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Abstract: Understanding energy demand and supply flow at a large urban scale is an essential step
for urban designers, planners and policymakers in investigating how buildings within an existing
urban context could be designed as a whole to support the future sustainable built environment. The
contemporary approach is to model energy use activities at various building and urban scales. This,
albeit a practical approach, poses significant challenges in acquiring good quality data concerning
buildings and their interactions at an urban scale at an affordable price. This paper presents a
streamlined benchmarking methodology with a parametric modelling workflow to complement the
mainstream urban building energy modelling (UBEM) approach. The proposed building energy
benchmarking workflow integrates multiple databases concerning building energy consumption,
energy generation and underlying grid infrastructure. Parametric modelling serves as a tool for
integrating databases through the underlying sortable geometric characteristics. This is envisaged
to afford stockholders, such as policymakers or urban planners, greater flexibility to investigate
energy demand and supply scenarios at an urban neighbourhood scale and further explore potential
applications. Using the proposed workflow, we look at renewable solar energy to experiment with
offsetting urban building energy consumption through reconfiguring existing electricity microgrids
in the Sheffield city centre. The result of this study demonstrates how the presented urban building
energy benchmarking (UBEB) workflow would afford capabilities and flexibility to support stake-
holders, e.g., urban planners, policymakers, and end-users, to better understand existing barriers and
explore actionable opportunities via re-configurable electricity microgrids.

Keywords: urban building energy modelling; energy demand and supply evaluation; parametric
modelling; urban building energy benchmarking

1. Introduction

Urban settlements worldwide are estimated to consume up to 76 per cent of global
energy use. They are regarded as one of the main sectors contributing to the increasing
challenges of global climate change and the depletion of energy resources [1,2]. Within
this context, buildings account for approximately 40% of the total energy consumption
and are one of the primary targets to be investigated to meet carbon reduction goals [34].
Many countries and cities around the world, such as New York [5], Boston [6] in the US,
and London [7] in the UK, all have set up individual energy reduction and decarbonisation
plans aligned with respective national policies meeting UN’s Sustainable Development
Goals set out in 2015 [8]. The ultimate objective is to tackle the grand climate challenge
of global warming caused by greenhouse gas (GHG) emissions. By aggregated efforts,
more sustainable cities and communities with enhanced living standards and reduced
environmental impacts can be achieved.
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Cities develop planning strategies and guidelines to facilitate building sectors within
the municipal regions to work coherently towards aligned decarbonisation goals for a
future sustainable built environment for all. Sheffield is no exception and has outlined its
own sustainable development framework that presents detailed energy reduction strategies
and design guidelines at both neighbourhood and building levels [9,10]. However, it
is still poorly understood how various strategies can be implemented and what will be
required to enable such implementation and justify the potential impacts of proposed
design interventions. Partially, this is due to the lack of a holistic view of what and how
energy is being used from a building to an urban extent and precisely how energy demand
and supply are coordinated through the existing infrastructure.

To better comprehend the underlying building energy demand and support the de-
velopment of actionable problem-solving strategies, comprehensive energy demand and
supply modelling at a large urban scale is imperative, particularly with a close consid-
eration of existing infrastructure conditions. The contemporary urban building energy
modelling (UBEM) approach is very useful and can afford systematic evaluation of detailed
building energy consumption at a large urban scale. However, the complex computation-
intensive modelling processes and urban building energy data acquisition could hinder
the agile flexibility needed during the urban design planning stage [11-13]. This paper,
hence, proposes a new urban building energy benchmarking (UBEB) methodology which
adopts a parametric modelling workflow and aims to complement the mainstream UBEM
approaches without simulation. The UBEB is envisaged to offer stockholders, such as urban
designers, planners, and policymakers, greater flexibility using archetypical buildings and
consumption databases to investigate energy demand and supply scenarios at an urban
scale and further explore potential applications. The newly developed energy benchmark-
ing workflow aims to accommodate the incremental and spatiotemporal building energy
use data for modelling urban building energy consumption across different design stages
with varying availability of data sources to support urban energy planning for the future
sustainable built environment.

In the following, Section 2 presents the relevant literature review on urban building
energy modelling (UBEM) and highlights the proposed methodology’s intended features.
Section 3 describes the new urban building energy benchmarking (UBEB) methodology.
In Section 4, a case study of Sheffield illustrates the application of UBEB for electricity
microgrid planning and experimentation. Section 5 includes detailed discussions of re-
sults and research limitations. Section 6 concludes the research findings and discusses
future work.

2. Urban Building Energy Modelling

Modelling energy demand and supply flows of buildings within their existing ur-
ban context is essential to address the global challenge of reducing carbon emissions
and can offer opportunities to support urban planning decision-making [14-16]. Among
the contemporary approaches to modelling urban energy demand and supply, there are
two major approaches, top-down and bottom-up. Figure 1 illustrates the key differences
between these two methods regarding data source, data granularity and applications.
Top-down approaches treat the urban building sector as an aggregated energy entity and
consider historical data, such as macroeconomic trends, population statistics, and energy
use patterns, to gauge overall energy demand at the national level [17]. These methods
rely exclusively on broader empirical data for the whole sector [18]. They can be par-
ticularly beneficial for macro-level assessments of energy policy impacts, broader-scale
energy demand forecasting, or economic changes in urban energy consumption [11]. How-
ever, the lack of detailed data granularity at the building level would not afford detailed
building-level planning, such as retrofitting specific buildings or optimising energy use in
new developments [19].
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Figure 1. Urban Building Energy Performance Evaluation methods: Top-down and Bottom-Up.

Bottom-up methods delve into disaggregated building modelling and incorporate the
physical characteristics of individual buildings to estimate total energy consumption [20,21].
These methods often integrate detailed data inputs, including building geometry, energy
use patterns, local climate data, and technical specifications of building systems. Most of
these methods employ a small amount of archetypical building samples to form the base
simulation assumption [17]. The derived urban energy models can simulate individual
buildings and their interactions, extrapolating findings to a broader urban or regional
context. Unlike top-down models, bottom-up approaches can effectively model changes
resulting from new technologies or shifts in building usage, providing a more accurate
prediction under varying conditions. They are particularly useful for assessing the impact
of energy efficiency measures at the building level, allowing for precise modelling of
retrofit impacts or new technology implementations. However, the resource-intensive data
requirements and computational intensity from the model complexity could prevent the
streamlined integration for supporting sustainable urban design.

To summarise, lacking explicit building-level association in top-down models means
less useful than bottom-up when examining local building interventions for energy-efficient
urban planning. Notwithstanding, top-down could be superior to bottom-up when con-
sidering the data input requirements and computation expenses needed for modelling
individual buildings at a large urban scale [22]. Combining top-down and bottom-up
models to gain flexibility in data availability and the capability for detailed building-level
investigation could afford to tackle the complexity rooted in the evolving nature of the
built environments as well as uncertainties linked to dynamic inter-operations among all
autonomous players accommodated within at varying urban-to-building scales.

2.1. Bottom-Up Modelling Approach with Building Archetypes

Urban building energy modelling (UBEM) is often implemented using a bottom-
up approach that considers individual buildings to assess urban energy consumption.
Existing examples often included total buildings’ energy calculation at a large urban
scale and exercised with potential carbon emission reduction targets using sustainable
energy solutions [23,24].

Geographic information system (GIS)-based modelling approaches are often applied to
injtiate an urban building energy model (UBEM) [25,26]. Constructing with a GIS dataset
offers an effective approach to integrate location-specific data to estimate buildings’ energy con-
sumption within a large geographical context [27,28]. The contemporary UBEM approaches
consider building archetypes to simulate city-wide building energy consumption and genera-
tion [29]. In the modelling Boston project by Davila et al., a parametric UBEM for the whole
city energy simulation was implemented and solar energy potentials were experimented with
for demonstration [30]. The quality of modelling buildings with physical attributes in the
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simulation was regarded as highly dependent on the reliability and availability of energy
consumption archetypes that could faithfully represent the chosen city [31].

Evan et al. [32] took another approach to model the entire city building stocks yet
with a more detailed premise-to-floor distribution modelling method to capture multi-use
activities. This approach started with a publicly accessible digital map by the Ordnance
Survey [33] and subsequently classified building polygons for further extrapolation to
a large urban scale. Nouvel et al. approached modelling buildings at an urban neigh-
bourhood level in Germany using a CityGML dataset containing both geometric and non-
geometric data to conduct a city-wide simulation for total energy demand
estimation [34]. Among all these contemporary approaches, a great effort was required
to establish an archetypal building database from the outset within the chosen urban
context [35,36]. Archetypal buildings represent the anticipated building types within the
chosen urban context to support urban building energy evaluation through simulation.

2.2. Urban Building Energy Benchmarking

Unlike the abovementioned projects, where energy consumption was estimated using
simulation with detailed three-dimensional building models with archetypal building
templates, this paper presents an urban building energy benchmarking (UBEB) approach.
UBEB estimates the urban building energy consumption based on geometric information,
associated building-business data, and representative building energy benchmarks. The
parametric building energy benchmarking workflow is proposed to automate information
integration for urban energy consumption assessments. It offers a sortable information net-
work built upon multiple building-energy datasets to facilitate urban energy planning and
decision-making. UBEB workflow evaluates spatiotemporal building energy consumption
through 3D building models, building-to-business use classification, and building energy
benchmark integration at an urban level.

The integrated urban building energy model is envisaged to host energy consumption
data and additional planning-specific datasets, such as renewable energy resources, to sup-
port sustainable urban planning. The case study of Sheffield was employed to examine the
energy demand from buildings in the city centre and experiment with mitigation scenarios
among the existing electricity infrastructure. The proposed workflow aims to afford a more
flexible and adaptable approach to accommodating heterogeneous information integration
at various spatiotemporal scales and, at the same time, investigate building-to-building
interactions through existing infrastructures to support sustainable urban energy planning.
With continuous efforts to collect and digitise end-use energy data at a large urban scale,
we anticipate a near future of information-enriched urban environments to further provide
useful information to support urban energy planning scenarios.

3. Urban Building Energy Benchmarking and Evaluation

For energy consumption, we estimate the total urban building energy demand using
an integrated building energy benchmark database consisting of CIBSE TM46: Energy
Benchmarks [37], CIBSE Guide F: Energy Efficiency in Buildings [38], and ARUP in-house
energy consumption datasets. In total, 14 different hourly building energy consumption
profiles are presented (Appendix A). Each building archetype contains information re-
garding the building usage description, annual electricity and thermal loads (kw/m?),
and hourly load profiles for the year. Table 1 illustrates selected electricity loads for three
out of the total 31 building typologies, including selected data fields of (1) building type,
(2) energy use profile identifiers (EU profile ID), (3) electricity benchmark, (4) data sources,
and (5) operational schedules. Other data fields, e.g., ‘Category ID’, ‘space usage’, ‘distin-
guishing features’, and “services’, are omitted to simplify the illustration. In particular, the
EU Profile ID and the Electricity benchmark per building type are essential to estimate the
hourly energy demand. In this study, an archetypal building energy benchmark database
aims to enable a simplified and rapid way of examining required electricity /thermal loads
at a large urban scale to support urban energy planning and decision-making.
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Table 1. Building archetypes and energy benchmarks.
. EU Profile  Electricity Benchmark .
Building Type D (KWh/m2-Year) Source Operational Schedule

OFFICE: GENERAL D 95 CIBSE TM46: 2008 Weekdays and early evenings

) CIBSE Guide F Section Weekdays and early evenings,
RETAIL: GENERAL c 27 20: Good Practice commonly part or all of weekend

RESTAURANTS L 73 ARUP Wide variety of operational schedules

The building energy benchmark represents the annual electricity or heating load per
square meter per building archetype. Using the benchmark can derive the annual energy
demand for buildings of interest. The temporal energy demand per building archetype can,
therefore, be calculated using the hourly load profiles for every single month. In the energy
benchmark database, a load profile contains hourly electricity and heating coefficients of a
typical day for each month throughout the year. In total, 24 hourly coefficients are collected
for a representative day per calendar month. The hourly coefficient stands for the daily
average from a given month. These energy coefficients are essential to determine the hourly
loads from the floor areas of the buildings and the associated building usage classification.
The formula below shows the calculation for the hourly electricity load,

Epp = Ar x Eg x Cq, 1)

where Ep, is the electricity load that can be calculated by the multiplication of (a) the total
floor area, Ar, (b) the electricity benchmark, Ep, and (c) the representative hourly coefficient,
Cy, for a selected day within the given twelve months. Cp represents the fraction of
the annual load by dividing the hourly profile over the whole year’s profile. The same
formula is also applied for hourly heating loads. As shown in Figures A1l and A2, a total of
288 hourly load profiles per annum per building archetype are illustrated for fourteen
selected cases used in the study. For visualisation purposes, the load profile coefficients
were normalised against the maximum hourly demand throughout the year.

From the archetypical building energy database, December and January are the
two months that require most of the heating energy throughout the year. Electricity pro-
files are relatively homogeneous throughout the year. As a result, only one single line per
category was illustrated (Figure A2) without monthly variations. The only exception is the
type fourteen—N. Retail inc. cooling—which has varying monthly electricity load profiles.

Among annual electricity and heating benchmarks for the total of 31 archetypes
employed in this study, we identified ‘Swimming pool centre’ as the most heating demand-
ing (1130 kwh/m? per annum) and ‘Large food store’ as the most electricity demanding
(400 kwh/m? per annum). Note that some archetypes, such as Car parks (covered or
open), Emergency services and Storage facilities, are treated as continuous 24-h operations
throughout the year. As such, the hourly load will be evenly distributed, and thus, no
allocated varying load profiles from the presented fourteen consumption types.

In addition to the building energy benchmark database discussed above, the proposed
urban building energy benchmarking workflow incorporates four additional datasets for
modelling buildings within the selected urban boundary. These four additional datasets are
(1) a geographic information system (GIS) model for building polygons and physical building
attributes (e.g., building heights, floors, and locations), (2) a building-business survey for
building usage classification, (3) a solar potential map and (4) the electricity infrastructure
model. In this study, the GIS model is prepared with the shape file format (SHP) to facilitate
geometric information modelling and integration. The archetypal building energy database
and building-business survey data are managed in spreadsheets. The solar energy potential
map is another database derived from solar radiation simulation using the same city model in
Radiance. The electricity infrastructure model includes (1) 33 kV station locations and their
supporting geographical regions, (2) 11 kV station locations, and (3) the existing electricity
grids delineating how buildings are connected and supported by 11 kV stations.
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3.1. Data Modelling Workflow Overview

Figure 2 summarises the computational workflow of integrating the five datasets
mentioned above into a directed graph network that facilitates energy flow modelling
and evaluation. Each node in the graph represents a single building entity, and each edge
between nodes depicts the physical connection among buildings through the underlying
electricity grids. The proposed computational workflow consists of three primary stages:
(1) building energy data collection and modelling, (2) data mapping and integration, and
(3) energy scenario experimentation and evaluation. The first stage carries out the data
collection and modelling of urban buildings and their energy use. All databases are users’
inputs that contain relevant information for designated energy scenario planning and
evaluations. These five databases could be updated with new data instances, such as
unseen building archetypes, building-business types or alternative renewable technologies,
to accommodate various urban building contexts.

| GIS Database 5
. (Building Volumes) -
g
‘B .
- o Integration
Archetype Building é’ba E ) of )
Electricity Consumption = & g City-Wide UBEM Scemario #1
o 23 % Energy .
% “ﬁg—> = Consumption O VY L NHS Walk-in
City-Wide Building-Business g _“é & &t. Ner( ) .
> 28 eneration N
. Survey Database < Datasets <0 UBEM Scenario #2
() Ly Sheffield
Solar Potential Map Fire Station
(via Radiance Simulation) Graph Network
. of —> UBEM Scenario #3
Electricity Grids —
&

Electricity Grids

. (Sheffield City Centre) 11 kV bld clusters

—> UBEM Scenario #N

Stage 1

Stage 2 Stage 3

ttion & Fvaluatio

Figure 2. The parametric urban energy modelling workflow.

In the second stage, the same urban building model was then applied to conduct solar
radiation simulation to prepare the solar potential map. Electricity grids are then modelled and
integrated with the attributed urban building model. In the second stage, data mapping was
conducted to integrate geographical building polygons and other location-specific datasets-
-namely, archetypal consumption profiles, building-to-business survey data, and the solar
potential map. At the final stage, a directed graph is constructed with the above-mentioned
data model, including geometric building attributes and the energy-related consumption and
generation data, to support urban building energy experimentation and evaluation.

3.2. Initiating UBEB with a GIS Database

For the demonstration purpose, this paper considers Sheffield as a case study and starts
with a GIS database from DigiMap [33]. The use of this GIS database is to obtain building
geometric information, including building footprint polygons, heights, and their locations
for creating building volumetric masses. The building height information is employed to
estimate the total floor area per building. The developed parametric modelling workflow in
Grasshopper for Rhinoceros3D [39] automates 3D building modelling as shown in Figure 3.
The right of Figure 3. illustrates the 3D building volumes selected for the case study region
in Sheffield city centre.

In total, 2474 building blocks were filtered from original 4945 building polygons
included in the Sheffield city centre. Some undesired building polygons, which have,
for instance, zero floor height, less than 10 square meter floor area, or without building
energy use data, are excluded from the total energy consumption modelling. The maximum
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building height from selected building polygons within the Sheffield city center is 99 m—a
32-story high residential building in the heart of Sheffield.

Customised Tool Initiate 3D City Massing models L,
to Process SHP files within Sheffield City Centre

Figure 3. Using GIS Datasets for Sheffield City Model Construction.

3.3. Building Polygon Characterisation and Extrapolating to the Whole City Model

With the base building polygons, we integrate the Sheffield City building-business sur-
vey data for the building energy use classification. The first step correlates eligible buildings
with representative heating/electricity benchmarks, and energy use load profiles (Table 1)
in the city. We then map the building-business use types to building energy archetypes for
follow-up energy scenario planning and evaluation. The locations of surveyed buildings
are also recorded by Easting and Northing which are essential information required for the
multi-database integration.

To integrate multiple datasets, we performed the in-plane boundary inclusion test
using 3D building polygons and building-business locations (Easting and Northing). As
presented in Figure 4, building polygons are shaded by two building-business categories,
including (1) one-to-one building-business and (2) one-to-many building-business. One-to-
one building-business represents a building occupied for sole business use and one-to-many
building-business for multiple business usages in a single building (e.g., the ground floor
for retail with upper floors for offices). In Figure 4, building polygons, shaded in light blue,
are for the one-to-one building-business relationship and grey for the one-to-many building-
business relationship. Business locations are highlighted as circles filled and shaded in
red. Figure 5 illustrates the selected case study’s urban building energy consumption after
integrating location data with the building energy benchmark dataset.

[l One-to-one Building-Business
[E One-to-many Building-Business

~ @ Business Locations

\
‘ ommercial-Offices

‘ Commerc:al Retail-Shops and Showrooms

Figure 4. In-plane boundary inclusion test to determine one-to-one (Blue) and one-to-many (Grey)

ommercia.

2R
E!H

building-business relationships.
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Figure 5. Estimated annual loads per building polygon within the Sheffield city centre.

3.4. Solar Radiation Simulation for Energy Generation

In addition to modelling urban energy use, solar radiation simulation was also car-
ried out to investigate solar energy potential within the modelled Sheffield city centre.
The lighting simulation was conducted in Radiance, and the aggregate irradiance results
(kW/m?) were recorded hourly as the potential energy generation database. The hourly
results align with the temporal resolution of energy consumption benchmarks for the
urban building energy evaluation. The intention is to examine opportunities for offsetting
required operating energy in kilowatt (kW) by photovoltaic (PV) systems from applica-
ble rooftop surfaces within the Sheffield city center. To estimate the extent to which the
solar energy can be harvested throughout the year, the following formula is applied with
five parameters: (1) rooftop surface area (m?), (2) hourly accumulated irradiance, W/m?,
(3) PV efficiency, (4) PV performance ratio, and (5) roof usage factor.

Surfrp* IRR* Epy x Px Ugp

Ea(kw) = 1000

@

where Eg is the total energy a building roof surface could generate at each hourly time step
during the simulation year. Surfrr is the rooftop surface area derived from the building
polygon. IRR is the hourly accumulated irradiance result. Epy represents the PV efficiency
and is dependent on the impact of the ambient temperature [40]. P is the PV performance
ratio and represents a metric to determine the speculated efficiency of the actual electricity
output from the PV panels [41]. UgF is the roof usage factor, representing applicable
south-facing roof surface areas.

3.5. Integrating with the Existing Electricity Grid

Another crucial aspect of this research is modelling the existing electricity infrastruc-
ture in Sheffield city centre. This includes both 11 kV and 33 kV stations, as well as the
underlying interconnected electricity grids. The grid infrastructure was recreated using the
2D boundary zones supported by 11 kV and 33 kV stations from Sheffield City Council
and mapped to the integrated building information models. The connectivity network
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from the underlying electricity grid plays a vital role in this investigation, as it helps to
understand how buildings are connected and supported by 11 kV stations within respec-
tive 33 kV electricity regions. This interconnected network supports experimentations on
energy mitigation strategies. Six 33 kV main stations, 216 11 kV sub-stations and their
enclosed boundaries are modelled within the Sheffield City centre. The left image of
Figure 6 illustrates six 33 kV station locations (shaded in dark blue), its supported regions,
and 213 11 kV sub-stations shaded in red. The index numbers for 33 kV regions were
also provided to highlight the supported regions. The electricity network connecting
33 kV and 11 kV stations is shown as red dashed lines. Buildings supported by 11 kV
stations are grouped as unit clusters, as shown in the right image of Figure 6, to support
reconfiguration experimentations.

M 11 kV Stations
w33 KV Zones

Land/Buildings X Building Cluster Supported
.......... Electricity Network s by 11 kV stations

Figure 6. (Left) Six 33 kV regions with supported 11 kv clusters within the Sheffield city centre;
(Right) a selected sub-region with separate building clusters by 11 kV stations.

This study treats buildings connected to each 11 kV sub-station as a distinct energy
consumption-and-generation unit cluster, which is the basis for testing the energy demand-
and-supply scenarios using the existing infrastructure network. After the data mapping
and integration stage, the initial building polygons are sorted and mapped onto enclosed
11 kV boundaries through the underlying infrastructure network. Figure 7 illustrates con-
necting routes between 11 kV consumption units as red dashed polylines with highlighted
endpoints (11 kV sub-stations). Modelled 11 kV clusters within the Sheffield city centre are
shaded in different colours for visualisation.

Figure 8 visualised the estimated aggregate energy consumption results for 216 11 kV
unit clusters. Buildings per cluster are shaded in respective colours according to their
energy consumption estimations.
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Figure 8. (a) Top view and (b) Perspective of annual electricity consumption per 11 kV electricity cluster.

4. Case Study for Scenario Experimentations

For the demonstration, a case study scenario explores how a parametric urban energy
modelling workflow could be applied to facilitate urban planning evaluation. In particular,
this study examines the 11 kV cluster reconfiguration strategies using existing electricity
grids within the Sheffield city centre. The objective is to experiment with how existing
grids can be reconfigured to meet energy demand in the Sheffield city centre.

Case Study Scenario

In evaluating the case study scenario, solar energy is regarded as a renewable source
that offsets current operating loads from selected urban areas. Photovoltaic (PV) systems
that could be applied to building rooftop surfaces are considered as the exclusive inter-
vention strategy in this baseline scenario. Our experiment is to investigate how potential
solar energy can be harvested from applicable rooftop surfaces within the city to offset
consumption demand. This baseline scenario considers the following assumptions:
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PV Efficiency, assumed to be a median value of 12%
Performance Ratio, assumed to be 80%
Roof Usage Factor, assumed to be 60% for south-facing rooftop surfaces

With the solar irradiance map generated with the same GIS model, we first calculate
the total electricity output that PV systems can theoretically produce from each building’s
rooftop surface throughout the Sheffield city centre. After the data mapping and integration
stage, each building polygon will be associated with the hourly PV generation data for fur-
ther investigation. Figure 9 shows that G, is a building’s instantaneous energy generation
in kW, and Dy, is its demand. An 11 kV substation is connected to one-to-many buildings.
Following the energy demand calculation, we conduct an energy balance check, D, — Gy,
for each building within its associated 11 kV boundary and identify electricity generation
potentials to offset the total loads through existing electricity grids. This calculation is
based on the existing boundaries of 11 kV clusters modelled within the Sheffield city centre
and considered in the following step to examine reconfiguration opportunities.

Substation

)

\J \J

(D,G) +.+ (D,—G,) (D,~G,) +..+ (D,~G,)
Figure 9. A 11 kV substation network.

The following financial benefits were considered when evaluating actionable planning
strategies. Given that electricity is not consumed when generated for self-supply, it is sold
back to the grid at a lower rate (per kW) than purchased electricity. It is therefore better to
avoid consumption rather than selling it back to the grid. Given this constraint, we aim to
investigate the optimal size and shape of each microgrid that is to be optimised in order to
maximise the financial benefits to those accommodated within. Figure 10 illustrates the
reduction of total loads (including both heating and electricity loads) for hourly average
city-wide results throughout the standard simulation year. Peak load reduction is at noon
when the maximum potential PV output reaches approximately 116 mWh from applicable
rooftop surfaces within the modelled Sheffield City areas.
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Figure 10. Estimated load offset with solar potential.

In Figure 11, We demonstrate a selected reconfiguration strategy. The left image of
Figure 11 shows the accumulative annual solar energy potential for 11 kV clusters. The right
image of Figure 11 illustrates two newly integrated clusters at selected times with added
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consideration of financial benefits. These two resulting clusters are based on the hourly
evaluation showing how dynamically multiple 11 kV clusters should be integrated as a
whole to maximise the financial payback at a selected time. The dynamic reconfiguration
strategies can, therefore, be iteratively examined by varying hourly, monthly and seasonal
scales to redefine optimal shapes and sizes.

Electricity
. Network

5,000 | o Wi /8 N ¢ Y F

6‘ ’,:\, & ’(;}, : \\\\ .- é v 3 \\\‘ .- § > .’_,”
LW S ol g Ny 6 == Jan 900 Ny 4= 25> san 1500
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Annual Solar Potential Map by 11kV Clusters Dynamic 11kV Clusters reconfiguration from 9:00 am to 15:00 in January

Figure 11. Dynamic microgrids reconfiguration with solar potential.

5. Discussion and Limitations

The proposed UBEB workflow is developed based on available building energy
datasets and the associated building information models. Constructing a sortable graph-
based representation for buildings enables building energy planning experimentation and
evaluation. This approach’s novelty captures the urban building context by integrating
building entities and their connections within the underlying grid infrastructure. Also,
by considering building energy consumption and generation as individual inputs, the
flexibility offered would accommodate the evolutionary nature of growing building-energy
data through future database replacement and provide agile support for iterative design
planning activities.

In this study, data needed to enable such a large-scale urban energy modelling and
subsequent planning experimentations are undoubtedly paramount. Using existing data
recourses, such as CIBSE TM46, CIBSE Guide F and ARUP in-house consumption database,
was deemed appropriate for the chosen case study Sheffield within the chosen UK context.
To ensure the applicability of the existing building energy consumption datasets, this
study incorporates the building-business survey data from the local authority—Sheffield
City Council and considers primary activities that are recorded for property taxation and
rating purposes for validation. The building-business database enables the extrapolation
of the building energy benchmarks to the targeted urban area to form a representative
end-use building energy consumption model. Albeit successful, we also acknowledge the
limitations of acquiring representative and validated databases for alternative urban areas
in future applications.

Through the proposed case study scenario, the results demonstrate how energy con-
sumption clusters formed by 11 kV stations could be dynamically (re)configured to offset
energy demand at selected time steps. We recognise that the energy yield from individual
rooftop surfaces may not be sufficient enough to cover the required operating energy de-
mand. However, through the underlying connectivity network, the information-enriched
sortable model provides an added opportunity to include future alternative resources to
support urban building interactions.

In the presented methodology, buildings interconnected via the existing electricity
microgrids serve as consumption and generation units to support energy planning scenar-
ios. To justify proposed reconfiguration strategies, further considerations—e.g., financial
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implications from upgrading existing infrastructure—should be extended incrementally
as more information becomes available. The simplified method of hourly load calculation
using the formula (1) should also be expanded with relevant factors, such as dynamic
occupant behaviours, to improve the accuracy of energy consumption evaluation.

The limitation of modelling the maximum cable capacity as one of the non-geometric
node attributes in the directed graph did not consider the increased capacity from the
system and infrastructure upgrade in the current study. To reduce energy demand for
buildings on the network, it may vary from simply offsetting grid electricity loads with
self-generation to further including effects of variable tariffs—i.e., electricity costs more
when there is more demand for it so storage and demand-side actions can shift reliance
on the national grids to times of lower overall demand. Other limitations on the financial
considerations, such as cost-benefit analysis on available technology and infrastructure
upgrading, should also be further expanded in future studies. Considering these would
have benefits in several ways, such as ensuring the grid capacity to cope with a higher
average demand at peak times, where peak-time electricity is usually more expensive and
more carbon-intensive. Alternatively, further considerations should include the financial
model of the large-scale installations of PV to maximise commercial return on investment.

6. Conclusions

Compared to contemporary simulation-based methods for building energy modelling
at an urban level, this study emphasises how data, once collected, can be further structured
and applied to support planning and decision-making with added consideration of existing
constraints—e.g., the electricity infrastructure presented in this case study. The expectation
is that through experimenting with the existing electricity infrastructure, stakeholders,
without explicit technical know-how for building simulations, could still investigate how
the energy demand and supply flow at an urban scale could be modelled and evaluated at
various spatial and temporal scales.

To overcome the limitations of the data sources employed in this study, financial
factors, including the cost of PV systems, grid infrastructure upgrades, and energy storage,
would be considered in future studies. Expanding the current building-business database
for unseen urban areas would also be required to validate the energy benchmarking
applications. In addition to the database enhancements discussed, participatory user
workshops will also be organised to engage stakeholders to further develop user-friendly
interfaces for the presented workflow.

The challenge of evaluating large-scale urban building performance remains in the
availability and granularity of the data, including both spatial and non-spatial. Spatial
data consists of building geometry and location information that could be resourced
from open digital GIS maps or LiDAR survey datasets. Non-spatial data include build-
ing attribute datasets delineating end-use energy activities and associative construction
details. Given that more reliable and quality data pertinent to energy end-use become
available to a large urban extent, we envisage the advantages of the proposed urban
building energy benchmarking approach to enable seamless data integration and further
planning applications.
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Appendix A

Appendix A illustrates the annual heating and electricity profiles employed in this
study. There are 288 hourly load profiles per building archetype. 288 profiles were based on
24 hourly instances for a standard working day throughout the twelve months (288 = 24 x 12).
Figures Al and A2 illustrate the heating and electricity profiles of the selected 14 architypes

that were used for Sheffield as the case study.
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Figure A1l. Average hourly heating load profile for a standard working day per month annually.
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