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Abstract: In this paper, we developed a new integrated analysis environment in order to thoroughly
analyses urban-building energy patterns, named IUBEA (integrated urban building energy analysis),
which focuses on energy modeling and analysis of a city’s building stock to support district or city-scale
efficiency programs. It is argued that cities and towns account for more than two-thirds of world energy
consumption. Thus, this paper explores techniques to integrate a spatial analysis environment in the
field of urban building energy assessment in cites to make full use of current spatial data relevant
to urban-building energy consumption and energy efficiency policies. We illustrate how multi-scale
sampling and analysis for energy consumption and simulate the energy-saving scenarios by taking as an
example of Greater London. In the final part, is an application of an agent-based model (ABM) in IUBEA
regarding behavioral and economic characteristics of building stocks in the context of building energy
efficiency. This paper first describes the basic concept for this integrated spatial analysis environment
IUBEA. Then, this paper discusses the main functions for this new environment in detail. The research
serves a new paradigm of the multi-scale integrated analysis that can lead to an efficient energy
model, which contributes the body of knowledge of energy modeling beyond the single building scale.
Findings also proved that ABM is a feasible tool to tackle intellectual challenges in energy modeling.
The final adoption example of Greater London demonstrated that the integrated analysis environment as
a feasible tool for building energy consumption have unique advantages and wide applicability.
Keywords: integrated spatial analysis; building energy efficiency; multi-resolution analysis;
scenario analysis

1. Introduction
Cities and towns account for more than two-thirds of world energy consumption [1], a significant
proportion of which is spent on operating buildings. Ambitious national energy and emission reduction
targets necessitate that energy demand due to buildings is considered as an important measure
when any future evolution of a district or city is planned. Not only the accounting of present-day
energy consumption of the built environment by regions and by sectors, but also the prediction
of achievable reductions to meet relevant 2020–2050 emissions targets. Indeed, in order to reduce
energy consumption and associated carbon emissions globally, more attention should be focused on
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urban-scale energy analysis of the built environment. Urban planners typically use spatial analysis
techniques to inform planning decisions. Ascione et al. developed a domestic energy demand model
for both winter and summer and with reference to the entire urban context, and the methodology is
transferred into Geographic Information Systems (GISs) [2]. A number of studies have been performed
to analyse the possibility of using geospatial parameters to reflect the relative influence on energy
demand, such as local temperatures, floor space index, and composition of building types [3–11].
However, there is a lack of an integrated spatial analysis platform that can allow for urban planners to
run standard urban planning analysis that can make full use of current spatial data relevant to energy
consumed by the built environment.
More importantly, many studies have proven that human behavior has a significant role in
energy consumption patterns of buildings in urban settings. The uncertainty that is caused by
occupant behaviors accounts for a significant discrepancy between the predicted and actual energy
usage [12–15]. Yusuke Kishita et al. point out one critical obstacle in planning long-term strategies for
achieving an energy efficiency society is the uncertainty of various external factors, such as consumers’
behaviors and technological advancement [16]. Timm S.N. and Deal B.M. simulated energy use of
community college in Illinois by examining how the role of real-time information affects building
occupant attitudes and behaviors [17]. Hui Ben and Koen Steemers identified household archetypes
and behavioural patterns in order to allow a targeted approach in energy-saving policy and retrofit
improvement [18]. Zhao et al. describes a preliminary ABM energy model on simulating commercial
buildings modeled as consumer agents that interact with the power grid [19].
In a city, human behaviors may be correlated with variable economic or social reasons, employment,
may be correlated with financial status population, household tenure, council tax bands, etc. In these
studies, energy consumption (i.e., buildings) is usually modeled as an aggregated, and fixed-load profile on
the basis of building consumers in terms of design and operation. These models focused on the electricity
generation and transmission in single building level, but cannot model the diversity and dynamics of energy
consumption of buildings in terms of behavior and spatial features. However, it is very likely behavior
factors affecting energy use have positive spatial autocorrelation in city context. Neighborhoods tend
to cluster together with similar energy use behaviors [20–22]. Therefore, it is important to consider
spatial effects as well as occupants behaviours in analysing energy consumption patterns of buildings in
urban settings.
Therefore, we develop a new integrated analysis platform that can be used to analyses energy
consumption patterns due to buildings at the district and city scale, which also enables a technological
innovation by agent-based model (ABM) for behavior modeling and scaling-up to the city level.
The ABM allows for trade-offs between their environment, societal, and economic impacts to inform
planning regulations and policy scenarios.
This new computational model can be used for spatial data visualization, data query, correlation
analysis, regression analysis, scenario analysis, and optimization of districts. The model is named
integrated urban building energy analysis (IUBEA) from the initial letters of Integrated Urban Building
Energy Analysis. The data used in the IUBEA includes physical features of buildings (e.g., size,
volume) per use type and per district, demographics, economics (e.g., cost of land), and energy data
at various spatial scales in cities. Another important feature of this computer model is that it is
programmed within an open-source software (Netlogo), which allows other users to access it easily.
In addition to being open-source, Netlogo [23] is chosen in this project because it has many functions,
such as scenario-based analysis, GIS (geographic information system) environment, and agent-based
modelling. Furthermore, it has several extensions to link with other programs, such as statistical
program R and numerical computing environment MATLAB.
In IUBEA, we implemented the ABM model through a case study of London. Agent-based
modeling (ABM) is a technique for bottom-up modeling, providing an alternative perspective to those
that can be attained by using optimization or general-equilibrium approaches [19]. Findings proved
that ABM is a serves a new paradigm of integrated analysis with transparency and user interactivity.

Sustainability 2018, 10, 4235

3 of 19

This paper explores techniques to integrate a spatial analysis environment in the field of urban building
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3. Main Functions
3. Main Functions
The analyses in IUEBA are implemented through four functions. The first displays the data
The analyses in IUEBA are implemented through four functions. The first displays the data
spatially and can be used for data query at different spatial levels in cities. The second is to explore
spatially and can be used for data query at different spatial levels in cities. The second is to explore
the relationship between various factors and energy consumption using correlation and regression
the relationship between various factors and energy consumption using correlation and regression
analysis and create statistical energy models. The third is to study the effects of different scenarios on
analysis and create statistical energy models. The third is to study the effects of different scenarios on
building energy use, named “scenario analysis”. The fourth is to investigate the optimization zones
building energy use, named “scenario analysis”. The fourth is to investigate the optimization zones
using mixed-use method based on energy use intensity of districts. This section will describe these
using mixed-use method based on energy use intensity of districts. This section will describe these
four main functions in detail.
four main functions in detail.
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3.1. Spatial Visualization and Data Query of City Scale Energy in IUEBA
IUBEA can be used to display both polygon and point data in cities. The user can choose the
relevant spatial scale for analysis. For example, a city can be divided into ten districts, or further
subdivided into hundreds of smaller neighborhoods, in which there are several data sets, such as
energy and population. This city may be also further subdivided into one hundred small areas for
more detailed analysis, such as population and employment. The model can be easily switched to any
spatial scale during the analysis.
IUEBA supports data query. For instance, analysts may want to know how many areas in a city
consume more than the average electricity across districts. This query can be also used to obtain the
minimum and maximum values for a given variable. For example, this function can find a zone that
has the largest energy consumption in a city.
The environment can also display data in either absolute or relative mode. Absolute mode
means to display the values that are associated with an attribute directly. Relative mode displays
the data as percentage or ratio of a reference value. For a land use category and for the floor area of
a certain building type, the relative mode displays the percentage of selected land use or floor area
of a building type in a district, with respect to the total land area and floor area of buildings in the
district, respectively. The relative mode for all other data (demographics, ratable value, and energy
consumption) is calculated as per (1), which is essentially normalizing the data with respect to its
maximal value across all districts.
S
sri = N i
(1)
∑ j =1 S j
In Equation (1), Si is the value of selected floor area data in current polygon i, N is the number
of building types in polygon i, i. The relative value of polygon i for energy/cost/demographics, ri ,
is formulated as
Ei − Emin
ri =
(2)
Emax − Emin
In Equation (2), Ei is the energy/cost/demographics of polygon i, and Emax and Emin are the
maximal and minimal value of data in all polygons, respectively; and, sr is calculated as relative result.
The total energy consumption of buildings in a district can be expressed as the sum of energy
consumption of its constituent buildings in the following form:
N

Ek =

∑ EU I (i)· PA(i, k)

(3)

i =1

where, Ek is the energy consumption of a district k in kWh/m2 / year, normalized by its total building
floor area. EU I (i ) is the energy use intensity of a building type i in kWh/m2 /year, PA(i, k) is the
percentage of built floor area of building type i in district k, and N is the total number of building types.
3.2. Correlation Analysis of Energy Efficiency
The analysis in this project has two main aims: interpretation and prediction. Both correlation
and regression analysis can be used for interpretation, while only regression can be used for the
purpose of prediction. Interpretation is to understand the relationship between energy and various
independent variables. For instance, analysts may be interested in how the population number or floor
area influences the energy consumption of districts, and which of the two variables has more significant
effects on energy consumption. Prediction is used to investigate how changes in independent variables
will result in changing the energy consumption of a district. For example, it may be of interest
to quantify the change in energy consumption due to future growth of household or population
numbers. Note that, whilst regression analysis can deal with one or multiple independent variables,
the correlation analysis is used for only two variables.
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The regression analysis currently implemented in IUBEA concerns the influence of land use
in different districts of London on their energy consumption in Equation (4). In this example, nine
categories of land use and 10 categories buildings of non-domestic buildings in London are considered
the percentage share.
building

Êt = constant + β building × St

+ β road × Stroad + · · · + ε

(4)

where: Êt is estimated energy consumption of a given area t; β building , β road , . . . , are the coefficient of
building

building, road, etc.; St
, Stroad , . . . , are the area of building, road, etc. in a given area t; ε is the
random error term.
The equation above is only suitable for linear models. More complicated non-parametric
regression methods will be added in a future version of IUBEA to analyses non-linear relationships.
3.3. Energy Scenario Analysis
Scenario analysis is used for what-if analysis. The function in this section is different from
“regression analysis”, as explained in Section 3.2. Scenario analysis does not implement regression
method but it depends on only independent variables. Therefore, this method is more flexible
compared to regression analysis because it is suitable for the situation where energy consumption
data are unavailable in some spatial scales or some areas of a city. To implement the scenario
analysis, analysts should have good knowledge on the effects of these independent variables on
energy consumption. Furthermore, some form of validation of energy calculations is necessary to
confirm that the prior assumptions in the model are appropriate.
To illustrate this method, an example is given based on floor area per building type because energy
use per floor area in terms of building types is more well-known in comparison with other independent
variables, such as population, employment, and income. Firstly, this section is to describe the formulation
and methodology use in this energy scenario analysis. Then, the baseline scenario is discussed to compare
the calculated energy use with actual energy data. The third section is to discuss three different scenarios:
electrification, change of building types, and improvement of energy efficiency.
3.3.1. Baseline Scenario
The total energy consumption of buildings in a district can be expressed as the sum of energy
consumption of its constituent buildings in the form of Equation (3).
This baseline scenario is to compare the calculated energy consumption with the actual energy
consumption in cities. This step is very important. Therefore, analysts may use different assumptions
based on their prior knowledge on energy use intensity in terms of building types. In this environment,
may be based on three different sources of information: benchmark values, median values, and Monte
Carlo method. The benchmark values are based on low, typical, and high values (EUI) provided in
standards, such as the CIBSE Guide F and CIBSE TM46. The median values are from actual observational
energy data, but only use median values for different building types. Display Energy Certificate (DEC)
and Energy Performance Certificate (EPC) data. Monte Carlo method is from actual energy data to directly
sample the values from these actual data randomly in order to calculate the distributions of total energy
use. Analysts may choose one or all these three methods based on data availability. As more building
energy use data becomes available, the third method may be used to thoroughly explore building energy
consumption patterns in cities.
3.3.2. New Scenario
This section will describe three new scenarios to explore the possible change of energy
consumption in cities.
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Electrification scenario: It seems that there are more benefits for electrification in building sector
if grid electricity can become gradually less carbon intensive. As an example, electricity emission
factors in the UK have been reduced around 35% from 1990 to 2010 [24]. This energy scenario is
to explore how the total energy or carbon emissions would change if the building sector would
use electricity instead of gas for heating.
Building type conversion scenario: In urban environment, it may have to change building types
due to economic or social reasons. Then, it may be of interest to investigate the change of building
types on the energy consumption in cities.
Energy efficient Scenario: In order to reduce carbon emissions, it is important to understand
how the improvement of energy use efficiency may influence the energy consumption in cities.
Thus, this scenario allows analysts studying the influences of change of energy use intensities for
different building types.

3.4. Energy Optimization Based on Compositional Data
The purpose of energy optimization in this section is to find the best energy performance area in a
city and calculate the overall difference of compositional data (independent variables) from this best
area and other areas. The overall differences mean the extent of efforts that are needed for a specific area
to get the best area ratios in best performance area in terms of energy consumption. The compositional
data here means the elements are not negative and sum to unity. For instance, the proportion of floor
area for different building types in an area can be regarded as compositional data.
As an example, the following descriptions are based on the proportions of floor area in different
building types in different city areas. It is assumed that a city has ten districts and the buildings can be
divided into five types: residential, office, retail, education, and others. Both the energy consumption
and the proportions of floor area in terms of five building types in these ten areas are available.
The calculation for energy optimization is as follows:
(1)
(2)
(3)

(4)

obtain energy consumption intensity normalized by total floor area in all ten districts; and,
find the area with the minimum energy intensity from all the ten districts. This area (called BEST
area) is regarded as the best energy performance area.
Use the proportions of five building types in this BEST area as a base case to obtain the absolute
differences of proportions for all the other nine areas. Then average these differences to obtain the
overall differences for all these nine areas. Apparently, the overall difference for the BEST area is zero.
Rank all the areas based on these overall differences in all the area.

The calculation that is described above is a simple method to find the best energy performance zone
and also can assess the differences of compositional data from this best performance area and other areas.
The independent variables may include floor area for different building types, household number for
different house types, land area for different land uses, employment for different industries, population
numbers for different age groups, etc. The best performance areas in terms of these single indicators may
be different. If it is assumed that these indicators are equally important, analysts can find the best energy
performance zone with the least rank numbers by averaging all of these ranks from different indicators.
3.5. Agent-Based Energy Model
3.5.1. Implement Agent-Based Model (ABM) for Energy Efficiency and Behaviour Simulation
The application of this section will facilitate the deployment of energy efficient buildings,
socio-economic impacts and energy supply technologies in city design, by developing quantifiable,
system-level models that assess their feasibility and implementation in the wider context of socio-economic,
and regulatory characteristics of the city. The system-level model will not only enable a more robust
scaling-up of the impact of technological innovations up to the city level, but also allow for trade-offs
between their environment, societal, and economic impacts to inform regulations and policy scenarios.
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3.5.2. Formulation and Methodology of Model Simulation
This work seeks to provide an integrated, spatially and temporally diverse representation of urban
energy use but within a generalized framework. The ‘integrated’ and ‘diversity’ mean integration
of multiple supply vectors and diverse resource demand, respectively. As the heart, human-activity
simulation with agent based model and micro-simulation generate all resource demand in various
sites, like retail, cinema, school, office, factory, etc. Resource demand are clustered and converted into
various energy consumptions, such as domestic electricity, commercial gas, etc. Human short-term and
long-term interventions are critical for an Urban Energy Model. In this research, they are supported
and implemented through a flexible way, policy-agents.
The major assumption of this approach is that the optimal distribution of resources in spatial polygons
could improve energy use intensity. Each polygon has character named “spatial characteristics”, which is
determined by its social structure and economy level. Social structure consists of population density, land
density (domestic floor area), employment density, density of industry), and economy level consists of:
land cost. Distribution of energy is related to population and employment. We assume that population
will migrate to neighboring polygons finding better resources by policies influence. The judgment of better
resource is determined by policies. People migrate to neighboring MSOA according to accumulation of
different energy sources.
Weights of each energy source can be set for denoting different policies. Depending on the use
case, the object can be filtered to a subset of buildings by building type, year built, total floor area,
energy use intensity (EUI), and peak electricity load per area.
1.

Initiate model Environment in IUBEA:

•
•
•
2.

Energy Consumption Source: Lighting, HVAC (heating, ventilation, air-condition,
cooling), Equipment.
Energy Sources: Gas, (Oil), Electricity, Renewable Energy (Solar, Wind, Biogas, Bio-diesel).
Environment Sources: Residential, Commercial, Industrial, Transport

Formulation and Methodology

EU Imsoa = α × e

N population
c p ×∑ M Sbuilding
J =1

+β×e

Nemployment
ce ×∑ M Sbuilding
J =1

(5)

where EU Imsoa is the energy use intensity of middle super output area (MSOA). Npopulation and
Nemployment is the number of population and employment, respectively, in MSOA. Sbuilding is the
floor area of each building type and M is the number of building types. c p and ce are coefficients
to adjust the strength of population and employment that can be determined before regression in
order to control the weights of population and employment.
N

EU Imsoa =

M

∑ ∑ Sbuilding [α × e

N population
c p ×∑ M Sbuilding
J =1

+β×e

Nemployment
ce ×∑ M Sbuilding
J =1

]

(6)

i =1 j =1

Equation (2), elaborates the calculation process of energy consumption of local authority Ela based
on the EU I computed from Equation (1). N here is the number of MSOA in local authority and M is
the number of building types for a specific MSOA.
4. A Case Study of London Building Energy Analysis
4.1. Description of the Analysis Cases
London has been used as a case study to explore its building energy patterns with this new
integrated GIS environment. In this case study, London has been divided into three spatial scales: LA
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(local authority, also called borough), MSOA (middle layer super output area), and LSOA (lower layer
super output area). London has 33 LA areas and the city of London is also regarded as a special LA in
this study. According to the UK census 2001, London has 983 MSOAs and 4765 LSOAs. MSOA and
LSOA areas are created based on population and household number. Note that there is a change of
these MSOA and LSOA areas in 2011 census due to population and household changes from 2001 to
2011. In this analysis, the 2001 version has been used in order to be in line with the energy data that
are based on 2001 MSOA and LSOA areas.
Table 1 lists the data sets that were used in this paper. These data can be divided into three
categories: energy, area, and social economic factors. The data used in this analysis is from the year of
2010 if not specified.
Table 1. Date source used in this analysis.
Theme

Energy

Area

Social economy

Data Set

Reference

Electricity/Gas at borough level
Electricity/gas at MSOA and LSOA
EPC (energy performance certificate)
DEC (Display energy certificate)
Land use area
Floor area
Population
Household
Employment
Rateable values

(DECC, 2013c)
(DECC, 2013b) (DECC, 2013a)
(UK DCLG, 2013)
(UK DCLG, 2013)
(UKMap, 2011)
(UKMap, 2011) (Choudhary, 2012)
(London datastore, 2013)

The energy data includes regional data and point energy data in London. The regional energy
data means the total energy in a specific area, while the point energy data is the energy data for
individual buildings. Both electricity and gas data in domestic buildings in London have good quality
from LA to MSOA levels, although the energy data in a few number of MSOA areas is unavailable [25].
For non-domestic energy data, there are full data at LA level from UK DECC [26]. For MSOA gas
data in the London non-domestic sector, the data quality is also fine except for a small numbers of
MSOA areas, whereas the electricity data at MSOA level is almost impossible to use since most of data
are unavailable due to disclosure issues [27]. The point energy data in this paper is from UK DCLG,
including DEC (display energy certificate) and EPC (energy performance certificate) [28].
The second type of data is related to land use and floor area. The land use data is directly from
UK Map London [29], while the floor area is based on the method described in [30]. UK Map is
a detailed mapping database for London, containing rich information on land use, building types,
and building heights.
The third type of data is social economic data, including population, household, employment,
and rateable value in London [31]. The rateable values are the open market annual rental value of a
non-domestic property from UK VOA (valuation office agency).
4.2. Results
As described in Section 3, many types of analysis can be implemented. In this section, we only
show some results of corresponding four main functions that are described in Section 3.
4.2.1. Energy Use and Spatial Factors
This section is to display the spatial distributions of social-economic factors and the relations
with energy consumption in non-domestic properties in visually, such as rateable values, employment,
population, etc. Rateable values are the open market annual rental value of a non-domestic property
in the UK [32], which is based on various factors, such as location, use, age, size, and physical state.
The reasons of choosing this variable is that there might be correlation between rateable values and
energy consumption in non-domestic building to some extent. Figure 3a shows spatial distribution of
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The correlation analysis has also been implemented to calculate the correlation coefficients between
non-domestic properties at LA levels. 2MSOA level is not chosen in this analysis, since2 the electricity
gas/electricity energy intensity (kWh/m ) and total bulk rateable values (pounds/m ) for non-domestic
data is unavailable at London MSOA level, as explained in Section 4.1. Total bulk rateable values here
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all bulk rateable values, while there is a weak correlation (0.11) between gas use intensity and all bulk
rateable values.
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Figure 4. Regression analysis for spatial-unit electricity and floor area: (a) population with domestic
Electricity; (b) employment with domestic Electricity; (c) population with non-domestic electricity;
(d) employment with non-domestic Electricity in London LA (local authority) level.
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4.2.5. Agent-Based Energy Models in IUBEA
4.2.5. Agent-Based Energy Models in IUBEA
Figure 8 shows the functions of agent-based energy models in IUBEA. The test case is based on
Figure 8 shows the functions of agent-based energy models in IUBEA. The test case is based on
simulation people migrating, according to an accumulation of different energy sources. An initial,
simulation people migrating, according to an accumulation of different energy sources. An initial,
simplified module has been created using NetLogo that need to be loosely-coupled to other modules
simplified module has been created using NetLogo that need to be loosely-coupled to other modules
in IUBEA through defined interfaces in NetLogo platform. The ability to examine the effect of
in IUBEA through defined interfaces in NetLogo platform. The ability to examine the effect of sociosocio-economic impacts, such as policy levers or demographic changes will also be included in the
economic impacts, such as policy levers or demographic changes will also be included in the model.
model. Weights of each energy source can be set, denoting different policies. From the results each
Weights of each energy source can be set, denoting different policies. From the results each MLSOA
MLSOA has its own distribution of resources and population. Population (agent) will autonomously
has its own distribution of resources and population. Population (agent) will autonomously migrated
migrated to find optimal resources in neighbouring MSOA and the polygons (agent) would change
to find optimal resources in neighbouring MSOA and the polygons (agent) would change
distribution of its resources, as well as the variations of EUI. Model will recognize the real time feedback
distribution of its resources, as well as the variations of EUI. Model will recognize the real time
loop to initiate model environment accordingly to the consideration of basic slider individually (which
feedback loop to initiate model environment accordingly to the consideration of basic slider
represent the policy in global as well as local).
individually (which represent the policy in global as well as local).
Statics plots in Figure 8 show how the interaction between energy consumptions, social
Statics plots in Figure 8 show how the interaction between energy consumptions, social
demographic characteristics, environmental conditions, and human behaviour, which all combine in
demographic characteristics, environmental conditions, and human behaviour, which all combine in
unique ways to create very different energy saving opportunities for each local authority. In addition,
unique ways to create very different energy saving opportunities for each local authority. In addition,
the user can add or adjust settings, sliders, and switches to explore different scenarios or hypotheses.
the user can add or adjust settings, sliders, and switches to explore different scenarios or hypotheses.
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Altering the settings and then running the model to see how it reacts can have a deeper
of the energy distribution phenomena in district scale.
understanding of the energy distribution phenomena in district scale.
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6. Conclusions and Future Work
This paper has described a new integrated spatial analysis environment IUBEA to perform a
thorough analysis of energy performance in city buildings. This energy analysis environment can
be used for multiple functions, including spatial data visualization, data query, regression analysis,
scenario analysis, and energy optimization in urban settings. As introduced by the model behavior test,
we simulated two scenarios by considering London as a case study with policy influences. The energy
scenario analysis, which is used for what-if analysis in this research, can be effective for evaluating
effects of new policies. While performing scenario analysis in the IUBEA, results of different scenarios
between the local authorities can be easily compared. For illustration, research presents the benefits
for electrification in building sector if grid electricity can become gradually less carbon intensive.
As a result, the model validation proved the possibility of the integrated environment in
simulation, and the visualization of energy-efficiency analysis is influenced by specialty policies
through scenario configuration. While in this work all the simulations were conducted in a virtual
space and the simulation results can just reveal the differences between the first and second scenario.
Besides, the statistical and parameter mode for energy saving analysis, more scenarios can be
considered by city planners, district-level planning practitioners, and energy efficiency policy makers
to evaluate design alternatives, retrofit programs, and demand response economics.
Future research will be focused on the following three topics:
1.
2.

More diversity of agent-based energy simulation: Due to multiple supply vectors, the model can
convert to be or/extend to be a more complex one.
Improve in integration of demand response (DR): Future work will be spent improving the
integration of the (DR) ABM-module into the IUBEA, expanding the model capability to assess
the impact of non-standard dynamic DR policy interventions, such as combined smart metering,
incentive-based, and price-based DR programs. So, the model will incorporate the effect of
occupant behavior and it will be capable of examining demand side management strategies.
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