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INTRODUCTION

METHODOLOGY

The world has witnessed a major population shift to
urban areas over the past few decades. At present,
approximately half of the world’s population (54%)
resides in urban areas compared to a mere 30% in
1950, and the number is projected to rise up to 66% by
2050. With higher levels of technology and services
than rural areas, urban areas account for about twothirds of the world’s total energy consumption, which
relates to approximately 70% of global greenhouse gas
emission. Around 39% and 36% of the CO2 emissions
are associated with buildings in the United States and
Europe.

The methodology reflects the energy use of a building through building energy and retrofit modelling at
urban scale. Furthermore, the methodology identifies and recommends retrofit solutions in terms of energy
and cost savings. This methodology can be categorized into four modules such as :

Buildings play a significant role in urban demand and
supply of energy. In the building sector at urban
scale, there is considerable potential to achieve
significant reductions in energy consumption and
emissions. These reductions are possible through
retrofitting existing buildings into more efficient and
sustain-able buildings. Building retrofitting poses a
huge challenge for owners and city planner because
they usually lack the expertise and resources to identify
and evaluate cost-effective energy retrofit strategies.
One of the viable solutions is to improve the energy
efficiency in buildings with limited information, which
can be accomplished by using energy modelling.

RESEARCH QUESTION
•

What type of buildings have the greatest potential
for energy savings with cost-effective retrofit
solution?

•

How the building performance can be improved
using GIS-based energy modeling?

• Archetypes Development
• Knowledge Base Development
• Recommendation System Development
• Building Retrofitting and Performance Analysis

Archetypes Development
Data Driven Approach
Knowledge Base Development
White-Box Approach
Surveys/ Experts Reports
Recommendation System Development
Data Driven Approach
Building Retrofitting & Performance Analysis
CityGML
Building Energy Rating BER by SEAI
Building energy modeling usually requires geometric and non-geometric information related to buildings in
a particular district. The geometric input is extracted by developing building archetypes using a data-driven
approach coupled with Geographic Information System (GIS) mapping. The non-geometric information is
collected from Building Energy Rating (BER) and housing census data. The entire district is divided into
smaller regions to include more level of details. As such, new levelised archetypes are developed at the
district level, the methodology is applied to districts in Dublin and energy demand from hourly to the yearly
levels is examined.

KEY ISSUES IN URBAN ENERGY
MODELING

Data

Modeling

Resolution

Issues in Urban
Energy
Modeling

Behaviour

Technology

Use cases

CONCLUSIONS
The aforementioned methodology could provide the urban platform to help city planner, city energy
managers, building owners, utilities, energy consultants, and building owners to evaluate district and cityscale energy efficiency issues and opportunities in buildings. The modeling results will help where and what
type of buildings have the greatest potential for energy savings throughout the city. The intelligent
recommendation system helps the city planners to identify what are the energy efficient with cost saving
retrofits measures for the buildings. For spatial analysis and planning of city or districts building stocks will
use CityGML data model which provides high levels of details with effective visualization in 3D format. The
CityGML will also help exchange data between the building energy model and other urban environmental
analysis models.
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INTRODUCTION

RESULTS

To achieve housing retrofit targets,
traditional house-by-house approaches
must scale. Neighbourhood retrofit also
facilitates community participation. This
work aims to quantitatively characterise
the heat energy demand of similar
homes in a post-retrofit neighbourhood.

With the hourly Dublin weather,
the Modelica simulation of internal
temperature responds faster than
the equivalent EnergyPlus
simulation.
Nevertheless, an annual time
series MAE (mean absolute error)
of the passive fabric is relatively
small. The slower thermal
dynamics of EnergyPlus reduce
annual heat demand when
simulating the same house.

METHODOLOGY
A modern semi-detached house is
modelled as thermal (RC) network. The
passive thermal network is calibrated
against an equivalent EnergyPlus
model. The Modelica model,
employing library AIXLib, generates
time series heat energy demand to
achieve occupant comfort. Its output
separates space heating and domestic
hot water (DHW). Simulations repeat
for a range of house occupancy
profiles, with varying heating
schedules and occupant quantities.

Fig. 3 Total and DHW heat energy against occupant
quantity under economic heating schedule.

Fig. 2 Simulated heated space temperatures from
EnergyPlus and Modelica RC models.

Fig. 4 Total and DHW heat energy against occupant
quantity under comfort heating schedule.

Two statistical distributions of
neighbourhood gas demand are
calculated (Fig. 5). They
distinguish the home gas energy
demands by economic and
comfort heating schedules. As
expected in the literature of
neighbourhood scale retrofit,
the better performing schedule
displays lower variance (Koch et
al., 2012)
Fig. 5 Distributions of simulated house gas demand differ
between economic and comfort occupancy schedules.
Fig. 1 Method: develop and calibrate a thermal network
model. Parameterise the network (RC) components and
occupant quantities, before simulation and energy demand
results.

REFERENCES
Koch, A., Girard, S., McKoen, K. (2012) Towards a
neighbourhood scale for low- or zero-carbon building
projects. Building Research Information 40, 527–537.

CONCLUSIONS
Occupant profiles of a post-retrofit semi-detached house increase annual
heat energy demand by 77%, and the coincidence of daily peak demand
persists across occupant profiles. Percentages of domestic hot water demand
start from 20% or 24% and plateau at 39% or 45% depending on space
heating schedule. A statistical distribution of energy demand by a
neighbourhood is not perfectly Normal, skewed to larger energy demands.
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INTRODUCTION
Buildings, as an end use instance, are often considered as
isolated entities in the current energy system, which is
mainly due to their varying nature of operation.
Moreover, the models associated with buildings vary with
the building function and there are certain stochastic
factors, for instance, occupancy levels, that accompany
each model. Detailed building models have been popular
in performing energy predictions during the past few
decades, although, these require extensive monitoring
and are not often the cost-effective solution. Hence,
simpler modelling approaches that relate the building's
physical properties to its operating environment are
required.
Grey box modelling combines the advantages of datadriven and physical modelling approaches. Therefore,
these models are accurate and computationally efficient.
The design approach of grey-box models is often
application specific, for instance, the design approach for
grey box modelling of commercial buildings differs on a
case by case basis. Furthermore, the scalability of these
models is limited by the network order, which defines the
level of complexity incorporated in the model. Reduced
order grey box approaches counter these limitations by
achieving a trade off between the network order and
desired accuracy.

Objective(s)
• Devise a generalisation approach to develop reduced
order grey box models for commercial buildings
based on pre defined metrics.
• Deploy the models to evaluate flexibility, scalability
and inter operability of isolated buildings.

METHODOLOGY
RC network modelling approach employs RC networks
to represent the heat transfer mechanisms, conduction
and convection through internal and external walls, wall
openings and roofs. Besides conduction and convection,
solar radiation adds to the heat transfer through
windows and other openings. Also, heat gains result
from the heat emitted by the occupants and the
equipment as in Fig. 1.

Different commercial
buildings have different
usage statistics, which
deems it necessary to
modify the RC network for
each type.
Fig.2 Devised methodology for RC network order identification.

To develop a generalized approach to decide the
RC network order, the peak power consumption
of the buildings is analysed as it would indicate
the nature of building operation. Furthermore,
the implemented methodology considers the
thermal zoning of spaces inside the buildings.
Thermal zones are assumed to possess similar
thermal characteristics and hence can be
represented by a single RC network.
Fig.3 Corresponding network in Dymola.

RESULTS
Buildings connected to the district heating network on college campus are used as the methodology case
study. The buildings are analysed based on the algorithm presented in Fig. 2.
• Building taken into consideration: Library to
illustrate the importance of combining net
floor area with peak power in the analysis
(Fig.4) .
• Building considered for the analysis:
Science North, which is a laboratory
building. Maximum peak power demand:
6871 kW, suggests a complex RC network
(Fig. 4).
• Building considered: Tierney building,
which consists of administrative offices. Flat
power demand curve suggests simpler
network (Fig. 4).

Fig.4 Hourly peak power consumption data for library, Science North
laboratory and Tierney/administration office building..

• An RC network model built using Modelica
(Fig. 3) for the Tierney building.
• The model used to simulate the demand
profile for the month of January 2016. The
measured and simulated profiles are shown
in Fig. 5.
• The results indicate that the simulated
profile is able to trace the measured profile.
Fig.5 Measured vs simulated hourly demand profile for the Tierney building.

CONCLUSIONS

Fig.1 Heat transfer mechanisms inside a building.

The presented methodology aims to achieve generalization through peak power characterization. There are
other building metrics that play a role in network order identification, which need to be added to the
current methodology. This generalization approach would reduce the complexities involved in identifying
the order of RC networks. Furthermore, this approach could be utilised to generate scalable models for
commercial buildings.
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INTRODUCTION
• Flexibility: Ability of a power system to respond to
changes in energy demand / supply
• Volume of renewable energy used for producing
power will experience growth in following decades
• Increasing variability and uncertainty — increasing
requirement for obtaining flexibility

Objectives
Create a model:
• Unit commitment / Transmission / Heating load
functions for different power grids, nodes and units
• Satisfy future power system flexibility needs according
to various forecasts / future scenarios
• Low cost (cost-efficient) and implementable solution
• Balance between model efficiency and complexity

Figure 1 : Energy Mix of Ireland
•
•
•
•

Steady Revolution
Steady growth in renewable
electricity generation
New technologies make
electricity consumers more
energy aware
Greater use of electric
vehicles and heat pumps
Electricity powers a larger
proportion of heating and
transportation

•
•
•
•

Figure 2: Possible Future Demand Scenarios

Steady Revolution
Economy meets high growth
Increasing creation and rollout
of new technologies for low
carbon electricity generation
Strong public engagement
to reduce greenhouse gas
emissions
Broadband and transport to
drive growth in large data
centres

•
•
•
•

Slow Change
Economy sees slow growth
Investment in new renewable
generation is limited to low
risk technologies
New technologies not adopted
New data centres only source
of demand growth

Consumer Action
Strong economy leads to high
levels of consumer spending
Public desire for reduction in
greenhouse gas emissions
Electricity consumers limit
their energy use
Rapid adoption of electric
vehicles and heat pumps in
the home

•
•
•
•

Minimise: Total cost (objective function)
st. Constraints:
Figure 3: Possible Future Scenarios ( EirGrid: Tomorrow’s Energy Scenarios, 2017)

•
•
•
•
•
•
•
•
•

Ramp up / down
Start up / shut down
Demand
Reserve
Transmission
Heat
Wind/solar/water flows (weather/climate)
Storage
……

Units
Nodes
Grids

METHODOLOGY
Mathematically:
• Mixed Integer Programming / Non-linear Programming

Input Data

• Uncertainty modelling / Sensitivity Analysis
• Chance-constrained Programming

Backbone

• Stochastic Programming / Scenario planning

An adaptable energy system model:

Sources

The Backbone Model (written in Gams) will address
various questions:

•

• How much will increasing the volume of installed
renewable energy affect system flexibility needs?

•
•
•
•

• How can flexibility impacts be best captured within a
unit commitment / investment model?
• Can the gas network, heat network and waste water
treatment system (as examples) provide additional
flexibility for the power system?

Demand Side
Management
Storage
Interconnection
Electric Vehicles
Water

Operation
•
•
•
•

Forecast
Grid Codes
Unit Commitment
Balancing

Flexibility Assessment

Network
•
•
•

Gas
Heat
Electricity

Economic
•
•
•
•

Costs
Fuel Market
Market Resolution
Planning

Investment Assessment

Figure 4 : Backbone Model Structure
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BACKGROUND
Electricity consumption in

RESEARCH QUESTION
Effects of
flexibility?

• Lower wastewater treatment
costs?
• Lower energy system costs?

consumption

Electricity consumption in the water sector by process and region in 2014; Source: IEA (2016).

• In developed countries, 42% of water-related electricity
consumption is used for wastewater treatment.
• Globally, wastewater treatment consumes about 200 TWh of
energy.

Flexible operation of wastewater treatment plants can provide
a tool to introduce more demand-side flexibility to the energy
system.

Current incentives?

• Financial incentives
• Behavioural analysis

Potential corrections?

• Policy instruments

Identification and quantification of flexibility potential as
prerequisite

METHODOLOGY

APPROACH

BACKBONE: generic energy system optimization tool written in GAMS.

Continuous cooperation within ESIPP
Input from
Engineering

Evaluation of
flexibility
potential

Step 1

Step 2

Flexible
Wastewater
Treatment
Plant
Operation

Unit Modelling
Consideration of biological,
biochemical and
chemical processes

Step 3

Integration
into
electricity
system

Extension
of the
energy
system
model

Insights

Nodes
Units
• Orange:
electricity grid
• Green:
Wastewater
treatment plant

System Modelling
Focus on energy and water flows

CONTRIBUTION
Deeper
understanding
of the
wastewater
aspect of the
energy-water
nexus

• Adaptable
• Short-term forecasts and longer-term statistical uncertainties
• Data driven

OUTLOOK
Input

• Integration in wider
energy models
• Cooperation within
ESIPP

• Further work on Backbone
• Data for Ireland
• Wastewater treatment plant operation profiles according to
different flexibility options
• Quantification of system benefits

Implications

• Potential extensions of the model
• For Policy makers
• For wastewater treatment
plant operators

• Modelling the water grid to extend storage possibilities
• On-site biogas production
• Policy interventions
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Volatility modelling using GARCH as an input for real
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Martina Assereto (martina.assereto@ucdconnect.ie) and Julie Byrne (julie.byrne@ucdconnect.ie)
UCD Smurfit Graduate Business School, Department of Banking and Finance

INTRODUCTION

DATA

• Importance of the correct evaluation of renewable
energy projects and the financial uncertainty related to
these projects

Daily observations
January 2007- February 2016

• Real options approach for renewable energy
investments:

• Electricity Prices: U.S. Energy Information Administration (EIA), PJM Interconnection LCC (PJM West)
• Solar Renewable Energy Credit (SREC) Prices: NJC Clean Energy
• Technology Costs: NREL Open PV Project database

• Irreversibility of investment
• Flexibility in decision making process
• Uncertain environment
• Key parameter: volatility

RESULTS

• The estimation of the volatility parameter has not
received the attention it should in past research

The standard GARCH(1,1) model is of the following form:
ht=ω +αε +βht-1

• Sources of uncertainty considered:

The conditional variance, ht, is a deterministic function of the model parameters and past data and follows an
ARMA(p,q) process.

• Electricity prices
• Solar Renewable Energy Credit (SREC)
prices, used as proxy for policy uncertainty

For technology costs data, standard ARMA(p,q)-GARCH(1,1) models are unable to model the characteristics of the
data. Instead, an integrated GARCH model (IGARCH)-ARMA(0,1) is used. An IGARCH is characterized by the presence
of a unit root in the autoregressive dynamic of squared residuals: α+β=1. The IGARCH(1,1) model is therefore of the
following form:
ht=ω +αε +(1- α )ht-1

• Technology costs (cost of solar PVs)

Objectives

The unconditional or long run variance can be computed as σ2=

• model the financial volatility related to utility-scale solar
PVs in the United States as an input for real options
• Being one of the first papers to attempt modelling
volatility for solar energy by considering this unique set
of sources of uncertainty
• Being one of the first papers to model policy uncertainty
using GARCH models

Parameters
ω
α
β

METHODOLOGY
• model each different source of uncertainty using
univariate generalized autoregressive conditional
heteroskedastic (GARCH) econometric models over a
period of study of 10 years
• Model comparison:
• Bayesian Information Criteria
• Diagnostic tests: Ljung-Box Portmanteau
test, Barlett white noise test, Engle’s
ARCH Lagrange Multiplier test

Electricity Prices
ARMA(2,1)ARMA(1,2)GARCH(1,1) t
GARCH(1,1) t
0.0015776***
0.0016435 ***
(0.0003226)
(0.0003323)
0.2210642***
0.2254086***
(0.0300308 )
(0.030728)
0.749998 ***
0.7445438***
(0.0259916)
(0.0263452)

Long run
variance

0.055

.

SREC Prices
ARMA(1,1)ARMA(0,2)GARCH(1,1)
GARCH(1,1)
0.0006286*** 0.0006291***
(0.0000191)
(0.0000191)
0.0949927*** 0.0949627***
(0.0949927)
(0.0021461)
0.9008375*** 0.9008466***
(0.0021452)
(0.0000191)

Technology Costs
ARMA(0,1)ARMA(0,1)IGARCH(1,1) t
GARCH(1,1)
0.0064378
0.0146148***
(0.0048028)
(0.0011093)
0.1239291 *
0.0438468***
(0.055367)
(0.0095052)
0.8760709***
-0.0687243
(0.055367)
(0.0754753)

0.151

0.041

CONCLUSIONS
For electricity prices and SREC prices, standard GARCH(1,1) models are able to accurately model most
relevant characteristics of the data. For technology costs an integrated GARCH (IGARCH) model was used.
However, further work is expected in developing more accurate models, especially for technology costs.

• Forecast comparison: mean squared
error, mean absolute error, mean
absolute percentage error
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COORDINATING ENERGY POLICY AND ENVIRONMENTAL GOALS
ACROSS ELECTRICITY MARKETS: A DEMAND SIDE PERSPECTIVE.
Linda Mastrandrea 1 (linda.mastrandrea@ucdconnect.ie), Lisa Ryan 2
UCD Energy Institute and School of Economics, University College of Dublin.1,2

INTRODUCTION

PROBLEM DEFINITION
WE EVALUATE THE IMPLICATIONS ON
ELASTICITY OF ELECTRICITY DEMAND.
WE

Energy
Policy

Climate
Policy

GHG

EMISSIONS OF DIFFERENT FORMS OF ACTIVATION OF THE PRICE

COMPARE THE ENVIRONMENTAL EFFICIENCY OF PRIORITIZING FLEXIBILITY AS OPPOSED TO ENERGY

CONSERVATION ON THE DEMAND SIDE OF THE POWER SECTOR.

 SYSTEM PERSPECTIVE
 MODULAR DECOMPOSITION OF ELECTRICITY MARKETS

Electricity
Markets

MODULE TRANSMISSION
AND DISTRIBUTION GRID
ACCESS

MODULE POWER MARKET

EU 2030 CLIMATE AND ENERGY FRAMEWORK
(EC, 2014).
 ARE THESE OBJECTIVES COMPETING?
 HOW SHOULD ELECTRICITY RETAIL PRICING CHANGE TO
ACCELERATE THE PROCESS OF DECARBONIZATION?

EMISSIONS

OBJECTIVES

MODULE RES-E AND
DECARBONIZATION

 BRIDGE

THE ECONOMIC PROBLEM OF CONSUMERS OF
ENERGY SERVICES WITH THE TECHNOLOGICAL FEATURES
OF ENERGY SYSTEMS AND CLIMATE OBJECTIVES.

 DERIVE

A GENERALIZABLE APPROACH TO DESIGN
ELECTRICITY RETAIL PRICING SCHEMES THAT ARE
CONSISTENT WITH THE PURSUIT OF A SPECIFIC

Flexibility

ENVIRONMENTAL GOAL.

Peak pricing

MODULE END USERS

METHODOLOGY
TREATMENT OF THE ECONOMIC PROBLEM
BUILDING ON FISCHER & PREONAS, 2010.

INNOVATION:
 INCLUSION OF RETAIL PRICING SCHEMES


REFINED TEMPORAL REPRESENTATION.

BALMOREL 1:
SIMULATION OF THE ENVIRONMENTAL IMPACT OF EACH
SCENARIO BY MEANS OF AN ENERGY SYSTEM MODEL.
INNOVATION:


CALIBRATION WITH IRISH DATA



DEFINITION OF THE DEMAND SIDE EQUATIONS.

MODULE RETAIL MARKET
Increasing
marginal cost
pricing

PARTIAL EQUILIBRIUM MODEL:
ANALYTICAL

Energy
Savings

Arranged and extended from (Roques & Finon, 2017).

CONCLUSIONS
BY

COUPLING A BOTTOM-UP APPROACH WITH THE ECONOMICS OF RETAIL PRICING, WE DEFINE THE OVERALL

ENVIRONMENTAL IMPACT OF DEMAND SIDE INSTRUMENTS AND WE SUGGEST POLICY RECOMMENDATIONS TO ALIGN
RETAIL PRICING OF ELECTRICITY WITH CLIMATE CHANGE PRIORITIES.

REFERENCES
European Commission. (2014). A policy framework for climate and energy in the period from 2020 to
2030 ( Communication).
Fischer, C., & Preonas, L. (2010). Combining Policies for Renewable Energy. Resources for the Future, 1-38.
Roques, F., & Finon, D. (2017). Adapting electricity markets to decarbonisation and security of supply
objectives: Toward a hybrid regime? Energy Policy, 584-596.
1- The Balmorel Open Source Project (2017), http://www.balmorel.com/index.php.
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INTRODUCTION
Decentralized Energy Systems (DES) are broadly defined as systems in
which energy is generated close to the place where it is used (Wolsink,
2012). DES are usually associated with higher level of public engagement
with energy systems. Decentralization encompasses energy systems at
different scales and involves technologies, institutions, policy and
behaviours that differ from a centralized mode of operation (Watson &
Devine-Wright, 2011). Overall aim of this research is to understand endusers’ role in DES and which factor influence their engagement.

STAKEHOLDERS’ PERSPECTIVES ON END USERS’ ROLE IN DECENTRALIZED ENERGY SYSTEMS
The first subtask is to identify stakeholders’ perspectives on the role of end-users in DES. After different perspectives are identified they will be
analyzed and contrasted in the light of different worldviews. (Kilbourne et al., 1997).

Methodology
Interviews
[stakeholders from
industry, civil society,
academia]

Q factor analysis

Defining Q set
[collection of all the
possible statements
concerning DES]

Q sort

[data reduction which
identifies dimensions
underlying different
perspectives]

[ranking of statements]

(WHY) DOES OWNERSHIP TRANSLATE INTO POLICY ACCEPTABILITY AND END-USER ENGAGEMENT?
Previous research has shown that public engagement with DES is linked with ownership (Warren & McFadyen, 2010). The aim of this study is to
explore if different ownership models are associated with different levels of end-users engagement and why this may be the case. One reason
may be because formal ownership leads to a sense of psychological ownership, which may, subsequently, lead to increased levels of engagement.

Methodology – scenario & field based experiments

Formal ownership
over DES

Psychological
ownership over DES

Acceptability of DES
& end-user
engagement

REFERENCES
▪ Kilbourne, W. E., McDonagh, P., & Prothero, A. (1997). Sustainable Consumption and the Quality of Life: A Macromarketing Challenge to the Dominant Social Paradigm. Journal of
Macromarketing, 17(1), 4–24. ▪ Warren, C. R., & McFadyen, M. (2010). Does community ownership affect public attitudes to wind energy? A case study from south-west Scotland. Land
Use Policy, 27(2), 204–213. ▪ Watson, J., & Devine-Wright, P. (2011). Centralization, decentralization and the scales in between: what role might they play in the UK energy system?. In:
T. Jamasb & M. G. Pollitt (Eds.), The future of electricity demand: Customers, citizens and loads (pp. 280-297). Cambridge University Press. ▪ Wolsink, M. (2012). The research agenda on
social acceptance of distributed generation in smart grids: Renewable as common pool resources. Renewable and Sustainable Energy Reviews, 16(1), 822–835.
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Incentives for Energy Efficiency in the Residential
Rental Market
Ivan Petrov 1 (ivan.petrov@ucdconnect.ie), Lisa Ryan 2 (lisa.ryan@ucd.ie)
UCD School of Economics and Energy Institute 1, 2

INTRODUCTION
THE LANDLORD – TENANT PROBLEM IN RELATION TO
ENERGY EFFICIENCY CAN BE CHARACTERISED AS A
PRINCIPAL AGENT PROBLEM, RESULTING FROM
INFORMATION ASYMMETRIES AND SPLIT INCENTIVES. SPLIT

DATA: RQ1

RESULTS: RQ1

The data used to answer RQ1 comes form the
Building Energy Ratings (BER) database, which
contains every BER ever issued in the Republic of
Ireland.

Coarsening choice is at the discretion of the
researcher:

INCENTIVES IN THE OWNER-OCCUPANT RELATIONSHIP IN

CEM2: Group age by building regulation to 1990, 10
year intervals prior. Size by 10m2

RELATION TO ENERGY CONSUMPTION TAKE THE FOLLOWING
FORM:

CEM3: Group age by 2 years, size by 5m2

OCCUPANT OWNS
DWELLING

OCCUPANT RENTS
DWELLING

(1) NO SPLIT
INCENTIVES

(2) EFFICIENCY
PROBLEM

(4) BOTH

(3) USAGE PROBLEM

OCCUPANT PAYS FOR
ENERGY USE
OCCUPANT DOES NOT PAY
FOR ENERGY USE

CEM1: Group age by 10 years, size by 20m2

All procedures produce weights of the form:
(a) FULL SAMPLE: OLS FOR COMPARISON
Dep. Variable: ln(BER)
Rental

BER’S AND THEIR INTERNATIONAL COUNTERPARTS HAVE

Ground-floor area (m2)

BEEN BROUGHT ABOUT TO CORRECT FOR THE ASYMMETRIC
INFORMATION PROBLEM. IN THE ABSENCE OF
INFORMATION ASYMMETRIES, DOES THE PRINCIPAL AGENT

Apartment
Terraced house
Semi-detached
Detached

PROBLEM PERSIST?

Rural
Inner Dublin city
South Dublin City

Objective(s)

North Dublin City
Waterford city

The objective of this study will be to answer the
following two research questions:

Limerick City
Galway City
Cork City

1. Is rental accommodation less energy efficient than
owner-occupied accommodation, having corrected
for the information asymmetry between landlords
and tenants? (i.e. is there evidence of the split
incentives problem, and if so, what is the magnitude
of the problem?)
2. Is there a rental price premium associated with more
energy efficient rental accommodation?

METHODOLOGY
1. RESEARCH QUESTION 1:
TO ANSWER THE FIRST RESEARCH QUESTION, WE USE A
COMBINATION OF COARSENED EXACT MATCHING (CEM) AND
PARAMETRIC REGRESSION. THIS ALLOWS US TO ESTIMATE THE
CAUSAL EFFECT OF RENTING ON EFFICIENCY AS FOLLOWS:
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WE RECREATE THE MISSING COUNTERFACTUAL OF THE LEVEL OF
EFFICIENCY OF A RENTAL PROPERTY, HAD IT NOT BEEN RENTAL
(
| = 1 ) BY MATCHING ON A SET OF OBSERVABLE
CHARACTERISTICS. IN THE CASE OF BINARY AND CATEGORICAL
VARIABLES WE APPLY EXACT MATCHING. IN THE CASE OF
CONTINUOUS VARIABLES, WE COARSEN THE DATA INTO DISTINCT
BANDS AND APPLY EXACT MATCHING.
USING BOTH MATCHING (AS A PRE-PROCESSING TECHNIQUE) AND

Age

OLS
0.0610
(0.0017)
-0.0035
(0.0001)
(omitted)
-0.0706
(0.0025)
0.0633
(0.0027)
0.2546
(0.0051)
-0.0851
(0.0040)
-0.1597
(0.0047)
-0.1646
(0.0045)
-0.2252
(0.0046)
-0.1330
(0.0064)
-0.0807
(0.0053)
(omitted)
-0.1901
(0.0050)
0.0087
(0.0000)

***

CEM1 Weights
CEM2 Weights
0.0356 ***
0.0121 ***
(0.0022)
(0.0025)

CEM3 Weights
0.0109 ***
(0.0026)

***

***
***
***
***
***
***
***
***
***

***
***

(b) DUBLIN ONLY
Dep. Variable: ln(BER)
Rental
Ground-floor area (m2)
Apartment
Terraced house

SUMMARY STATISTICS:
Variable
BER (kWh/m2/year)
Ground-floor area (m2)
Apartment
Terracedhouse
Semi-detached
Detached
Rural
Inner Dublin city
South Dublin City
North Dublin City
Waterford city
Limerick City
Galway City
Cork City
Age
No. Observations

Full Sample
Standard
Mean Deviation
257.24
148.96
109.58
58.14
0.18
0.38
0.17
0.37
0.37
0.48
0.29
0.45
0.69
0.46
0.08
0.27
0.08
0.27
0.07
0.26
0.01
0.11
0.02
0.14
0.02
0.13
0.03
0.18
35.25
33.05
438,316

Rental
Standard
Mean Deviation
256.59
120.56
91.60
46.33
0.44
0.50
0.15
0.36
0.26
0.44
0.15
0.36
0.58
0.49
0.16
0.37
0.09
0.29
0.07
0.26
0.01
0.10
0.03
0.17
0.03
0.17
0.03
0.16
32.44
34.51
50,327

Non-rental
Standard
Mean
Deviation
257.32
152.26
111.92 ***
59.10
0.15 ***
0.35
0.17 ***
0.38
0.38 ***
0.49
0.30 ***
0.46
0.70 ***
0.46
0.07 ***
0.25
0.07 ***
0.26
0.07
0.26
0.01 ***
0.11
0.02 ***
0.14
0.02 ***
0.13
0.04 ***
0.19
35.61 ***
32.83
387,989

Semi-detached
Detached
Inner Dublin city
South Dublin City
North Dublin City
Age

Ground-floor area (m2)
Apartment
Terraced house

Detached
Rural
Waterford city
Limerick City
Galway City

PARAMETRIC REGRESSION ON THE MATCHED SAMPLE REDUCES

Cork City

MODEL DEPENDENCE. IN ADDITION, AS A ROBUSTNESS TEST WE

Age

ALSO APPLY BOTH PROPENSITY SCORE MATCHING AND

(0.0044)

(0.0055)

(0.0055)

***

***
***
***

***
***
***

(a) REST OF IRELAND
Dep. Variable: ln(BER)
Rental

Semi-detached

A naïve comparison of means suggests no significant
difference in efficiency between rental and nonrental accommodation. However, we may not be
comparing like with like, since rental properties tend
to be smaller, newer and more urban.

OLS
CEM1 Weights
CEM2 Weights
CEM3 Weights
0.1159 ***
0.0634 ***
0.0334 ***
0.0286 ***
(0.0035)
-0.0044
(0.0001)
0
(omitted)
-0.0251
(0.0044)
0.1555
(0.0049)
0.4062
(0.0089)
0
(omitted)
0.0020
(0.0035)
-0.0542
(0.0036)
0.0096
(0.0001)

OLS
0.0403
(0.0020)
-0.0034
(0.0001)
0
(omitted)
-0.0951
(0.0029)
0.0281
(0.0028)
0.2208
(0.0055)
-0.0799
(0.0040)
-0.1277
(0.0063)
-0.0764
(0.0053)
0
(omitted)
-0.1826
(0.0050)
0.0084
(0.0000)

***

CEM1 Weights
0.0222 ***
(0.0025)

CEM2 Weights
0.0019
(0.0027)

CEM3 Weights
0.0025
(0.0028)

***

***
***
***
***
***
***

***
***

MAHALANOBIS DISTANCE MATCHING.

CONCLUSIONS

2. RESEARCH QUESTION 2:

Rental properties in the Republic of Ireland are less efficient than their owner occupied counterparts
even when the information asymmetry between landlords and tenants has been removed. This is
consistent with the split incentives problem, however the magnitude of the problem does not appear to
be very high: rental properties are on average 1-6% less efficient on a national level. When we split the
sample into Dublin vs. the rest of Ireland, we find that the split incentives problem is two to three times
larger in magnitude in the capital when compared to the rest of the state. Next steps: answer RQ2 “Is
there a rental price premium associated with more efficient rental properties?” using RTB database.

TO ANSWER OUR SECOND RESEARCH QUESTION, WE WILL USE A
COMBINATION OF CEM AND HEDONIC REGRESSION WITH YEAR-BYLOCATION AND SEASONAL FIXED EFFECTS. THE DATASET WHICH WILL
BE USED TO ADDRESS THIS QUESTION COMES FROM THE

RESIDENTIAL TENANCIES BOARD (RTB) AND CONTAINS ALL ACTIVE
TENANCIES IN THE REPUBLIC OF IRELAND.
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Introduction
Successful large scale integraon of variable
renewable energy sources requires an
improved
understanding
of
their
spaotemporal variability. Here we assess
the impact of large scale sea level pressure
(SLP) paerns (Figure 1) such as the North
Atlanc Oscillaon (NAO), the East Atlanc
(EA) and the Scandinavian paern (SCAND)
on solar energy resources in Ireland.

NAO

Results
NAO
(a)

Figure 3: (i) Zoom-in of the white box on Fig 2 (a). (ii) refers to the same
variables using a coarser reanalysis dataset. Numbers on the map refer to
Pearson's correlaon score for staon based observaons, and are shown
irrespecve
pecve of the signicance of the rela
relaonship. (R values x 100)

(i)

((ii)

EA

(b)

A NE
NE-SW
SW oriented
i t d zonall correlaon
l
gradient was found in
Ireland between SW radiaon and both the NAO (Fig 2a; Fig 3
(i) and (ii) ) and SCAND paerns (Fig. 2c).

Observaons
Rpearson= -73

EA
SCAND
(c)

SCAND
Figure 4: Time-series of winter averages of normalized SW radiaon and the NAO
index. The dots represent individual staon's normalized SW radiaon, coloured
according to their locaon (Figure 3). The red line is the average of SW radiaon
for the three Atlanc seabord staons (red dots), whose correlaon coecients
with the NAO index (blue line) are expressed in the plot, and in Table 1.

Figure 1: Spaal paerns of the SLP anomalies
associated with each teleconnecon paern.

Data&Methodology

Figure 2: Pearson's correlaon score (colorbar; white areas
ltered out by signicance) for MERA Climate Reanalysis
SW radiaon, for 1982- 2015 (DJF). (R values x 100).

Ireland
“Atlanc”staons
“Middle”staons
Southeast staons

NAO
-73
-52
-0.5

EA
-16
9
1

SCAND
49
32*
1

Table 1: Correlaons between
paern indices and SW
radiaon average for dierent
staon groups. R values x 100;
bold (*) indicates signicant
correlaon at p<0.01 (p<0.05).

In the UK the correlaon between winter SW radiaon and the NAO index exhibits a strong zonal gradient.
1. Pyranometer observaons of short-wave
A similar zonal correlaon gradient was found for Ireland, with highly negave correlaons along the Alanc
radiaon and the Met Éireann's new MERA
seabord (Figures 3 and 4), and weak to no correlaons in southeast Ireland (Table 1).
Climate Reanalysis gridded dataset were used
to produce winter (DJF) aggregated means of
global SW radiaon. This is an high resoluon
dataset. The results were compared with a - A signicant relaonship between winter SW radiaon and the NAO index is conrmed across the UK (as in [1]) and Ireland.
previously used, lower resoluon reanalysis - Correlaons based on the sparse pyranometer data (Table 1) resemble those based on both MERA and MERRA2 datasets (Figure 3).
dataset, the MERRA2 (not related to MERA,
- Similar results were found for the eect of the SCAND paern on SW radiaon in Ireland and to a lesser extent in the UK (Figure 2c).
although the similarity of name).
- Despite its proximity, the EA paern does not signicantly contribute to winter SW radiaon variability in the region (Figure 2b).

Conclusions

Futurework

2. NOAA's Climate Predicon Center
teleconnecon indices (NAO, EA, SCAND) for
Explore these relaonships further and their physical causality using:
the me period (1982-2015) for which there is
greatest temporal overlap between the
- Both high and (relavely) low resoluon gridded datasets;
observaons and reanalysis data were used to
- Sunshine Hours (SH) recorder data, which are much more abundant and widely available in the
assess correlaons with the global SW radiaon
region, appear to be a good proxy for SW radiaon and will be explored further in this project.
me-series.
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