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Abstract. The increasing drive towards green energy has boosted the
installation of Renewable Energy Sources (RES). Increasing the share
of RES in the power grid requires demand management by flexibility in
the consumption. In this paper, we perform a state-of-the-art analysis
on the flexibility and operation patterns of the devices in a set of real
households. We propose a number of specific pre-processing steps such
as operation stage segmentation, and aberrant operation duration re-
moval to clean device level data. Further, we demonstrate various device
operation properties such as hourly and daily regularities and patterns
and the correlation between operating different devices. Subsequently,
we show the existence of detectable time and energy flexibility in device
operations. Finally, we provide various results providing a foundation for
load- and flexibility-detection and -prediction at the device level.
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1 Introduction

Renewable energy sources (RES) are increasingly becoming an important com-
ponent in the future power grids. However, with high dependence on weather
conditions, such as wind and sunshine, the integration of RES into the power
grid creates huge challenges, both in regards to the physical integration and in
regard to management of the expected demand. Focusing on demand manage-
ment, a mechanism to facilitate the energy provider with information regarding
expected flexibility in users’ device-usage patterns will support this management
according to a fluctuating supply. On the other hand, the correlation of energy
price with production from RES as in Danish Energy Market, may benefit flex-
ible consumers by being offered lower electricity prices. Accordingly, we will in
this paper analyse energy consumption at device level with the purpose of en-
abling flexibility detection at fine-grained resolution. We will present flexibility
in device operation according to two dimensions, one dimension representing the
flexibility in energy profile and a second dimension representing the flexibility in
time scheduling. A flexible usage of a device will be measured according to any
one or both of these dimensions, as discussed in further detailed below. Formally,
we define flexibility as:
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“Flexibility: the amount of energy and the duration of time to which the device
energy profile (energy flexibility) and/or activation time (time flexibility) can be
changed.”

Figure 1 gives an illustrative example of device level energy demand and shifting
—in profile and time— to better balance fluctuating energy production from solar.

{3Solar supply {3Solar supply

OTotal Demand = B OTotal Demand
1

1 Non-flexible demand

Fig. 1. Energy demand and supply, before and after demand flexibility management
(using flex-offer). The non-flexible part of the demand includes lightning, TV, etc.

In order to facilitate flexibility in a dynamic energy market, the TotalFlex [7]
project, implements a mechanism to express and utilize the notion of flexibility,
using the concept of flex-offer [2] proposed in the EU FP7 project MIRABEL [6].
Based on a given detection or user specification of device level flexibility, this
flex-offer framework addresses the challenges of balancing the variations in RES
energy production and flexibility in demand by communicating a negotiation
in the form of flexible consumption (or production) offers. In its simplest form,
a flex-offer specifies the amount of energy required, the duration, earliest start
time, latest end time, and a price. For example,“ I need 2KW to operate a
dishwasher over 2 hours between 11 PM to 8 AM and I will pay 0.40DKK/KWh
for it”. This flex-offer represents an example of one dimensional flexibility, which
provides flexibility in activation time only but not in energy profile. The flex-
offer framework further aggregates the individual flex-offers into larger units of
flexibility to be traded on the reserve market. Further information on aggregation
techniques and market scenarios can be found in [6,7].

The vision of the TotalFlex project is that for users having a flex-offer con-
tract with an energy supplier, their flexibility is not specified by the user, but in-
stead predicted within the TotalFlex architecture based on past users’ behavior.
The requirement for automated generation of flex-offers by detecting the flexi-
bility in device operation is the motivation for this paper. The paper is among
a very limited body of work on analyzing device level energy consumption and,
to the best of our knowledge, the first with a focus on device flexibility analy-
sis and users’ device operation behaviours and patterns. More specifically, this
paper focuses on the comprehensive device level analysis of energy consumption
data, which will form the foundation for accurate flex-detection, flex-prediction,
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load-prediction, and automated generation of flex-offers. Flex-detection refers to
the detection of available flexibility in device level energy consumption. Sim-
ilarly, flex-prediction refers to the prediction of flexibility, e.g., an EV with a
max charging power level of 5kW is predicted to need 15 kWh of energy with a
time flexibility of 8 hours starting at 09:00 PM and ending at 5:00 AM. Finally,
load-prediction refers to the prediction of aggregated and device level demand
for the house, e.g. the predicted energy demand for house X at 07:00 pm is 2
kWh or the predicted energy demand for oven in house X at 07:00 pm is 1.2
kWh. In summary, the main contributions of this paper are: 1) a state-of-the-art
analysis of device level energy consumption, including patterns and periodicity
in device operation, intra and inter device correlation, and methods to overcome
data inconsistency and inadequacy in device level consumption time series, 2)
a demonstration that flexible energy consumption can be detected at device
level, and 3) a basis for future work of flex-detection, flex-prediction and load-
prediction.

The remainder of the paper is organized as follows. Section 2 provides detailed
information about existing technology and literature in device level analysis
and prediction. Section 3 presents various assumptions, properties and their
importance in device level analysis. In Section 4 we introduce the dataset on
which we base our investigation. Section 5 describes the challenges associated
with device level energy analysis and the preprocessing methods we have used
to confront these challenges. Section 6 present various statistical analyses on
device behavior. Finally, Sections 7 concludes the paper and provides directions
for future research.

2 Related Work

A review of various techniques for disaggregating household energy load was
presented in [9]. Furthermore, an initiative for providing a publicly available
disaggregated energy dataset has been taken in [4] together with a proposed
hardware architecture for collecting household energy data. A signature based
pattern matching technique to predict the device future consumption is pro-
posed in [8]. The proposed system only predicts the power consumption for the
next couple of hours for currently operating devices. In comparison, this paper
performs a comprehensive device level analysis with the vision to predict the
device future activation time, energy demand, and its duration of operation, for
both shorter and longer time horizons (couple of days). A probabilistic model
for predicting the device status, operation time, and duration is proposed in [1].
The analyses were performed with simulated data and does not address the dy-
namic and stochastic behavior associated with real-world device operation data.
In comparison, this paper performs experiments on a real-world and freely avail-
able dataset from REDD [4]. A pool-based load shifts strategy for household
appliances for leveling of fluctuating RES production has been proposed in [5].
They proposed a technique to aggregate load shift properties of similar devices
into a pool known as virtual devices and use this virtual device for scheduling
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load shift action for appliances. In contrast, this paper focus on analyzing the
patterns and periodicity associated with individual devices with a focus towards
characterizing and detecting flexibility to be used in the flex-offer framework for
balancing the energy market. Various methods for extracting flexibilities from
electricity time series has been discussed in [3], we aim to further design flexi-
bility detection methods at the device level.

3 Properties

We will now introduce the important device operation properties that we inves-
tigate in order to support the challenges of deriving flexibility information about
energy demand. Statistical analyses for these properties will provide significant
information for generalized as well as user-specific device operation patterns.
Further, they provide information regarding existence of flexibility in the device
operations and correlation between various devices.

1. There exists detectable Intraday and Interday patterns in device operation.
(a) Weekend and Weekdays patterns are different.
(b) Houses exhibit general and specific intra-day and inter-day patterns.

2. There exist time and energy flexibility in device operation.
(a) A major percentage of energy consumption comes from flexible devices.
(b) An alteration in device energy profile is feasible.
(c) Device activation time can be shifted by some duration.

3. Some devices are correlated
(a) Highly correlated device are operated simultaneously or just after one
another.
(b) There is some fixed sequence of device operation.

4 Data Description

Our analyses are performed with a disaggregated energy datasets provided by
REDD [4]. We will here describe this data together with some device annotation
that we have added for our experiments.

4.1 Data

The REDD dataset consists of energy consumption profiles for six different
houses, each containing profiles for 16 to 24 individual devices, and is collected
in April to June, 2011. Data is available for a varying number of days for the
different houses; ranging from 15 to 35 days; see the third column of Table 1.
Some days only have partial records, and across all houses, the total number
of days with a record for at least one hour of the day is 130 days. The REDD
dataset is collected at the main level, circuit level, and plug level, where the plug
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level data is used to log devices in cases, where multiple devices are grouped to
a single circuit. The plug level data were collected using a wireless plug moni-
toring device and circuit level data were collected using a emonitor connected
to a circuit breaker panel, as illustrated in Figure 2. The available dataset was
recorded at various frequencies: 15kH z for main phase, 0.5H z for circuit level,
and 1Hz for plug-level. For the main phase, data were written to the log in
buffers of one second and for the circuit and plug level once every three seconds.
Figure 3 shows an example of power demand for devices over the course of a day.
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Fig. 2. The REDD hardware architec- Fig.3. Power demand for selected devices
ture for data collection (adapted from over the course of a day (April 30, 2011;
REDD [4]). house 1).

4.2 Device Categorization

Table 1 shows characteristics for the collected data across the individual houses
in the dataset. The Days Span column represents the total number of days
between the start and ending date in the time series, whereas #days is the total
number of days with at least one hour of available data. Similarly, #channels
represents the number of data collection points (plug and circuit) in a house and
#devices is the number of unique devices available in the house.

Our analyses of the devices in a household pertain to the possibility extracting
the operational flexibility, which is evaluated based on the cost and benefit of
utilizing it under the TotalFlex scenario. In that respect, we define cost and
benefit as follows:

— Cost: The loss of user-perceived quality caused by accepting flexibility.
— Benefit: The available time and energy flexibility for the device.

According to this cost and benefit trade-off for flexibility, we have classified type
of devices into three different flez-categories.
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— Fully-flexible : High benefit at low cost
For example, a refrigerator exhibit repeating patterns in energy consump-
tion, which allows higher flexibility in its operation without any loss in user
experience (temperature).

— Semi-flexible : Benefit and cost are comparable.
For example, the flexibility in shifting activation time for the oven is associ-
ated with a cost of users’ willingness to delay their cooking.

— Non-flexible : Low benefit and high cost
For example, the operation of devices such as lighting or television, is not
flexible or comes with high loss in user experience.

Our flex-categorization of all devices from the REDD dataset is shown in Table 2.
This categorization may be somewhat arguable, but minor changes will not have
a significant impact on our flex-detection analyses. Finally, we also categorize the
operation of devices into three different operation-states as rendered in Figure
3:

— Inactive State : The device is in a non-operating mode.

— Operating state : The device is functioning or performing some task.

— Steady State : The ideal or low power consumption state between two peak
consumption of a single operation.

Table 1. Data details for each house. Table 2. Device flex-categorization.

House Number|Days Span|#Days|#Channels| #Devices| [ Fully-Flexible|Semi-Flexible| Non-flexible
gousc ; gi i’g 198 191 Dishwasher Furnace |Bathroom_gfi
ouse - Electric_heat | Microwave |Miscellaneous
House 3 44 23 20 13 . —
Touse 4 B 30 18 2 Refrigerator Stove Electronics
House 5 14 9 24 15 Washer_dryer Oven Kitchen_outlets
House 6 23 18 15 11 Lighting

5 Preprocessing

In this section, we will discuss the preprocessing steps and challenges associated
with the device level analysis. The complete sequence of the steps taken during
the preprocessing of raw input data before allowing the statistical analysis is
visualized in Figure 4, and details for each step are described in the following
subsections:

5.1 Spike Removal

We define noise as both being the effect of unwanted artifacts and white noise
influencing the time series data in a way that generates abnormal patterns in the
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Fig. 4. Preprocessing steps.

recorded device operation. Noise may be introduced through different sources,
e.g., error during data collection, abnormal behavior of the device, or mistakes
by the users (mistakenly switching device on and off ). We have considered a very
high consumption value for very short duration, up to 2 data points (correspond-
ing to 6 sec), as a noise spike. The first preprocessing step replaces the spikes in
energy consumption with its preceding neighboring value, which eliminates the
obvious artifacts created by the installed measurement devices or user mistakes
in device operation. The data, in general, contains few noise spikes of this type.
To give an impression only 17 consumption spikes were removed for the oven
device-data in house I, which accounts for 0.004% of total high consumption
values for this device. However, removing these noise spikes significantly effects
the statistical analysis, as each removed spike would otherwise be considered as
an individual device operation, escalating the device operation frequency.

5.2 Operation State Segmentation

Before proceeding with device level statistical analysis, we annotate the data
according to the three different states of device operation, as described in Sec-
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tion 4.2. The presence of an unknown, and for some devices, a high number
of intermediate power levels between the minimum and maximum power con-
sumption makes it challenging to segment the data into their respective phases
of operation. Furthermore, variability in the power consumption value within a
given stage of device operation creates ambiguity in defining the correct stage.
We rely on a simple segmentation approach, where we manually inspected the
consumption time series for a device in order to determine decision thresholds
between the different device operation states, e.g., 50 watts for microwave, 20
watts for electric heat, etc. This manual approach is only possible because we
are dealing with a reasonably small number of different devices. In future work,
we will investigate the possibility of replacing this manual setting of thresholds
with robust and optimal automated threshold detection techniques.

5.3 Aberrant Operation Durations Removal

Each device has its own functionality and, furthermore, the user can typically
operate the device with varying parameters to accomplish an objective. For
example, a cooking objective has a high number of parameters according to the
meal being prepared. Despite variation in functionalities for different devices,
their durations in operation are usually constrained by the device objectives, e.g.,
usually a dishwasher is not operated for a few seconds or more than a few hours,
and a microwave is not operated for more than a few minutes. These abnormal
behaviors in device operation were filtered out by replacing the consumption
values in these periods with the inactive state values. In an extreme case, we
discovered four instances in house I with durations of oven operation that were
less than 3minutes. When removed, it reduced the operation frequency of oven
in the house by 20%. The rationale behind filtering out aberrant operation is
that these are often caused by user’s mistake, e.g. user forgetting to turn off the
oven when the food is cooked or mistakenly switching on the device, and these
kinds of behaviors are very rare and almost impossible to capture in analysis
and prediction models.

5.4 Filling Observation Gaps

Observation gaps in the time series is a major challenge that we face for analyz-
ing the dataset used in this paper. We have implemented three simple approaches
for handling the missing information in observation gaps. The approaches differ
according to the amount of missing data in the gaps. In the first case, if an
observation gap stretches over a full day, that day is discarded from the anal-
yses. Second, for observation gaps up to at most 6 seconds (2 consecutive data
points), this data is filled-in by simple extrapolation according to the last ob-
served value. Finally, for observation gaps of more than 6 seconds and up to a
day, the imputation for the gap is based on a computation of the expected value
given time-matching observed values across all days in the analysed data of the
given device (and house). For gaps less than an hour, the observed data values
are averaged across the hour, and for gaps greater than an hour the observed
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data values are averaged over a block of time for each of the five distinct periods
that are shown in Table 3. In this way, we fill in ~ 750(1.67%) missing hours
out of the total of &~ 45,000 hours for the entire dataset.

Table 3. Division of 24 hours into different block periods. The last column shows the
expected value (pobability) of operation for the stove in house 1.

Periods |Hours of the day Category  |Probability of operation
Night 23.00 - 05.00 | Off-peak period 0.03
Morning | 06:00 - 08:00 | On-peak period 0.67
Noon 09:00 - 13:00 |Mid-peak period 0.28
Afternoon| 14:00 - 17:00 |Low-peak period 0.12
Evening | 18:00 - 22:00 |Mid-peak period 0.32

To illustrate our data imputation methods, let us first assume that we are
interested in the operation state for a device and discover a gap of 20 minutes in
a particular hour. Each of the three operation states (see Sec. 4.2) are then for
the unobserved time ticks filled-in with the average observation value for each
state, as computed for the considered hour across days with full observations
on that hour. In another example, say, that we are still interested in operation
states, but now the observation gap is a three hour period from 7:00 to 09:59. The
imputation of the operation states will now proceed as in the previous example
with the minor difference that the imputed values are averaged across the hours
for a block period (see Table 3). Notice that in this way, the imputed values
for the first two hours may be different from the imputed values for the last
hour, because they belong to different block periods. Finally, to illustrate how
imputed values may be involved when computing statistics in an analysis, let
us consider the oven, which has imputation values for the 'operating’ operation
state, as shown in the last column of Table 3. Say that we observe that the oven
is turned on once in the evening and we have the same three hour observation
gap as above. In this case, the expected frequency for the usage of the oven
during that day would be 14+0.67+0.28=1.79 operations. Notice that to simplify
the illustration, we have here assumed that the oven can only be turned on once
during a block period and that operations do not cross blocks.

5.5 Aggregation Granularity
Finally, we aggregate the high frequency data in to the granularity of time that

we target for analyses, e.g. hourly or daily. An example for aggregation of time
series data into hourly resolution is shown in Figure 5.

6 Data Analysis

In this section, we will discuss statistical behaviors regarding energy profile,
usage pattern, and correlations in the device operations.
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Fig. 5. Hourly aggregation of time series data for dishwasher.

6.1 Device Energy Profiles

In Figure 6, we show a disaggregaion of the total energy consumption for the
different individual devices that are measured in the REDD dataset. It shows a
significant variation in device consumption across the different houses. However,
by aggregating according to the type of device flexibility (Fully/Semi/Non, see
Table 2), as shown in Figure 8, we see a more consistent pattern in the shares
of the total energy consumed by flexible and non-flexible devices. The figure
suggests that on average 50% of the total energy demand from a house can be
considered flexible, supporting Property 2(a). The low percentage of consump-
tion from flexible, energy-intensive devices such as heating, contributed to the
seasonal behavior in the device operation (late Spring to early Summer).

Figure 7 shows the minimum, maximum, and average power during operation
for different devices in house 1. We see many devices with average consumption
far from the extremes, which for all these devices indicate a potential for device
designs that support altering of the energy profile during operation and, hence,
creating flexibility and supporting Property 2(b). Looking at the potential for
flexibility due to users’ behavioral changes, additional experiments (not reported
in detail here) have shown a high deviation in total energy consumption, due
to duration of operation and power level, across operations for an individual
device. Also, as we will see in Section 6.2, there can be significant variation
in consumption at the time an operation is initiated. These findings indicate
a flexibility potential of shifting the energy profile or activation time for the
device, if users are willing to —or compensated for-behavioral changes supporting
Property 2(c).

6.2 Use Patterns

We will now look more into the patterns and (ir)regularities that device oper-
ations exhibit in individual households. If we first consider the interday distri-
bution of total energy comsumption for the individual houses’ in Figure 9, we
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see a general pattern of a somewhat evenly distributed consumption across the
week, with a slight tendency towards lower consumption during the weekend.
Exceptions are house 5 where most of the consumption occurred on Monday
and Tuesday, and house I with higher consumption during weekends.

The weekday versus weekend difference is further emphasized by the corre-
sponding aggregation, as shown in Figure 10. For all but house I we clearly see a
higher energy consumption during the weekdays than in the weekends. This dif-
ference supports Propertyl(a), but the pattern is, however, surprising in that it
contrasts the common belief that people use most of their high energy consuming
devices, such as washer and dryer, during weekends and holidays. It should be
noted that the REDD data has a high rate of missing data during weekends and
we are therefore collecting additional data to support this surprising preliminary
result.
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Fig. 9. Relative daily energy consumption
across households.

To analyze intra-day variation for individual devices within and across house-
holds, we aggregated device operations by the the hours of the day in order to
compute the percentage of days that a device has been in operation during a par-
ticular hour. Figure 11 shows the results obtained for the dishwasher operation
in the six houses. We can clearly see a similarity in operation across the houses,
with a higher percentage of operation during the day and a much smaller per-
centage during the late night (00.00 am - 06.00 am). Hourly operation patterns
were observed for most devices, but patterns were not necessarily similar across
different households. For the stove and microwave, for example, we observed
similar peak operation periods in the morning and evening hours corresponding
to the typical hours for preparing meals. In contrast, for the washer dryer, we
found varying patterns in operation. Some houses have evenly distributed hours
of operation, whereas operations in other houses were concentrated at certain
hours of the day. For example, operation of the washer dryer in house 3 was
highly concentrated in the hours between 5.00pm - 11.00pm, whereas a fairly
even distribution of operation was observed in house I. In some cases, these
peak periods represent very high percentages of device operation, as e.g., for
dishwasher usage in houses 2,3,5 seen in Figure 11.

Results (not reported in detail here) also verify obvious variation in the typ-
ical duration for operation of different devices, reflecting their objectives and
functionalities. For example, we see shorter operation durations for the mi-
crowave and high (continuous) duration for the refrigerator as justified by their
different operational objectives. Looking at the aggregated daily frequency' of
device operations, conclusions are household dependent. For some households
we see a fairly even distribution across days, whereas for other households the
frequency varies dramatically. For example, Figure 12 shows the daily frequency
of microwave operations for different households (houses 4,6 do not operate

1 More precisely, the ezpected frequency, as described in Section 5.4.
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this device). We see a somewhat stable usage pattern for houses 3,5, whereas
houses 1,2 have large daily variations.
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Fig. 12. Daily operation frequency for mi-
crowave across households.

Summarizing the intra-day results from this section, we can support Prop-
erty 1(b), that device dependent intra-day patterns do exist and repeat across
days. On the more challenging side, however, these patterns seems to be highly
household dependent. In addition, small peak periods for operation, as we see in
Figure 11, may suggest a potential for shifting activation time, in further support
of Property 2(c).

6.3 Device Correlations

Finally, we aim to provide information regarding the coherence and correlation
between device operation occurring due to the usage patterns. We will further
explore the sequence in which devices are operated, and there frequencies. Ta-
ble 4 shows the number of times a given pair of devices were operated together
within a one hour interval in house 1. The ordering of the pairs represents the
sequence of activation of the devices. The high degree of correlation between
devices such as the stove and microwave occur due to them supporting a joint
activity, cooking. However, that devices such as the washer dryer and microwave
exhibit a high degree of concurrent operation is more due to the user’s behav-
ior, preferences, and presence in the house. This conclusion is further justified
by data from another house(not shown here), where we have very infrequent
concurrent operations between washer dryer and microwave. This shows that
devices can have a higher probability of concurrent operation without sharing
similar functionality/purpose. Thus, we can say that occurrence of high simul-
taneous operation is specific to a house and does not always guarantee high
correlations across households, thus providing somewhat conflicting arguments
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for Property 3(a). The sequential behavior in the device operations can be seen
for the microwave and dishwasher, where the microwave-dishwasher sequence
occurred 10 times in 36 days, but dishwasher-microwave sequence occurred only
twice. This shows that the correlations in device operations vary according to
their sequence of activation, supporting Property 3(b).

Table 4. Operation sequence for pairs of devices (house 1).

Devicel Device2 |Frequency| Devicel Device2 Frequency
Oven washer dryer 2 washer dryer oven 2
Oven microwave 8 Microwave Oven 9
Oven electric heat 1 electric heat Oven 1

dishwaser Oven 1 Oven dishwaser 0
dishwaser |washer dryer 2 washer dryer| dishwaser 3
dishwaser | Microwave 2 Microwave dishwaser 10
dishwaser stove 1 stove dishwaser 0
washer dryer| microwave 12 Microwave |Washer dryer 10
washer dryer| electric heat 1 electric heat | washer dryer 1
Microwave |electric heat 8 electric heat| Microwave 4
Microwave stove 6 stove Microwave 2
electric heat stove 4 stove electric heat 2
stove Oven 1 Oven stove 0

6.4 Summary

In summary, we found that a significant percentage of the total energy demand
for a house can be considered to provide flexibility. Further, we noticed various
repeating inter-day and intra-day, house-specific or general patterns for energy
distribution and device operation across individual houses. The existence of peak
operating periods for some of the devices, shows the potential of extracting time
flexibility (shifting activation time) from their operation. Similarly, we observed
a high variation in total energy consumption, due to varying duration of op-
eration and power level, across device operations for an individual household.
This variation in energy energy consumption shows the potential of extracting
energy flexibility in the device operations. We also find some interesting correla-
tions and sequences between device operation, which further provides valuable
information regarding activation times of the correlated devices. Finally, we can
conclude that even though there exists a stochastic behavior in device usage
patterns, the patterns and periodicities can be detected and predicted, and the
prediction models can be further improved by incorporating a-priori knowledge
about the devices and users. The Inclusion of a-priori knowledge about the de-
vices and users will further provide the decisive conclusion over the abnormal
patterns, such as high operation frequency and abnormal energy distribution
across days of the week, shown by some of the houses.
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7 Conclusion and Future Work

In this paper, we investigated the flexibility in device operations with the aim of
balancing fluctuating RES supply. In particular, we performed a comprehensive
analysis of device flexibility and user behaviors for device operation with a fo-
cus on flex-detection, flex-prediction, and load-prediction. Flexible devices were
categorized into the fully, semi, and non-flexible categories, based on the cost
and benefit of extracting and using the available flexibility. Further, we proposed
a number of specific preprocessing steps such as operation state segmentation,
and aberrant operation duration removal, to confront the challenges associated
with the analysis of device level data. For extracting the device behavior and
user usage patterns, we performed three types of analyses: 1) device energy pro-
files were analyzed to examine the feasibility of extracting energy flexibility from
household devices; 2) use patterns and periodicities were analyzed to examine
the feasibility of extracting time flexibility from device operations; 3) device op-
eration correlations were analyzed for capturing the sequences and similarities of
device operation patterns. The experimental results show the general trends for
houses having a significant share of consumption from flexible devices. Further,
the potential of extracting time flexibility in device operations with a low loss of
user-perceived quality was supported by various inter-day and intra-day energy
distribution and device operation patterns, across individual houses. The exper-
imental results support the concept of the TotalFlex project of extracting the
flexibility from the device operation and utilizing it for generation of flex-offers
for dynamic energy management for future energy markets.

The important directions for future work are (1) analyzing long-term data
to capture seasonal behaviors in the device operations, (2) design a dynamic
model for operation state segmentation to supplement the manual inspection
method, (3) perform flexibility analysis for smaller resolutions, e.g. 15 min or
even 1 min, (4) analyze flexibilities in RES production, and (5) perform an
econometric analysis to quantify the benefit of utilizing flexibility, in monetary
terms. Further, we consider collecting user behavior and preference data through
a survey to improve the confidence over a purely data-driven flexibility analysis.
Additionally, scalable and general flexibility extraction techniques and highly
robust flexibility and demand prediction techniques are important to support
the final goal of the Totalflex project.
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