outer dis-
tricts—Mentougou (MTG), Fangshan (FS), Tongzhou 
(TZ), Shunyi (SY), Changping (CP), Daxing (DX), Huai-
rou (HR), Pinggu (PG), Miyun (MY), and Yanqing (YQ).

Increasing domestic electricity consumption has 
become a major issue in megacities such as Beijing, 
where it accounts for a huge proportion of total electric-
ity consumption. Specifically, The total domestic electric-
ity consumption in China grew from 251.6 billion kWh 
in 2019 to 334.6 billion kWh in 2023, showing a rapid 
increase of 33% during this period, whereas the average 
annual domestic electricity consumption per person rose 
from 1,168 kWh to 1, 531 kWh, which indicates the ris-
ing demand of electricity by residential sector (Beijing 
Municipal Bureau of Statistics, 2024). In response, the 
Beijing municipal government has implemented a series 
of policies to reduce electricity consumption. For exam-
ple, the government encourage residents to save electric-
ity through a tiered electricity pricing scheme, where the 
electricity price increases as consumption rises (Beijing 
Municipal Commission of Development & Reform, 2012). 
In addition, some financial policies are used to encourage 
residents to adopt energy-saving technologies, such as 
energy-efficient buildings (such as with high-performance 
building envelopes) (Beijing Municipal Commission of 
Housing & Urban–Rural Development, 2023) and energy-
efficient appliances (Beijing Municipal Commission of 
Development & Reform, 2024; Ma et al., 2023).

4.2 � Questionnaire survey in Beijing
To calibrate an energy consumption module for SelfSim-
Energy, we conducted a questionnaire survey in Beijing. 
The questionnaire is composed of four parts:

Socio-Demographic Attributes: This part collects 
both individual- (such as age, income, education) 
and household-level attributes (such as household 
income, household size);
Ownership and Usage of Appliances: This part col-
lects data on the ownership and usage behavior of 
various appliances for cooling, heating, lighting, and 
water heating, as well as other electrical devices;
Housing Characteristics: This part collects infor-
mation about the building where respondents live, 
including its size and the year of construction;



Page 10 of 21Liu et al. Computational Urban Science            (2026) 6:42 

Household Electricity Consumption: This part collects 
respondents’ annual electricity bills and their uncer-
tainty regarding the accuracy of their own bills.

The questionnaire survey was conducted from October 
19th to November 2nd, 2021 in Beijing, with 389 valid 
samples obtained. Figure 3 compares the spatial patterns 
of samples with population, indicating that their pat-
terns are similar and thus the samples should be spatially 
representative.

4.3 � Empirically‑based models for domestic energy 
consumption

4.3.1 � A linear regression model of annual electricity 
expenditure

We conducted a linear regression analysis of the survey 
data to identify factors that influence domestic electricity 
consumption. The variables collected from the question-
naire were divided into four groups: socio-demographic 
attributes, dwelling attributes, heating and cooling sys-
tems, and other variables. Using a stepwise procedure, 
we developed linear regression models for each group to 
identify the significant variables. Subsequently, the sig-
nificant variables from each category were integrated as 
independent variables to develop the final linear regres-
sion model. To enhance the robustness of the model, we 
only used samples that indicated being “very certain” or 
“certain” about their annual electricity bill (N = 196).

We included the statistically significant variables iden-
tified in the four separate models above as explanatory 
variables, and then developed an integrated model for 
annual electricity consumption. As presented in Table 1, 
the model demonstrated that both the intensity of air 
conditioners used for cooling ( Int_cool , defined as a 

composite of ownership, duration of use, and tempera-
ture settings) and cooking devices ( Int_cook , defined as 
a composite of cooking frequency and appliance owner-
ship) were significant positive variables, indicating higher 
usage intensity leads to higher consumption. It is worth 
noting that Int_cool also absorbs part of the variation in 
electricity consumption attributable to dwelling char-
acteristics, such as dwelling size (measured by number 
of bedrooms; Pearson’s r = 0.31, p < 0.01). Although the 
adoption of LED lighting was not found to be statistically 
significant in this model (p = 0.217), it was retained in 
the model for its importance in policy design. The model 
explained 12.4% of the variance in domestic electricity 
consumption. The explanatory power of the linear regres-
sion model is relatively low, because of the highly hetero-
geneous household energy consumption and unobserved 
factors. However, we retained this linear specification 
rather than adopting complex machine learning mod-
els to preserve the transparency of the agents’ behavio-
ral rules, which is crucial for tracing causal mechanisms 
in our scenario analysis. In addition, the whole SelfSim-
Energy model was calibrated and validated using the 
observed energy consumption data at both city- and 
district-levels, ensuring that the model could represent 

Fig. 3  Spatial distribution of actual population and survey samples

Table 1  An annual electricity consumption regression model in 
Beijing (R2 = 0.124)

Variable Coef. p

Int_cool 0.210 0.001

Int_cook 69.962 0.001

LED −288.008 0.217

Constant 2,188.867
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the real-world to some extent. More details on the model 
development can be found in Appendix 1.2 of the Sup-
plementary Information.

4.3.2 � Random forest models of electricity consumption 
attributes

Based on the results in Table  1, we developed a set of 
random forest classification models to estimate house-
hold electricity consumption attributes, including own-
ership of ten types of appliances and six electricity usage 
behaviors.

The modeling process was carried out in two stages. 
First, ownerships of appliances were predicted using 
household socio-demographic attributes (i.e., house-
hold income and residential facility ownership) as model 
variables. These ownership predictions were then used, 
alongside the original socio-demographic variables, as 
inputs in a second set of models to predict electricity 
usage behaviors. The complete list of predicted energy 
attributes is provided in Table  A1 in supplementary 
materials.

The models achieved an average classification accuracy 
of 0.72 and an average F1-score of 0.71, which were con-
sidered adequate for predictions in the SelfSim-Energy 
simulation. Household income and household size con-
sistently emerged as the most influential predictors. 
Detailed prediction results for all variables are reported 
in Appendix Table A8 in Supplementary Materials.

4.4 � Initialization, calibration and validation 
of SelfSim‑energy

4.4.1 � Initialization and calibration of the core SelfSim model
A virtual Beijing for the year 2018 was constructed using 
macro-level constraints (such as city-level distribution of 
socio-demographic attributes) and other micro-datasets 
(such as real estate micro data), as detailed in Table A9 in 
supplementary materials. To reduce computational com-
plexity, this virtual urban system was downscaled at a 
1:1000 ratio, meaning each agent in the model represents 
1,000 real-world individuals. This scaling reflects a trade-
off between computational efficiency and the level of 
detail in representing individual behavior. Given that the 
objective of this study is to examine how urban dynamics 
influence spatially aggregated patterns (e.g., at the district 
level), this level of downscaling is considered suitable for 
the intended analysis.

A synthetic population was generated using the Itera-
tive Proportional Updating (IPU) algorithm, which 
requires both micro-level seed data and macro-level 
constraints. For the macro-level constraints, we used the 
official demographic statistics for Beijing in 2018 (Beijing 
Municipal Bureau of Statistics, 2019). For the micro-level 

seed data, we utilized the personal and household attrib-
ute sections from three of our own questionnaire surveys 
(conducted in 2020, 2021, and 2023), pooling them to 
create a larger and more diverse sample. The IPU algo-
rithm then integrated these two data sources, resulting 
in a synthetic population containing 21,297 person and 
9,323 household agents.

For business and school entities, a direct 1:1,000 down-
scaling of the entity count was not appropriate. This is 
because many entities (such as universities) are limited in 
number. Consequently, a 1:1,000 reduction would result 
in an insufficient number of agents to achieve a mean-
ingful spatial representation. To balance model repre-
sentativeness with computational feasibility, we first set 
up a reasonable range (i.e., 500–1,000) for the number of 
agents in each category, so as to make the facility system 
scaled down appropriately. We then applied the Den-
sity-Based Spatial Clustering of Applications with Noise 
(DBSCAN) algorithm (Schubert et al., 2017) to Point of 
Interest (POI) data obtained from Gaode Map, tuning its 
parameters to generate agent counts that fell within this 
desired range. The DBSCAN-based facility aggregation 
is conducted at the district-level, preserving the relative 
spatial distribution of facilities across districts. This pro-
cess resulted in the final counts of 1,000 firm agents, 960 
businessman agents, and 522 school agents. It is impor-
tant to note that although the agent counts were deter-
mined by the clustering process and thus were not based 
on the 1:1,000 ratio, their collective functional capacity 
(such as the total jobs provided by firms) was scaled to 
this ratio, by assigning socioeconomic attributes based 
on 2018 macro-statistics.

The spatial locations for residential and commercial 
facilities were likewise sourced from POI data. A gravity 
model (Anderson, 2011) was employed to determine the 
real estate price for each facility, using an interpolated 
price surface as a key input. This price surface was gener-
ated based on micro-data obtained from HomeLink (one 
of China’s largest real estate brokerage platforms), and 
constrained by the 2018 district-level average real estate 
prices and rents.

We calibrated the SelfSim model by running simula-
tions for 2019–2020 and tuning key parameters to mini-
mize discrepancies between simulated and observed 
metrics, namely district-level population distribution and 
citywide average real estate prices and rents. The calibra-
tion was generally satisfactory: for district-level popula-
tion distribution, the mean absolute errors (MAE) were 
11.48% and 16.51% in 2019 and 2020, respectively. For 
average residential facility price and rent, the errors were 
6.68% and −5.4% in 2019, and 9.4% and −3.5% in 2020.
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4.4.2 � Initialization and calibration of the energy 
consumption module

Using the calibrated 2020 virtual Beijing model, we ini-
tialized each household’s energy attributes following 
Sect. 3.2.1. First, random forest models (see Sect. 4.3.2), 
trained with the Beijing survey data, predict each house-
hold’s appliance ownership, usage behaviors, and self-
reported annual electricity bill certainty based on their 
synthetic socio-demographic attributes. To facilitate the 
simulation of future appliance replacement, each appli-
ance was assigned with an initial age, randomly drawn 
from a uniform distribution within its expected lifespan 
(see Table  A10 in Supplementary Materials). Next, we 
applied the linear regression model (see Eq. (2)) to com-
pute each household’s annual electricity expenditure, 
which we converted to consumption (kWh) based on the 
local residential tariff rates. Finally, the initial household 

electricity consumption estimates for the year 2020 were 
calibrated using the method detailed in Sect.  3.2.1. In 
this application, each household’s potential consump-
tion adjustment was constrained by its predicted level of 
certainty, with allowed maximum adjustment ranges of 
0%, 20%, 40%, or 60%. The optimization process aimed 
to align the aggregated consumption for each of the 16 
districts in Beijing with the observed totals reported by 
Beijing Municipal Bureau of Statistics (2021). The results 
of this calibration show an acceptable level of accuracy 
when compared with observed data for the year 2020. As 
shown in Fig. 4, at the city-wide level, the total generated 
electricity consumption was 28.65 billion kWh, com-
pared to an observed value of 27.69 billion kWh, with an 
absolute percentage error (APE) of 3.5%. At the district 
level, the mean absolute percentage error (MAPE) was 
13.93%.

Fig. 4  A comparison between observed and generated electricity consumptions in 2020

Fig. 5  A comparison between observed and simulated electricity consumptions in 2021 and 2022
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4.4.3 � Validation of domestic electricity consumption
The model was further validated by comparing the simu-
lated domestic electricity consumption in 2021 and 2022 
against the observed values (see Fig. 5a and b). In 2021, 
the APE was 2.1% and the MAPE across districts was 
12.53%. For 2022, the APE and MAPE were 6.49% and 
16.16%, respectively.

4.4.4 � SelfSim‑Energy results from the reference scenario 
(RefSc)

We used the calibrated SelfSim model to simulate Bei-
jing’s urban evolution from 2021 to 2030, assuming that 
the system would evolve over time as assuming path-
dependent evolution of the system. The simulation gen-
erated detailed outputs on population dynamics and real 

Fig. 6  Annual total and average household electricity consumption

Fig. 7  Changes in population size, intensity of use of cooking devices, intensity of air conditioners use for cooling, and LED percentage from 2021 
to 2030
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estate prices (see Appendix 3.2 in Supplementary Materi-
als for more details).

Figure 6 presents the total and average household elec-
tricity consumptions over this period. While the total 
consumption rose from 29.06 to 32.31 billion kWh, aver-
age household consumption remained stable, increasing 
only marginally by 0.2% (from 3002 to 3008 kWh). This 
indicates that the growth in total consumption is driven 
primarily by the increase in the simulated population 
size, as shown by Fig. 7a.

To further investigate the stable pattern of the aver-
age household electricity consumption, we analyzed the 
changes in those influencing factors which are used as 
model variables for the household energy consumption 

estimation. As shown in Fig.  7b, the usage intensity of 
cooking devices (Int_cook) decreased by 34.92%, mainly 
driven by the reduced ownership of cooking appliances, 
which dropped from an average of 4.8 per household in 
2021 to 3.27 in 2030. This decline is consistent with the 
observed reductions in household size (–10%), the aver-
age number of underage household members (–39%), 
and the homeownership (–30.78%), all of which are posi-
tively associated with cooking appliance ownership. It 
should also be noted that in the current version of Self-
Sim, dwelling size is assumed to be proportional to the 
number of residents, meaning that household size essen-
tially determines dwelling size. Therefore, a more detailed 
analysis of dwelling size was not conducted at this stage. 
Similarly, Fig.  7c shows that the intensity of air condi-
tioners used for cooling (Int_cool) declined by 17.55%. 
Although household income increased, leading to a slight 
rise in the average number of units per household from 
0.80 to 0.87, both the duration of air conditioner used 
for cooling (Dur_cool) and the temperature of air con-
ditioners set for cooling (Temp_cool) decreased. Given 
that household size exerts a positive influence on num-
ber of hours of using air conditioner for cooling on week-
days (Cool_weekday, a behavior related to Dur_cool), 
and temperatures of air conditioners for cooling which 
was set during the day and night (Cool_day_temp and 
Cool_night_temp, two behaviors related to Temp_cool), 
its reduction also contributed to the decline in cooling 
intensity. While the reductions in cooking and cooling 
demand would generally reduce energy demand, Fig. 7d 
shows a decline in LED adoption which increases energy 
demand and so partially offsets these effects. Our survey 
results indicated that households owning a residential 
facility were more likely to adopt LED lighting. How-
ever, the declining homeownership, from 82.11% in 2021 
to 56.84% in 2030, may explain the lower LED adoption, 
and further contributed to the slight changes in average 
household electricity consumption.

Figure 8 compares the spatial distributions of electric-
ity consumptions in 2021 and 2030. In 2030, electricity 
use was concentrated in central and sub-central districts, 
largely mirroring population distribution. From the per-
spective of growth rates, most districts exhibit an upward 
trend in electricity consumption, primarily driven by 
population growth. This increase is particularly pro-
nounced in the two core districts (Dongcheng (DC) and 
Xicheng (XC)), where electricity demand has risen signif-
icantly by 109% and 149%, respectively. Likely, new com-
mercial and residential developments were focused in 
these core zones, reinforcing this pattern. These findings 
underscore that the spatial distribution of electricity con-
sumption is closely intertwined with land use dynamics.

Fig. 8  Spatial distribution of electricity consumptions in 2021 
and 2030
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4.5 � What‑if scenarios
4.5.1 � Scenario RetireDelay (ScRet): Impact of delaying 

retirement age
Population dynamics could influence household energy 
consumption, as appliance ownership and electric-
ity usage behavior may be linked to socio-demographic 
attributes. Therefore, we set up a “what-if” scenario, 
RetireDelay (ScRet), to explore the influence of the pol-
icy of delaying retirement age on domestic energy con-
sumption, with considering aging population has become 
a common issue to many cities. Specifically, in the sce-
nario, we changed the retirement age to 65 years for all 

person agents; while in reality, it should be 60 for men 
and 55 for women (the same as setting of Reference Sce-
nario (RefSc)). Delaying retirement directly affects per-
son agents’ employment status, resulting in a smaller 
proportion of retirees within households and the higher 
household income.

Following the implementation of the delayed retire-
ment policy, in 2030, the working population increased 
from 14.461 million in RefSc to 15.760 million in ScRet, 
with a growth rate of 9.0%. Correspondingly, the retired 
population declined by 35.90%, and household income 
increased by 7.31%. However, the homeownership fell 

Fig. 9  Influence of delaying retirement on domestic electricity consumption
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by 2.55%. This was possibly because the larger working 
population increased the demand for residential facil-
ity in central, employment-dense districts. Due to the 
high housing prices in these areas, more households 
were pushed into the rental market, lowering the overall 
homeownership rate.

Figure 9 compares ScRet and RefSc in terms of aggre-
gate and household-level electricity consumption in 
2030. Under ScRet, the total residential and average 
electricity consumptions slightly decreased by 1.2% and 
1.1% respectively. These declines were possibly driven 
by changes in energy consumption behaviors: the inten-
sity of use of air conditioners for cooling decreased by 

2.1%, and the intensity of cooking appliance use fell 
by 2.8%. These reductions might be attributed to the 
shorter time spent at home as the working population 
increases. In addition, although the homeownership 
decreased, the adoption rate of LED lighting technolo-
gies slightly rised from 68 to 69%, possibly because 
higher household income might have made households 
more willing to invest in energy-efficient appliances 
(Schleich, 2019).

In spatial terms, the delayed retirement policy also 
affects population distribution (through the residen-
tial location choice and real estate price model in Self-
Sim) and further associated electricity consumption 

Fig. 10  Spatial differences between ScRet and RefSc in population and energy consumption densities in 2030
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patterns. Figure 10 illustrates the spatial differences in 
2030 between RefSc and ScRet. As shown in Fig.  10a 
and b, in ScRet, more population allocated in Haid-
ian (HD), Xicheng (XC), Fengtai (FT) districts which 
offer more employment opportunities. This is because 
households evaluate the accessibility of residential 
facilities based on the commuting distance to the work-
places of household members in SelfSim. With more 
person agents remaining in the workforce under ScRet, 
residential facilities located closer to employment cent-
ers become more attractive due to higher accessibility 
scores. Consequently, electricity consumption densities 
in Xicheng, Haidian, Fengtai districts show a significant 
increase in ScRet (see Fig. 10c and d).

4.5.2 � Scenario Tongzhou (ScTZ): Investigating the influence 
of the development of a new urban sub‑center

Apart from population dynamics, land use change 
could also be another factor which can greatly influence 
domestic energy consumption. As shown in RefSc (see 
Sect.  4.4.4), the development of new facilities may sig-
nificantly influence the spatial pattern of domestic elec-
tricity consumption pattern. To further examine this 
effect, we designed a “what-if” scenario, Scenario Tong-
zhou (ScTZ), which explores the impact of concentrating 
new facility development in Beijing’s sub-center, Tong-
zhou (TZ) district. Unlike RefSc, where new facilities 
are distributed citywide based on agents’ demand, ScTZ 
assumes all new residential and commercial facilities are 
allocated exclusively to Tongzhou (TZ) during the simu-
lation period.

Overall, ScTZ had almost the same total electric-
ity consumption and average household electricity 

consumption as RefSc, suggesting that exclusively allo-
cating new buildings to Tongzhou (TZ) would have little 
influence on energy consumption patterns at the macro 
level (see Fig. 11).

However, spatial outcomes revealed notable differ-
ences. As shown in Fig. 12a and b, by 2030, the popula-
tion density in Tongzhou’s (TZ’s) central area became 
comparable to that of Beijing’s core urban districts. While 
nearby districts (such as Dongcheng (DC) and Xicheng 
(XC)) experienced a noticeable reduction in popula-
tion density. This spatial redistribution was primarily 
driven by two mechanisms within the real estate model 
(including residential location choice and real estate price 
model as well as firm/businessman location choice and 
commercial facility rent model). The concentration of 
newly developed residential facilities directly increased 
the likelihood that household agents would relocate to 
Tongzhou (TZ). In addition, the growing number of 
commercial facilities raised the probability that firm 
and businessman agents are located there. This results 
in a higher concentration of employment opportunities, 
which improves the accessibility of Tongzhou (TZ) and 
further encourages households to settle here. This spatial 
redistribution directly influenced electricity consump-
tion patterns. As shown in Fig. 12c and d, domestic elec-
tricity consumption in Tongzhou (TZ) increased by 66% 
relative to RefSc, while Dongcheng (DC) and Xicheng 
(XC) saw decreases of 54% and 46%, respectively. These 
results suggested that prioritizing building development 
in Tongzhou (TZ) could effectively change population 
patterns, therefore easing electricity demand in over-
crowded central districts.

Fig. 11  Influence of concentrating new facility development in Tongzhou (TZ) on domestic electricity consumption
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5 � Conclusions
This study developed SelfSim-Energy, a framework 
combining the urban dynamic models of SelfSim with a 
regression-based energy consumption model. SelfSim-
Energy can simulate domestic electricity consumption 
within the context of urban evolution, capturing interac-
tions between energy, population, and land use.

We applied SelfSim-Energy to Beijing, simulating the 
evolution of the urban system from 2021 to 2030 from 
a micro-perspective. We then developed two "what-if" 
scenarios—delaying retirement age, and concentrat-
ing facility development in Tongzhou—to demonstrate 
how urban dynamics would influence domestic energy 

consumption. Our results showed that domestic electric-
ity consumption is closely related to other urban systems, 
highlighting the importance of considering urban dynam-
ics when developing energy consumption models. In the 
reference scenario, total electricity consumption stead-
ily increased, primarily driven by population growth and 
declining LED adoption rates (associated with a decrease 
in homeownership). Delaying retirement age slightly 
reduced overall electricity use while shifting demand 
towards districts offering more job opportunities, such 
as Xicheng and Haidian. Concentrating development in 
Tongzhou effectively redistributed energy demand by 
moving the population out of the central districts. This 

Fig. 12  Spatial differences between ScTZ and RefSc in population and energy consumption densities in 2030
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scenario demonstrated the potential of land use planning 
to balance spatial energy demand.

Our study points to important policy insights. Firstly, 
decreasing homeownership is associated with the lower 
adoption rate of energy-efficient appliances such as LED 
lighting. This is consistent with the principal agent prob-
lem (International Energy Agency, 2007) which describes 
how the interests of owners (landlords) and tenants are 
misaligned. Landlords are unwilling to bear upfront 
investment costs in energy efficiency that yield energy 
cost savings for tenants, while tenants have limited incen-
tives to invest in properties they do not own. These “split 
incentives” need tackling through policy instruments 
such as targeted subsidies or incentive schemes for both 
landlords and tenants to promote the uptake of energy-
efficient appliances (Wilson et al., 2015). Secondly, aging 
population and the policy of delaying retirement age 
alters the spatial pattern of electricity demand. The spa-
tial distribution of the working population should be 
taken into consideration in urban and energy infrastruc-
ture planning. Thirdly, guiding new urban development 
to sub-centers can effectively help alleviate pressure on 
electricity systems in central districts.

SelfSim-Energy currently relies on a regression model 
of annual household electricity usage, and cannot cap-
ture intraday appliance usage patterns. Thus, this model 
is limited in modeling time-varying demand and peak 
hourly load that directly place significant stress on grid 
infrastructure. Despite this limitation, annual electricity 
consumption remains a useful indicator for infrastruc-
ture planning, as it reflects the long-term trend and spa-
tial distribution of energy demand. These patterns help 
identify areas that are more likely to face electricity pres-
sure in the future and can be used to assess how poli-
cies influence residential energy demand over time. To 
address the limitation, we will develop an activity-based 
model that could estimate electricity consumption based 
on appliance usage activities in future. This activity-based 
model would enable a more realistic simulation of resi-
dential load profile, and could explore how changes in 
out-home activity (such as change in workplace and 
shopping frequency) would influence domestic energy 
consumption. Another limitation is that the model treats 
the physical characteristics of the environment in a sim-
plified way. In particular, it does not capture how build-
ings evolve over time or how they may interact with 
households (e.g., through changes in energy efficiency or 
retrofit decisions). Accounting for these processes would 
help better represent long-term changes in residential 
energy demand, and will be considered in future model 
development.
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