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 A novel method to quantify the available demand flexibility of buildings is proposed.
 The method includes the thermal comfort dynamics and clear flexibility parameters.
 The results suggest buildings in warm climates offer higher but short flexibility.
 The results suggest buildings in cold climates offer smaller but longer flexibility.
 Determining these differences could facilitate the dispatch of flexible resources.
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a b s t r a c t
Recently, demand flexibility has been highlighted as a promising distributed resource from the customer
side, especially from industrial customers like commercial buildings, capable of providing grid support
services. However, the quantification of demand flexibility is a complex process that requires a methodology including the requirements of both the grid operators and the customers. This paper proposes a
novel approach to quantify the available demand flexibility of individual buildings, while taking into
account the underlying building energy physics. The proposed approach constructs on the operational
flexibility concept from the power systems, and extends it to include a comfort domain, identifying different flexibility parameters with the aim of giving a better insight into the flexibility potential of commercial buildings. This method includes a development of building energy simulations to assess the
effects of weather variations, construction types, and comfort constrains on demand flexibility. The proposed quantification method has been validated using 15 different office building models and two different climate zones, i.e., the Netherlands and Texas, US. The results presented in this paper suggest that
buildings located in a hot climate could offer higher flexibility potential during shorter time ranges, while
buildings in a cold climate could offer lower flexibility potential but during longer time ranges.
Determining these differences could potentially facilitate the dispatch of flexible demand resources, to
assess their real potential, and to schedule demand flexibility between stakeholders.
Ó 2017 Elsevier Ltd. All rights reserved.

1. Introduction
Despite the recent economic crises, and the decline in oil prices,
renewable energy sources (RES) have continued to grow. In 2014,
they represented about 58% of the net additions to the global
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installed power capacity [1]. Besides the benefits of RES in energy
decarbonization, the stochastic, uncontrollable, and unpredictable
nature of renewable sources inevitably increases the uncertainty
in the operation of the electrical power systems. Thereby, increasing the system’s need for power reserves and flexibility sources [2–
5]. While power reserves are arranged among the generating units,
flexibility is an emerging strategy that allows for a more active participation of the demand side in the operation and control tasks of
the electrical power system.
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Being responsible for about one-third of the electrical energy
consumed in cities [6], non-residential buildings play a significant
role in achieving the energy efficiency and sustainability goals. In
particular, because non-residential buildings are responsible for
so much energy consumption, changes to their consumption can
non-trivially be used to improve operation of large-scale energy
systems [7–9]. Thereby, becoming valuable resources to the electrical power system, through possible network support activities
such as congestion management, or ancillary services such as local
balancing [10–15]. To do so, buildings are required to dynamically
adjust their electrical power consumption patterns in response to
external signals, either voluntary or mandatory. This adaptable
behavior of the building is commonly referred as demand flexibility [16].
Demand flexibility is generally quantified in terms of energy
how much energy (kW h) can be shifted or curtailed, while
neglecting the response size (kW), and the ramping up/down time
(kW/min). More than half of a typical non-residential building’s
energy is used for comfort management and space conditioning
[17]. Thus, exploring demand flexibility will have a direct impact
on the users comfort in the building. Several studies have investigated this relationship between the demand flexibility and the
building occupants’ comfort. Some research works have shown
the flexibility potential of comfort optimization by means of passive thermal energy storage and HVAC control [18–23]. However,
the integration of the power systems requirements into the
demand flexibility quantification is still missing. It is necessary to
develop a methodology to integrate the objectives of the power
system with the energy behaviour and objectives of buildings,
while being robust, scalable, and understandable.
In this paper, we propose a novel method for quantifying and
defining the available demand flexibility of individual buildings.
The proposed approach elaborates on the concept of operational
flexibility proposed by Ulbig and Andersson [24], and extends it
to include the physical and comfort constraints of buildings. This
new approach includes a probabilistic analysis to specify the
stochastic nature of building energy demand, the effects of
weather, construction type, and comfort constraints. This method
allows flexibility aggregating units, or building managers to understand the demand flexibility potential and constraints given by the
particular characteristics of the building and its environment.
The remainder of this paper is divided in four sections. Section 2
elaborates on the demand flexibility concept, giving a general overview of the current state-of-the-art. At the end of this section the
proposed methodology for the assessment and quantification of
demand flexibility is presented. Section 3 describes the different
building energy simulations. Section 4 shows the different results
obtained. Finally, Section 5 summarizes and presents some conclusions drawn from this study.
2. Demand flexibility
Flexibility is an important element that helps to mitigate uncertainty in the electricity supply chain. To properly exploit demand
flexibility, it is essential to understand how flexibility is defined
and used by the electrical power system.
2.1. Flexibility in power systems
The capacity of power generation units to modulate their power
and energy in-feed into the power system, based on control signals
is known as operational flexibility [24]. It is used by System Operators (SOs) to reduce the effects of uncertainty in the power system
operation [25]. Through organizing ancillary service market, the
reserved capacity is scheduled and dispatched in response to sud-

den and unexpected supply–demand imbalances, via (automated)
primary and secondary control, or (manual) tertiary control1 [25].
When disturbances occur leading to a significant frequency fluctuation2, the primary reserves are activated immediately. To relieve the
primary reserves and if the imbalance exceeds 30 s, the secondary
reserves are activated. Finally, if the deviation last longer than
15 min, the tertiary reserves are used. In general, power system
reserves can be characterized by three main characteristics [27,24]:
(a) ramping rate [MW/min.], i.e., how fast the unit reacts;
(b) power capacity for up/down regulation [MW], i.e., how
much power can be delivered for support activities; and
(c) energy capacity [MW h], i.e., how long the response can be
sustained.
2.2. Mapping operational flexibility to demand flexibility
To extend the concept of operational flexibility into demand
flexibility, it is necessary to integrate the characteristics of comfort
management and building operation. Comfort is a complex and
subjective human perception, which varies according to individual
preferences and particular environment. It measures the degree of
satisfaction of the user, with respect to different factors, including
temperature, illumination, noise, and air quality. There are multiple ways to evaluate, and optimize comfort in the built environment. For the sake of simplification, it can be assumed that
comfort is to be kept within certain boundaries, such as maximum
and minimum allowed temperatures. Furthermore, the physical
characteristics of the building, and the outdoor conditions define
the relationship between energy and comfort.
Several attempts have been made to establish a more clear
understanding of the potential and impacts of demand flexibility
on the power system. Kiliccote et al. showed that the heating, ventilation, and air conditioning (HVAC) systems can act as nonspinning reserves for the power system [27]. Reynders et al. proposed the use of the structural thermal energy storage of residential buildings to improve the balance between electricity demand
for space heating, and local electricity production [28]. Christantoni et al. evaluated the potential of the building thermal inertia
and HVAC operation in shifting electrical demand, using building
energy simulations [29]. Gao et al. introduced the effect of load
prediction uncertainty to improve the HVAC operation optimization, and to increase energy savings [30]. Xue et al. investigated
the potential of fast chiller systems in providing non-spinning
reserves, while minimizing the negative effect on comfort [31].
Furthermore, some attempts have been made to define a flexibility quantification method while taking into account different
requirements and constraints of the buildings [32–34]. However,
these studies have not addressed properly the objectives of the
power system, as described by operational flexibility, nor fully
integrated comfort as a parameter that defines demand flexibility.
To address these issues, Fig. 1 shows the proposed demand flexibility concept for non-residential buildings. A flexibility action, i.e.,
flexible power ðP f Þ, is defined as the power in [kW] that is
shifted/shedded in response to a given request. This action can
be of two types: (a) up regulation, i.e., increase in the power
demand, (b) down regulation, i.e., decrease in the power demand.
Finally, the building flexible action is defined by the following metrics for up/down regulation:

1
Tertiary control can be activated automatically or manually. In the Netherlands,
the tertiary control is activated manually [26].
2
In the electrical power systems, frequency is used as the metric for the system
balance. Its regulation is mainly provided by ramping (up and/or down) of generation
assets.
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as most of the comfort systems are based on the indoor temperature. However, the proposed concept can be extended to include
a more comprehensive definition of the comfort like the Fanger’s
model.
The temperature change in time, dTðtÞ=dt, of a thermal zone can
be modeled by applying the energy conservation principle, as
follows:


dTðtÞ
1 
¼
Q þ Qa þ Ql ;
dt
M a cp;a p

ð1Þ

where Q p represents the passive, free, heat gains, i.e., the heat generation of occupants; Q a represents the active heat contribution of
the comfort (active) systems used; Q l embodies the heat losses to
the environment; M a is the mass of the enclosed air; and cp;a is
the specific heat capacity of the enclosed air.
To keep variations in the temperature as small as possible, the
active systems operate to compensate for the heat losses of the
building, thus Q a  Q p þ Q l . Moreover, the heat losses of the
building are represented through the conduction and convective
heat transfer mechanisms, and described as follows3:

Ql ¼
Fig. 1. Demand flexibility metrics showing the extension of the operational
flexibility concept, and the relation between demand flexibility, i.e., flexible power
P f , and comfort, C.

(a) ramping rate ðqÞ [kW/min], i.e., how fast the building reacts;
(b) power capacity ðpÞ [kW], i.e., how much power can be delivered as flexible power;
(c) energy capacity ðeÞ [kW h], i.e., how much energy can be
delivered during the flexibility action and defined as:
R
e ¼ ttif Pf dt;

(d) comfort capacity ðrþ Þ [min], i.e., how long the response can
be sustained before the comfort limits are reached;
(e) comfort recovery ðr Þ [min], i.e., how long the building
requires to restore the nominal comfort level.
The first two parameters are defined by the electrical characteristics of comfort systems, whereas the last three are defined based
on the building physical characteristics (construction type, area,
and geographical location). The comfort capacity (rþ ), depends
directly on the time response of the building to variations of the
comfort system operation, i.e., how long it takes for the building
to reach the comfort limits. In turn, the comfort recovery (r ), represents the time it takes for the comfort system to restore the nominal comfort state, i.e., the time before the building can take a new
flexibility action. Finally, the comfort capacity, power capacity, and
ramping rate define the energy capacity (e), of the building.
2.3. Comfort formulation
Within the built environment, the comfort level is controlled by
a combination of a centralized management systems and human
interventions, like thermostats, or lights in local zones. Different
standards have been developed to guarantee comfort levels, for
instance ASHRAE55 and ISO7730 for thermal comfort;
ISO8995  1 for visual comfort; and ASHRAE62:1 for indoor air
quality. Different models have been proposed to quantify the comfort, e.g., the Fanger’s model, the radiant temperature asymmetry,
the floor surface temperature, and the adaptive comfort model.
However, the comfort is commonly limited to the measurement
of the thermal satisfaction, which is defined by a single parameter,
i.e., temperature, or by multiple parameters, e.g., temperature, relative humidity, air speed, metabolic rate, and clothing insulation.
In this work, the comfort is simplified to a thermal satisfaction,

n
X
U i;in Ai ðT i  TÞ

ð2Þ

i¼1

where n is number of interface elements, for example the walls; U i;in
is the heat transfer coefficient of element i internal surface; Ai is the
area of the element i; and its temperature, T i , is given by:

dT i ðtÞ U i;in Ai ðT  T i Þ þ U i;out Ai ðT i  T e Þ
¼
dt
Mi cp;i

ð3Þ

where T e is the outdoor air temperature; U i;out is the heat transfer
coefficient of element i outer surface; Mi is the mass of the element
i; and cp;i is the specific heat capacity of the element’s material.
2.4. Probabilistic definition for demand flexibility
From Eqs. (1) and (2) it is clear that the time response to reach
the indoor temperature set-point depends not only on the outdoor
conditions, but also on the material characteristics of the building,
the passive design, and the active system sizing. Nonetheless, in
existing buildings, the differences between the inside and the outside temperature, DT, is what defines the variation in time of the
flexibility potential of the building, since once a building is constructed changes in the passive or active systems are difficult.
Therefore, it can be argued that the change in the flexibility outcome is inversely proportional to the change in the temperature
difference, or dPf ðtÞ=dt / 1=dDTðtÞ=dt.
Let Pf be the set of possible flexibility outcomes of a building,
Pf ¼ fP f ;1 ; . . . ; Pf ;k g, and DT the set of possible temperature differences, DT ¼ fdT 1 ; . . . ; dT k g. Using the conditional probability definition, the information about the possible temperature differences
can be used to define more accurately the probability of a flexibility outcome.

PðPf jDTÞ ¼

PðPf \ DTÞ
PðDTÞ

ð4Þ

where PðPf jDTÞ is the probability of a flexibility outcome given DT.
PðPf \ DTÞ represents the probability of the joint events Pf and DT.
PðDTÞ represents the probability of a temperature difference.
Finally, P f ) fqþ ; q ; pþ ; þ ; rþ ; r g for up regulation, and
Pf ) fq ; qþ ; p ;  ; rþ ; r g for down regulation.
3
In this formulation, the radiative heat losses through the fenestration, and the
losses due to air exchange and infiltration are neglected.
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Table 1
Building characteristic information showing the size of each building type modelled.

3. Building energy modeling
In this section, multiple building energy simulations are used to
asses the effects that changes in the building characteristics have
on the demand flexibility. For these simulations offices buildings
are selected because of the high importance of comfort in terms
of building function and energy use. Furthermore, the simulations
include variations in the construction materials, building size,
shape, and location. Finally, the methodology for the quantification
of demand flexibility used in this work is presented.

Building

Floor area [m2]

No. floors

Floor height [m]

A
B
C
D
E

554
1005
4535
5233
9034

3
12
9
6
5

3
3
3
3
3

Table 2
Construction data, showing the overall heat transfer coefficients according to the
construction standard’s year and location.

3.1. Building models
Five office buildings are modeled in detail in EnergyPlus using
the OpenStudio platform. Furthermore, these buildings are modeled using three different construction standards with two different climate zones. Fig. 2 shows the different building types
modeled, while Table 1 shows in detail the specific floor area and
number of floors for each building. These buildings cover a total
floor area of 61; 085 m2 and a volume of 186; 189 m3 . Three main
zone types are described in each model: closed office, corridor,
and conference room. Moreover, thermal zones are defined by
the building floor, and a window-to-wall ratio of 0.4 is used. Each
building is simulated three times according to the DOE 1980, DOE
2004 and ASHRAE 2009 construction standards. Table 2 shows a
summary of the construction data used, and the differences
between the standards. Furthermore, two different climate zones
are used, i.e., ASHRAE 2A (Hot Humid) and ASHRAE 5A (Cool
Humid) [35]. The first climate zone corresponds to the South East
of Texas, with a mean winter temperature of 10 °C and a mean
summer temperature of 28 °C. The second climate zone corresponds to the Netherlands, with a mean winter temperature of
3 °C and a mean summer temperature of 17 °C. In total, each building type is simulated six times. Finally, the walls are specified as a
series of materials that include, stucco, concrete, gypsum, and
insulation elements in different proportions and of different insulation characteristics depending on the construction standard used.
In total, 30 different buildings are used for the purposes of this
study. Predefined EnergyPlus large office building schedules are
used to describe the occupancy, lights and equipment use of each
building. These vary through out the day to represent the normal
operation of large offices.
3.2. HVAC model
A packaged rooftop heat pump is used to control the behavior of
each thermal zone in the simulated buildings. Each heat pump
includes a single speed direct expansion (DX) cooling coil, a single
speed DX heating coil, a constant volume (CV) fan, and an uncontrollable air terminal. The operation of the comfort system is based
on temperature set points that are differentiated for the nonoccupied and occupied times of the building as well as for the week
and week-end days, as shown in Fig. 3. Each element is sized
according to the heating and cooling demand of each building.

Location

Year

NL

1980
2004
2009
1980
2004
2009

TX

U value [W/m2/K]
Wall

Roof

Window

0.62
0.77
0.48
2.71
3.68
0.78

0.31
0.37
0.22
0.40
0.38
0.22

3.35
3.23
4.43
5.84
5.84
5.84

HVAC temperature settings

Tset [ oC]

1050

25
20
Profile for cooling
Profile for heating

15
2

4

6

8

10

12

14

16

18

20

22

24

time [hr]
Fig. 3. Temperature schedules for cooling and heating for both locations, showing
the HVAC temperature set points for week days.

3.3. Flexible behavior
Each building behavior is simulated using two scenarios: normal behavior, and flexible operation. Under the flexible operation,
the set points of the HVAC system in each building are set to
change several times through out the day, with different time
durations. In this way, the demand flexibility parameters for down
regulation are defined as:
(a) ramping down rate ½q
down : the ratio between the time it
takes for the HVAC to deliver its maximum flexibility and
the maximum flexibility capacity, ðp Þ;
(b) ramping up rate ½q
up : the ratio between the time it takes for
the HVAC to return to its nominal power, and the change in
power;
(c) power capacity ½p : the size of the flexibility delivery;
(d) energy capacity ½ : the total amount of energy delivered as
R
flexibility p ðtÞdt;

Fig. 2. Five building models, from left to right: building (A), (B), (C), (D) and (E).
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(e) comfort capacity ½rþ : the time it takes for the indoor temperature to drop to its minimum value, or rise to its maximum value;
(f) comfort recovery ½r : the time it takes to restore the nominal indoor temperature.
The parameters for up regulation can be defined in a similar
way. Fig. 4 shows the steps in detail of the whole procedure. For
every building, each parameter of demand flexibility is defined
by comparing the normal and flexible behavior. By subtracting
from the normal behavior the flexible results, the effects of
demand flexibility on power demand, thermal comfort, as well as
the duration of each event can be determined. Finally, using
MATLAB to process the data, the average yearly, seasonal,4 and
probability response for each parameter are defined. The probability
of each parameter outcome is defined as the ratio between the total
number of occurrences of that particular outcome, and the total
number of outcomes of that parameter. The conditional probability
is established according to Eq. (4).
4. Numerical results
In total, 60 different building energy simulations are conducted
using weather data for one year, and with the time resolution of
5 min. The different results obtained are described in detail in
the following subsection. Under the normal behavior, the averaged
unmet comfort hours in the first climate zone for heating and cooling are 51 and 29 respectively. In turn, for the second climate zone
the normal behavior resulted in 82 unmet hours for heating, and
74 for cooling. These are the hours in which the set points were
not met. These values are used as a sizing factor for the HVAC models in the buildings.

Fig. 4. Quantification methodology, describing the different demand flexibility
quantification steps and criteria used.

4.1. Whole year analysis
Figs. 5 and 6 show the down regulation response distribution

for the ramp rate (q
down ), power capacity (p ), comfort capacity
(rþ ), and recovery responses (r ), divided by climate zones. The
results are averaged among all the buildings at each location. Each
box encloses 50% of the response samples, while the line represents the median. The whiskers encloses the ranges to the furthest
observations, while any outlier is marked outside the whiskers
with a cross sign.
The figures show that the buildings located in the Texas climate
offer considerably higher ramp down rates ðq
downTX Þ, and power
capacity ðpTexas Þ, responses than the ones in the Netherlands. In
turn, the buildings in the Dutch weather type offer longer comfort
response times, i.e., higher comfort capacity ðrþ
NL Þ, and shorter
comfort recovery ðr
NL Þ, as show in Fig. 6. However, the differences
in the results can be attributed to the different construction standards followed, and the amount of extreme temperatures. It is
worth noticing that the Dutch buildings offer less variable
response, i.e. 70% of their responses are considerable closer to
the mean response.
When looking at the probability of response of all buildings,
there is no uniform distribution as shown in Fig. 7. In this figure,
the comfort capacity ðrþ Þ, and recovery ðr Þ response times are
displayed. Each color box represents a probability value for a
response time value (vertical axis), and building number (horizon-

4
Winter is defined as the period between the 1st of December and the 28th of
February. Spring continues from the 1st of March until the 31st of May. The summer
follows from the 1st of June, ending on the 31st of August. Finally, the fall includes the
period from the 1st of September and the 30th of November.

Fig. 5. Distribution of Ramp rate ½q, and power capacity ½p, responses for down
regulation for each climate zone, showing the response distribution over a year. The
figure shows how the buildings in the Texan climate exhibit higher ramp rates and
power capacities than those in the Dutch climate.

tal axis),5 according to the color scale in the figure. At the top of the
figure, the results for the Dutch climate are presented, while at the
bottom the results for the Texan climate zone can be found. The figure shows that the comfort capacity (rþ ) is concentrated mainly
around three response times, i.e., 65, 100 and 155 min., with higher
probability values for the buildings in the Dutch climate. There is not
a clear physical reason behind this, however, longer data sets will
provide a better distribution of the response time across the buildings. Regarding the comfort recovery times (r ), the figure shows
that higher probabilities are found with lower response times, as it
is also shown in Fig. 6. Even though a probability value can be
assigned to a comfort capacity or recovery response time, such value
is not high enough to confidently determine the flexibility response
of a building given its construction type and climate zone.

5
Building 1 corresponds to the building type A, with the construction data from
1980. Building 2 corresponds to the type A with data from 2004. Building 3 is
modelled based on type A with data from 2009. Building 4 corresponds to type B with
data from 1980, and so on.
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By assessing the conditional probability of a flexibility action,
given the outdoor temperature information, i.e., PðFlexjDTÞ, clearer
patterns have been observed in Fig. 8. Here, DT represents the temperature difference between the indoor and the outdoor environ-

ment. Fig. 8 shows the Pðrþ jDTÞ, and Pðr jDTÞ results by climate
zone for the building D/ASHRAE2009. The results show that the
buildings in the Dutch climate offer higher probabilities as the
temperature difference increases, DT  0. On the other hand, the
opposite situation is observed for the ones in the South East of Texas, where negative temperature differences, or high outdoor temperatures, offer higher probabilities for both rþ , and r . For
example, in the top left corner of Fig. 8, it is shown for the Dutch
buildings that the comfort capacity of around 100 min have higher
probabilities given DT > 7. In contrast, for DT < 7 the most probable comfort capacity lies within 70 min.
4.2. Seasonal analysis

Fig. 6. Distribution of building comfort capacity ðrþ Þ, and recovery ðr Þ times for
down regulation for each climate zone, showing that the building located in the
Netherlands climate zone offer flexibility for longer times.

While the results shown in Fig. 8 demonstrate that the inclusion
of the outdoor temperature helps to reduce the uncertainty inherent in demand flexibility, a yearlong analysis includes higher
uncertainty due to a higher outdoor temperature variability. Therefore, this section presents a seasonal analysis of demand flexibility.
Fig. 9 shows the comfort response results differentiated by seasons
for each location. While in the Spring and the Fall similar responses
are observed for both locations, the results for the Winter and the
Summer show the biggest differences. Furthermore, the results
suggest that the buildings in the colder weather, i.e., the Dutch climate, have bigger thermal inertia, thereby longer comfort response
times.
Fig. 10 shows the distribution of the power capacity for down
regulation ðp Þ, averaged over the buildings, while differentiated
by season, and climate zone. The figure shows the differences
between the design choices. This figure shows that the buildings
in the Texas climate show the highest responses with high outdoor

Fig. 7. Probability distribution of rþ and r for all buildings, showing the
probability of the comfort response duration in each climate zone and for all
buildings. Each color box represents a probability value for a response time value
(vertical axis), and building number (horizontal axis), according to the color scale in
the figure.

0.8
0.7
0.6
0.5

Fig. 9. Distribution of building comfort capacity and recovery response times
divided by season in both climate zones. The figure shows the seasonal response for
all the buildings in each location. The results suggest that the buildings in the Dutch
climate, have bigger thermal inertia, thereby longer comfort response times.

0.4
0.3
0.2
0.1
0

Fig. 8. Conditional probability for rþ and r in Building D/ASHRAE2009. The figure
shows the likelihood (box color) of the duration of a comfort duration (horizontal
axis) given a temperature difference (vertical axis), darker colors depict higher
probabilities, while negative temperature differences (DT), indicate high outdoor
temperatures. Compared to Fig. 7, higher probabilities are observable here. (For
interpretation of the references to colour in this figure legend, the reader is referred
to the web version of this article.)

Fig. 10. Distribution of power capacity responses for down regulation divided by
season and climate zone in both climate zones. The figure shows the effect of
extreme temperature difference (Winter and Summer periods) in the flexibility
power capacity, resulting in more power capacity in Texas for most of the year,
except during the Winter. This is also the period when the building in the Dutch
climate offer their highest flexibility power capacity.
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Fig. 11. Conditional probability Pðrþ jDTÞ , in the Netherlands and Texas, for
Building D/ASHRAE2009 during the Winter and Summer time, showing the
probability of a comfort capacity response duration given a temperature difference
between the building and the outdoor environment. Compared to the Fig. 7, this
figure shows in a more clear way where the highest probabilities for a comfort
response duration lie for both locations, and during the two different seasons.

temperatures during the summer, while the buildings in the Dutch
climate have higher responses than the buildings in the Texas climate during the low temperatures of the Winter.
Moreover, Fig. 11 shows the probability of a comfort capacity
value, given a temperature difference Pðrþ jDTÞ, during the Winter
and Summer times, and for the Dutch and Texas climate. In general, these figures represent the disaggregation of the left side of
Fig. 8, based on similar outdoor temperature variations. This means
that a clearer view of the comfort capacity response variation
throughout the year. As indicated before, the buildings located in
the Netherlands show longer time responses for lower temperatures, while the buildings in Texas showed higher outdoor temperatures define the demand flexibility. As it can be seen in the
figures, buildings in the warmer weather have higher probabilities
for offering longer responses, given higher outdoor temperatures,
i.e., DT 6 0, while the opposite can be seen for Dutch climate
buildings.
Establishing the relationship between demand flexibility, and
the parameters that determine the building behavior, allows aggregating units or building managers to define a demand flexibility
potential profile over time, as it is shown in Fig. 12. This figure
shows the aggregated power demand and flexibility potential of
each climate zone during two separate weeks, one Summer and
one Winter week. The aggregated power demand is the result of
the individual demand profiles of all the buildings in each climate
zone summed in time, while the flexibility potential is calculated
on basis of the DT. As it can be seen, during hot days, the buildings
designed for the Texas climate zone show a more reliable and constant flexibility behavior. The opposite can be seen for the buildings in the Dutch climate zone. The figure also shows the average
indoor temperature under the normal behavior for each climate
zone. For both climates, the optimal temperature for heating days
is 21 °C, while for cooling days is 24 °C.
Finally, through the definition of demand flexibility metrics a
comparison across different buildings and climate zones is
allowed. Fig. 13 shows the flexibility comparison for both locations
and based on the construction standard followed. The results suggest that the building in the hot and humid weather offer higher
power capacities, while the buildings in the cold and humid
weather show high comfort capacities. This type of comparison is
useful for aggregating units or system operators to optimally dispatch flexible resources and to assess their real potential, and to
make long-term demand flexibility contract with end-users.
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Fig. 12. Aggregated power demand [MW] over the building at each location,
showing the amount of flexibility available for down regulation (shaded area) in
every climate zone. The top left figure shows a winter week in January and the
bottom left figure a summer week in July. The figure shows a higher availability of
flexibility in the buildings in Texas during Summer, while during the winter the
buildings in the Netherlands show more availability. The figure also shows the
indoor and outdoor temperatures for the buildings in both locations, showing that
during the Winter week, the buildings in Texas are working towards cooling,
allowing a higher indoor temperature.

Fig. 13. Normalized flexibility parameters divided by climate zone and construction type, showing a the flexibility strengths and weaknesses of each climate zone
and construction type. The figure shows a more consistent behavior, in terms of the
five flexibility parameters, for the buildings in Texas, with the poorest performance
for rþ . In contrast, The Dutch building show the higher comfort response duration.

5. Conclusion
In this paper, a framework for the quantification of demand
flexibility is presented. By elaborating on the concept of operational flexibility, different parameters that define the building
energy behavior are included into a demand flexibility definition.
Demand flexibility is divided in five key parameters that define
the time, power and energy potential of buildings. Such parameters
are important not only to quantify how much energy a building can
shift, or shed given power system’s conditions, but also to define
when and for how long flexibility is available. The quantification
of demand flexibility allows system operators, and flexibility
aggregators, to optimally dispatch demand flexible resources to
solve expected or unexpected issues.
Extensive literature is found on how buildings can help reduce
this uncertainty through their flexible behavior. However, a clear
methodology that defines when, in which quantity, and for how
long is this flexibility available was lacking. The proposed framework tries to address this issue, by attempting to combine the
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characteristics that define the comfort and energy behavior of nonresidential buildings, with the understanding and use of operational flexibility by power systems. The result, a methodology that
allows not only the definition of a time varying flexibility, but also
a methodology that allows the comparison of flexible resources.
Finally, by comparing the effects of weather variation on the
demand flexibility, it is clear that as RES, demand flexility depends
on the geographical context of the power system.
In summary, the results show that the buildings in the hot climate give higher power capacities but for shorter durations, while
the buildings in the cold climate give lower power capacity but for
longer durations. The results show that the analyzed buildings in
the hot climate have an average power capacity of 11% of the total
power demand, with an average ramping rate of 13.3 kW/min,
available in average for 60 min, and with an average recovery time
of 71 min. In contrast, the analyzed buildings in the cold climate
have a flexibility power capacity of 7% of the total power demand,
with an average ramping rate of 3.8 kW/min, available for 75 min,
and with an average recovery time of 62 min. However, these
results are limited to the buildings analyzed, and dependent on
the type and capacity of the comfort systems, construction materials, and building functionality. Generalizing the results obtained in
this work would require a more extensive study that includes a
high number of variations in the comfort systems type, construction materials, and building functionality. Nonetheless, the framework proposed in this work offers a clear methodology to quantify
demand flexibility using multiple parameters to include the multiple dimensions of demand flexibility, and to give a better representation of the demand flexibility potential of office buildings.
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