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An Energy Performance Contracting (EPC) van
Dronkelaar (2016) is an arrangement between a
beneficiary and a provider (typically an Energy Services
Company or ESCO), where investments in energy
efficiency improvements are repaid in relation to the
achievement of a pre-determined target. Figure 1
illustrates the basic concept of EPC. The first bar
represents the total utility costs of one facility before the
performance contract. The second bar shows that during
performance contract period, after retrofitting the energy
savings are shared by client and ESCO. And the third bar
shows that, after performance contract period, all the cost
savings belong to client.

Abstract

Energy savings/ cost ($)

Energy Performance Contracting (EPC), a market
mechanism provided by Energy Service Companies
(ESCOs), has been widely used as one of the most
common contracting models for guaranteeing energy
efficiency expectations and to improve energy efficiency.
Guaranteed energy savings serves as the base for EPC
process and the overall stability of the EPC strongly
depends on it, as the energy efficiency investments are
repaid directly from predicted achieved energy savings.
However, prediction of guaranteed energy savings
becomes challenging at the time of scarce technical data
availability.
The objective of the paper it to present a case study for the
use of a simulation-based decision support tool to support
accurate energy savings predictions within a recognised
Energy Performance Contracting business model.
Grey-box models are based on the prior physical
knowledge in the form of reduced order. The increased
flexibility of reduce order modelling allows detailed
simulation of real behaviours of the cooling and heating
system, of end users, thus providing robust accurate
predictions of the energy consumption of buildings in the
real operating conditions.
The Case study chosen for this research study is the IRISH
pilot for HIT2GAP EU-Horizon 2020 funded project.
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Figure 1: Energy performance contracting. Xu (2011).

Introduction
Various extensive research indicates that buildings
usually do not perform as accurate as predicted
Demanuele (2010) Bordass (2001) De Wilde (2014). This
is often referred to as ‘performance gap’ which is
attributed to the lack of feedback to the designers after
handover, inhibiting improvements both to the existing
buildings and future designs De Wilde (2014). To address
these performance gaps and to achieve predefined
building energy performance levels, in Europe, the
Energy Efficiency directive (EED) and the Energy
Performance
of
Building
Directives
(EPBD)
(2012/27/EU), have highlighted energy services as
important tools for the refurbishment of buildings and for
the upgrade of public infrastructures. One of these, the
Energy Performance Contracting (EPC), has been
adopted as one of the most common contracting models
for guaranteeing energy efficiency expectations Goldman
(2005).

The essentials of the EPC business model and process are;
1. Turnkey services: Turnkey Services are provided
by ESCO which include services like supply and
installation of energy efficient equipment/s, building
retrofitting
solutions,
facility
management,
maintenance and operations, financing etc., to
complete the EPC project.
2. Guarantee savings: In the EPC business model, the
ESCO needs to ensure energy cost savings in
comparison to a current energy cost baseline. The
EPC provider (e.g. ESCO) guarantees the
achievement of the contractually agreed level of
savings and is obliged to compensate savings
shortfalls.
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5. Measurement and verifications: The savings are
verified in this process. The M&V process can be
done by the ESCO, which is the most common way,
or it can be done by the customer or a third party.
Among the above-mentioned essentials, Guaranteed
energy savings/performance is one of the most essentials.
The stability of the EPC strongly depends on the
achievements of the predicted energy performance in the
real operating conditions, as the energy efficiency
investments are repaid directly from predicted achieved
energy savings. Hence the prediction of energy savings at
design time is strongly a fundamental basis of having a
successful EPC project.
However, studies show Marino (2010) that it is also one
of the key barriers among other such as (Access to
financing, High transaction costs, Lack of trust etc.)
towards a successful growth of ESCO market Grim
(2005). Since energy performance calculations are mostly
done by using Building Energy Simulation (BES) and the
essentials of the BES are prediction, cost and reliability as
shown in the Figure 2, and hence unreliable energy
predictions raise issues over BES approaches.

Signing of the Contract

4. Profit Sharing: During the length of the contract, the
client continues to pay the same or a slightly reduced
energy price as before the turnkey solutions were
installed. However, after the contract end, the client
takes the entire profit from the savings. The
compensation of ESCO is different in every project
depending on the contract and the savings. Risks are
minimised for the customers: The EPC provider
assumes the contractually agreed performance risks
of the project.

05 to 25 years

Generally, there are two types of BES approach a)
physical modelling approach and b) data-driven approach.
Physical models (also known as engineering methods or
white-box models) rely on thermodynamic rules. Energy
Plus, e-Quest, and Ecotect are some software which uses
physical modelling approach and are mostly used in the
design phase (refer Figure 2 )
On the other hand, Data-driven building energy modelling
approach, does not perform such energy analysis or
require such detailed data about the simulated building,
and instead learns from historical/available data for
prediction. they are mostly used in the operation phase of
the buildings.
Figure 3 explains the stages of EPC contracting process
and the role of R.O building energy simulation
respectively. And among all the phases of EPC, the earlier
phase of Tendering/Bidding plays an important role and
in this phase of the EPC, Energy auditing requires a
detailed technical knowledge of the building.

3. No-Upfront cost capital from the customer: The
future cash flow generated from energy savings pays
back the energy efficiency investment in the project.

Figure 3: Process of EPC contracting and role of BES in
each phase.
Figure 2: Role of BES approaches in building
construction phase.
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And generally, existing buildings that are subjected to
EPC are usually complex public buildings or blocks of
residential buildings and for these complex buildings
comprehensive reliable technical data gathering is often a
time consuming and an expensive process. Detailed data
might not be easily available because of many service
repairs, restructure, and natural ageing of the building.
Therefore, a new modelling approach is required to
overcome the above-mentioned barriers and to predict
accurate energy savings which will subsequently lead to a
successful EPC process.
This research investigates and proposes Grey-box
modelling as a mean to overcome these issues efficiency
targets whilst having minimal technical data, in less time
and without the need of detail modelling
This approach relies on the simplified representations of
the physical system dynamics and provide a reduce order
model structure. Despite of their simplified structure,
Grey Box models provides good result in forecasting
building energy predictions Giretti (2017).
Rest of the sections in the paper explains the case study,
modelling approach, result and the conclusion of the
research work.

This area is being served by AHU no. 105 (refer Figure 5)
as represented in the BMS, with a supply and return fan
speed of 1450 rpm and fan power of 7.5 and 4.0 kW
respectively, and all AHUs of the Alice Perry building are
of the RMI brand. The AHU components are (from left to
right and from downside to upside): Fresh Air Inlet
Damper →Filter → Pre-Heating s → Filter →Cooling
Coil → Heating Coil → Supply Fan. This AHU is of type
“All fresh air”, therefore the exhausted air is done through
damper to the adjacent corridor open to the atrium and/or
through the windows.
Monitoring data
The monitoring data files is collected from existing
MySQL databases managed by IRUSE for the ENG_2016
and ENG_2017 labs. The period covered by this database
is from 19/06/2014 to 12/10/2015. The typical data
interval logged by the BMS in this database is 7.5
minutes.

Case study
Modelled zone description
The Modelled Zones (Figure 4) are the computer
laboratories for the students located on 2nd floor at the
south elevation of the Alice Perry Building, National
University of Ireland, Galway. These two rooms are
separated by an internal partition. Also, these rooms
incurred large internal loads due to occupancy and
intensive computer use.

Figure 5: AHU105 for computer Labs ENG2016-17.
each phase.
Construction materials
The main construction materials from the outside layer
to the inside layer:
Slab internal up: Carpet (0.0127 m), Plywood (0.02 m),
Aluminium (0.0015 m), Air gap (0.3 m) and Reinforced
concrete (0.3 m).
Slab roof Ext. up: Asphalt (0.006 m), Plywood (0.02 m),
Air gap (0.3 m), Kingspan Koolterm (0.09 m) and
Reinforced concrete (0.3m).
Facade Ext: Sto Silco Finish (0.002 m), Sto Armat
Classic (0.006 m), Sto Ventec Carrier board (0.012 m),
Kingspan Koolterm (0.09 m), Air gap (0.2 m) and Plaster
Board (0.03 m).
Internal Medium
Floor down: Reinforced concrete (0.3 m), Air gap (0.3
m), Aluminium (0.0015 m), Plywood (0.02 m) and Carpet
(0.0127 m)
Partition Int. concrete: Reinforced concrete (0.3 m)
Facade part corridor: Plaster Board (0.03m), Air gap
(0.2 m), Lana mineral (0.03 m) and Plaster Board (0.03
m).
Table 1: Thermal properties of the materials

Figure 4: Computer labs Auto-Cad drawing.

521

Materials

Conductivity
[W/ (m K)]

Density
[kg/m3]

Aluminum
Reinforced
concrete

230

2700

Specific
Heat
[J/ (kg
K)]
880

2.3

2400

1000

Carpet
Asphalt
Kingspan
Kool term
Zinc
Plaster Board
Plywood
Particle
board
Air gap 0,3
Air gap 0,2
Fiberglass
Plywood
Concrete light
Heat resistant
plaster
Lana mineral
Sto Silco
Finish
Sto Armat
Classic
Sto Ventec
Carrier board

0.06
0.7

288
2100

1380
1000

40

1210

1210

110
0.25
0.15

7200
825
475

380
1000
1600

0.15

545

1700

1.66
1.33
0.04
0.15
0.97

1.225
1.225
150
545
1600

1005
1005
700
1700
1000

0.41

900

1000

0.04

40

1000

0.15

1600

1465

0.7

1700

1000

0.09

500

800

Modelling approach
A Grey-box modelling approach using Modelica have
been used to simulate the computer labs ENG2016-2017
(refer Figure 4).
Grey Box modelling
A third order model was used for the envelope, internal
walls and the floor in which they are modelled as a
thermal network. With the RC method, the thermal
processes and properties are replaced with equivalent
electrical values.
A capacitance represents thermal capacity (property of
object that describes its capability to store heat), while a
resistance represents thermal. resistance (describes a
property of object or material to resist the heat flow
through it); a potential equals temperature while a current
equals heat-flow
Modelica
Modelica is an equation-based, object-oriented modelling
language for complex multi-physics systems. Modelica
has recently gained a lot of importance in building
simulation community, that has also resulted in the
approval of an Annexe 60 of International Agency.
The proposed model has been implemented as a thermal
model using the basic components of the Buildings
Modelica library Wetter (2011) in the Dymola
commercial modelling and simulation environment.

Thermal properties of the materials are presented in the
Table 1 . For glazing surfaces, windows are of 10.11 m2
area and have a U- factor of 2.7 W/ (m2 K). The
occupancy period is from 8 am to 8 pm on weekdays. And
the no. of people/occupants has been calculated from
BMS data shown in Figure 6 below.

Model parameters description
The Building Model is made up of 4 main components as
shown in the Figure 7
1. The Building component

70
60
50
40
30
20
10
0

2. The heating/Cooling system
3. The occupancy
4. The weather
As discussed in the case study section, the calculations are
combined and lumped resulting in a reduced number of
parameters as shown in the Table 5.

0
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33
36
39
42
45
48
51

Average no. of people

Average People

No. of weeks

Figure 6: No. of Occupants.
Weather data
The Informatics Research Unit for Sustainable
Engineering (IRUSE) at the National University of
Ireland, Galway maintains the records of Galway weather
which currently records the following measurements (at
1-minute intervals): Dry-bulb temperature, Relative
humidity, Barometric pressure, Wind speed, Wind
direction, Rainfall (hourly), Global solar irradiance,
Diffuse solar irradiance
Weather data is collected by both the BMS system and the
IRUSE weather station1.The weather data collected was
pre-processed into Modelica format.

1

http://weather.nuigalway.ie/weatherData.php
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Weather

R convective = 1 /h

(3)

HVAC system

Internal gains

Building

Where C is the heat capacity for the thermal medium
[J/K], d is the density [kg/m3], v is the volume [m3] and ρ
is the specific heat of the material [J/ K.kg], R conductive is
the conductive resistance to heat flow per unit area
[m2K/W], R convective is the convective resistance to heat
flow [m2K/W], x is the thickness or length [m], k is the
thermal conductivity [W/ (m K)] and h is the convective
coefficient [W/(m2K].
Occupancy Component: It represents the total internal
thermal gains due to the occupancy and the equipment.
However, it solely depends on the reliability of the data,
and those can be refined by means of calibration.
Heating/Cooling/HVAC systems: It has been derived
from the simple source model proposed by Bacher (2011).
The AHU model is based on heat transfer principles and
is defined by parameters such as a) Season mode b)
Temperature set point 21-degree Celsius c) Operation
schedule (Obtained by data logged of VSD Supply) d)
The heater thermal resistance (R_ih) between the heaters
and the interior and (C_ih), the heater heat capacity,
which are unknown parameters here and they were used
to calibrate the model.

Figure 7: RC representation of the Modelica building
model. Giretti (2017).
RC representation of the Modelica model has been shown
in the Figure 7, where Ri is the resistance of the opaque
envelope, Rea is the outdoor air envelope resistance, Ria is
the air infiltration resistance, Rm and Cm are the medium
thermal resistance and Ci and Ce are the envelope thermal
capacity and the indoor air thermal capacity, Q u is the
internal gains, Qws is the solar radiance through windows,
Qos is the solar radiance on the opaque surface, Tin is the
indoor air temperature , Tf is the system heating medium
temperature and Tout is the outdoor air temperature.
The Building Component: A third order model as
suggested by Reynders (2014) is being selected to
represent the lumped resistance and capacitance of the
building envelope and it can be estimated from design
data. It has been built using the components from the
thermal and the fluid libraries of the Modelica standard
Library.
The representation with 3R2C model describes
convection between the outside air and the exterior
surface of the wall, convection between the inside air and
the inside surface of the wall, and conduction between the
two layers of wall. The following formulas (1) (2) and (3)
has been used to calculate the resistance/s and the
capacitance/s in the model.
C = d*v*ρ

(1)

R conductive = x/k

(2)

Figure 8 : The Heating/Cooling component in Modelica
Giretti (2017).
The heating/cooling (Figure 8 and in the RC
representation in Figure 7) system has been modelled by
a simple thermal source, with flux ∅ which performs at a
given efficiency rate, coupled with thermal with the
indoor environment through the resistance R_ih and the
capacity C_ih
Weather component: This component has been used to
calculate the solar gains per unit area through windows
and the building envelope.
Distribution of Solar Radiation inside: Assumptions that
were typically used in modelling of the buildings Wetter
(2011) are used to compute the solar gains which are as
follows: i) that all solar radiation coming from windows
reaches the floor and then is reflected diffusely to the
inner wall surfaces. ii) there are no multiple reflections
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and iii) area weighted solar distribution factors are used
instead of view factors between the floor and the other
surfaces.

Table 4: Parameters after calibration
Parameters after calibration
Efficiency warm/Heater
2.8
efficiency
Efficiency cold/ Chiller
3.1
efficiency
Standby consumption
0.0
Thermostat range
10.0
Power of the heat pump
150000
R_ih (thermal resistance
0.000512742 K/W
between the heaters and the
interior)
C_h (heater heat capacity)
0.5* 9208923.724 J/K

Model calibration
Three reasons to conduct model calibration include: i)
improving accuracy of building energy performance
models Clarke (2015) and ii) to predict better energy
savings of an energy conservation measure Yin (2016).
In this study model calibration has been done using the
standard ASHRAE guideline 14 ASHRAE14 (2002)
which suggests the use of Mean Bias Error MBE, and the
Coefficient of Variation of Root Mean Square Error
CVRMSE. The calibration is based on monthly data. The
simulation calibration approach is defined in three
guidelines/Standard
1. ASHRAE 14-2002 ASHRAE14 (2002)

Table 5: ROM inputs variables and parameter
Model
Blocks

2. M&V Guidelines: Measurement and Verification of
Federal Energy Projects (FEMP) FEMP (2015)
International Performance Measurement and Verification
Protocol (IPMVP)(IPMVP 2002).Table 2 below shows
the acceptable NMBE and RMSE range for yearly and
monthly calibration within these guidelines.

Occupancy

occupancy

Table 2: The acceptable tolerance range for yearly and
monthly calibration
Index
NMBE
CVRMSE

ASHRAE 14

IPMVP

FEMP

± 5%
±15%

±20%
±5%

±15%
±10%

Variables
and
Parameters
Person Heat
Gain
Fixed internal
gain
Building
daily
schedule

volume
R_ea

r_ie

The combination of the NMBE and CVRMSE determines
how well the model predicts the whole building energy
usage. The lower the NMBE and CVRMSE, the better the
calibration.
In this study manual calibration has been performed by
changing the unknown parameters Table 3 inside the
Heating/Cooling/HVAC systems which in our case is the
AHU.Table 4 shows the reached calibrated unknown
parameters.

Building

r_m
v_rate
l_rate
c_e
c_m

Air
Handling
Unit

Table 3: Parameters after calibration
Parameters before calibration
Efficiency warm/Heater
1.00
efficiency
Efficiency cold/ Chiller
1.00
efficiency
Standby consumption
0.00
Thermostat range
1.00
Power of the heat pump
200000
R_ih (thermal resistance
0.000512742 K/W
between the heaters and the
interior)
C_h (heater heat capacity)
9208923.724 J/K

Weather
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Season Mode

Description
activity level per person
building equipment fixed
internal gain
hours when the building is
occupied
number of people present
in the building
total internal volume of the
building
thermal resistance between
the outside air and the
external envelope
thermal resistance between
the zone air and the
external envelope
internal construction
thermal resistance
mass flow rate through
forced ventilation
air infiltration resistance
envelope heat capacity
internal construction heat
capacity
switch between
cooling (0) and heating (1)

Set Point

AHU supply temperature

Operation
Schedule
Efficiency
Warm
Efficiency
Cold
Standby
consumption
Thermostat
Range
r_ih

AHU start/stop

c_ih
weadat
asouthwin
anorthwin

heater efficiency adjusting
parameter
chiller efficiency adjusting
parameter
energy consumption when
switched off
thermostat hysteresis range
thermal resistance between
the heaters and the zone air
heater heat capacity
weather data file name
area of the south surface
area of the north surface

Result

Modelica Monthly consumption
Real Consumption
Figure 10: Calibrated results for 2014-2015-year data
set.
20%

Deviation

10%
5%
0%
-5%

December
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September

11000

February

January

-10%

Before Calibration

Figure 11: Deviation percentage of monthly energy
consumption of the 2014-2015-year data set.
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This research paper studied the use of a reliable Grey Box
modelling approach to energy performance forecasting.
Results shows that Grey Box modelling approach predicts
accurate energy performance in comparison to the whole
building modelling approach when compared against the
real energy performance.
Results show that despite of having simple structure of
ROMs, they can match the real energy consumption of the
building and just after few manual iterations, promising
NMBE = 0.32 % and CVRMSE = 7.08% were reached
and were within the accepted range of ASHRAE14.
Thereby, the study shows that Grey Box modelling
approach can be useful to inform the stakeholders on
achieving energy efficiency targets whilst having minimal
technical data, and without the need of detail modelling.
Robust simulation models will also help design teams in
committing for predicted guarantee savings, which will
help in the decision-making process and in the
measurement and verification process by having accurate
and reliable predictions (Figure 3 explains the role of the
RO model throughout the EPC project process). Having
robust energy models will also address the risk of

Deviation

Modelica Monthly consumption
Real Consumption
Figure 9: Comparison of Modelica case with real case.
Table 6: NMBE and CVRMSE (Pre- Calibration and
Post Calibration)

Monthly
Calibration

Deviation % after calibration

15%

January
February
March
April
May
June
July
August
September
October
November
December

Energy Consumption(kWh)

Results shows that even though having simple structure,
the Reduced Order Model (ROM) can match the real
energy consumption of the building. It is very much clear
that the accuracy of the predicted performance is closer to
the real consumption in the case of RO modelling
approach, which is simulated by modelica.
Table 6 further explains the residuals compared with the
predictions performed by modelica against the real
measures prior to the calibration with initial values of
NMBE and CVRMSE of 19.92% and 50.69%
respectively (refer Table 4). In this process, the calibrated
simulation was begun by adjusting (R_ih) and (C_ih)
values, also previously discussed in the ‘Model
calibration’ section.
It can be seen from the Figures 9, 10 and 11, that the
simple RO models modelled via modelica matches the
real energy consumption of the building by doing few
manual iterations (which has been discussed above in the
Model calibration section) promising NMBE of 0.32%
and CVRMSE of 7.08 % (as shown in Table). The
referred ASHRAE indices are within the range of
accepted error (refer Table 2).

After Calibration
10000
8000
6000
4000
2000
0
January
February
March
April
May
June
July
August
September
October
November
December

area of the west surface
area of the east surface
area of the roof surface
solar shading

Energy Consumption (kWh)

awestwin
aeastwin
aroofwin
gvalue

Index

ASHRAE
14

(PreCalibration)
Error
Calculated

(Post
Calibration)
Error
Calculated

NMBE

±5%

19.92%

0.32 %

CVRMSE

±15%

50.69%

7.08 %
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uncertainty, investment risk for different stakeholders
(e.g. ECOs, building owner, facility managers) and would
create a win-win situation between these stakeholders.
Furthermore, for the future work, these models can be
explored and tested more with different bigger data sets
(i.e. 2016, 2017 year), for different kinds of buildings
such as office, commercial, residential etc to assess its
reliability and accuracy.
In addition to this, with the calibrated model, different
retrofit decisions (e.g. Building envelope and HVAC
measures etc.) along with their lifecycle cost analysis
could be proposed within the EPC project under a suitable
energy business model.
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