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Abstract

world is becoming more conscious of the necessity
for clean and sustainable energy sources, the use of
renewables, for example wind [5] and solar [13], is
increasing. Renewables as solar and wind sources
are non-flexible and are not able to follow the demand. The supply from these renewables at one
moment is rather different from another moment
due to weather changes. In today’s power grid, a
certain amount of the produced solar and wind energy would need to be curtailed or exported [17].
These renewables are not always produced centrally, therefore system operators are facing another
challenge: regulating supply penetration on decentral level [15].
The supply side of electricity systems will become
larger, more diverse, more decentralized and less
controllable. The demand side will also be larger
[1], especially on the household level. People are using more electrical devices and the use of electrical
vehicles is increasing [18]. The household demand is
in the current energy market seen as a non-flexible
factor [3], but it may provide some flexibility to the
supply and demand balance. For example a fridge
could be turned off as long as the fridge keeps a
climate that is acceptable according to food standards. Utilizing the flexibility of end consumers and
producers, can reduce investments and operational
costs needed for a future reliable electricity system.
In section 1.3 flexibility is defined and further explained.
There is a strong consensus [10] for promoting
the necessity of a new electricity grid that is able to
balance supply and demand better: the Smart Grid.
In the Smart Grid new information and communication technologies are used to revolutionize the

An increase of less controllable supply and demand
on the energy market asks for effective market balancing. The PowerMatcher is a market-based coordination mechanism for smart grid systems in
which the balance is held by shifting the price.
Sometimes the PowerMatcher is not able to hold
the balance. It has a depreciation of the flexibility
in supply or demand. We simulated the behavior
of thermal clusters reacting on: 1) a request for
demand or supply, 2) changes in heat demand of
the households. We found a few variables that can
be used as predictors for the depreciation of flexibility. We used these variables for creating models
that can predict flexibility depreciation. We could
predict depreciation of flexibility half an hour before with an accuracy of 76% and a hitrate of 73%.
These kinds of predictions could help grid operators
to prevent violation of security of supply or safety
constraints.

1

Introduction

1.1

Smart grids: balancing supply
and demand by using flexiblity

In today’s power grid, supply follows the demand
[3]. The grid was designed to operate vertically [14]:
central generation, transmission via high voltage
grid to substations and distribution to consumers
via medium and low voltage power lines. Since the
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electrical power grid [4]. There are worldwide multiple smart grid projects and billions are invested
in these projects [6]. There are several visions on
the aim, design and implementation of smart grids,
but in all visions the flexibility of consumers and
producers is used to match the demand and supply
at a certain point in time better.
We researched the flexibility in demand and supply in the PowerMatcher, a decentralized marketbased smart grid using agent-based software to balance supply and demand. The PowerMatcher is further explained in section 1.2.
One of the strengths of an agent-based implementation is its autonomous and flexible behavior
[19]. A drawback of an agent-based system is that
it is not easy to monitor and control, because the
emergent behavior of the system is inherently unpredictable [7]. A grid operator is responsible to
maintain the comfort requirements of users and
needs to import or export energy to the cluster if
the cluster could not balance itself. Therefore they
have to be able to predict the behavior of the cluster
and to take action. Especially in uncommon situations, a grid operator needs to be prepared for balancing problems. We developed and tested a few
methods for forecasting depreciation of flexibility
using actual values of some variables in the cluster.
Our goal was to find a method that can forecast depreciation of flexibility in an acceptable time
course. In power grid systems, an hour would be a
preferred time, but forecasting methods that predict the problem half an hour before are also interesting. Today’s most rapid power plants have a
start-up time of 30 minutes [2].
We could predict depreciation of flexibility half
an hour before with an accuracy of 76% and a hitrate of 73% using price fluctuations. We discovered
the potential of variables as fill level of the total
system and percentage of devices turned on and
found some effects that could indicate depreciation
of flexibility. The models we made to predict depreciation of flexibility based on these effects were not
as succesful as the price fluctuation indicator. The
effects were not enough present in the simulation
data we used for testing the model performance.

ergy supply and demand of houses and small offices in the network. Figure 1 shows the hierarchical
structure of a Powermatcher cluster.
Within a PowerMatcher cluster, agents are organized into a logical tree. Devices in houses and small
offices are represented by the local device agents in
the leaves. To represent a clusters of devices, concentrator agents are used. The concentrator agent
is able to do (local) congestion management. The
root of the tree is formed by the auctioneer agent,
a unique agent that handles the price forming by
searching for the equilibrium price. Sometimes an
objective agent is added to the tree. The function
of this agent is to mimic the business logic for this
specific cluster by adding demand or supply [9]. We
use this agent in our experiments to force a cluster to follow a sine wave demand or supply request
pattern.
Due to aggregation in a binary tree, the complexity of the market algorithm is O(log α). Where α is
the number of device agents [8].
1.2.1

Agent descriptions

Local device agents The local device agents
are control agents that aim to reach the goals of
the local device in an economical optimal way.
These agents communicate with the cluster by buying or selling electricity. They give their bids (via
concentrator agents) to the auctioneer and receive
price updates from the auctioneer. The local device
agents determine how large the amount of power is
that the agent will produce or consume, based on
its own latest bid and the current electricity price
on the market.
Auctioneer agent The auctioneer agent performs the price-forming process. The auctioneer
collects the current bids of all agents and searches
for the equilibrium price. It returns a price update
if the equilibrium is changed.

Concentrator agents Concentrator agents are
representatives of a cluster of local device agents.
These agents collect the bids of the agents and communicate this to the auctioneer. In the opposite di1.2 The PowerMatcher
rection, they receive price updates from the aucThe PowerMatcher is a multi-agent based dis- tioneer and communicate this update to local detributed software system that coordinates the en- vice agents.
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Figure 1: Schematic overview of the PowerMatcher concept

Objective agents When the objective agent is
absent, a cluster strives for an equal supply and
demand within the cluster itself. Depending on
the specific application, the goal of the cluster
might be different. This goal can be realized by
implementing an objective agent. The objective
agent adds demand or supply to the cluster, so
the balance of the cluster will shift to the purpose
of the cluster. A purpose of a cluster could be:
producing a certain amount of energy at night and
consuming another amount at day.

1.2.2

Bids and prices

The local device agents give bids to the auctioneer. With these bids, the agents communicate their
flexibility to the auctioneer. A heat-pump is a local device agent that turns electrical energy into
thermal energy. A heat-pump has a minimal and a
maximal temperature between which the thermal
buffer needs to maintain the temperature.

We represent in figure 2 the ’space’ between the
minimal and maximal temperature as a buffer. If
the minimal temperature is reached, then we have
situation A in which the heat pump has to turn on
whatever the price is. If the maximal temperature is
reached, then we have situation C: the heat pump
The PowerMatcher technology has been imple- wants to turn off or stay off, independent of the
mented in a number of small field tests scaling up to price. If the temperature is somewhere between the
22 households [9] and large simulations (about 3000 minimal and maximal temperature, then we have
households) [11]. In [11], simulations show that the situation B. In this situation the heat pump has
PowerMatcher smart grid offers a huge potential in flexibility. If the price is low, then the heat pump
utilizing flexibility in demand and supply of house- turns on, otherwise it turns off.
holds to accommodate mass integration (60%-90%)
Most devices have a must-run situation. For exof green electricity. In field tests over a longer pe- ample a washing machine cannot be turned off
riod peak load reduction of 15% was achieved [9]. when it is on. Also a heat pump has a minimal
Before the end of 2013, more than 1000 households run-time. It is not efficient to turn off and on the
will be powerMatcher-equipped [8].
heat pump every minute.
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Figure 2: The fill levels of a heat pumps

1.3

Ramp up and ramp down flex- the case if:
ibility of household clusters in
F + < Pdes out ∨ F − > Pdes out
smart grids
+

(1.1)

−

F and F are the flexibility to ramp up and
ramp down. Pdes out is the desired output of the
cluster. This is zero, if the cluster is not asked to
bring some supply or demand to the grid. If the
cluster is asked to produce or consume power, then
this is the desired output.

A device has flexibility if it is capable of shifting its
production or consumption of energy in time within
the boundaries of end-user comfort requirements
[16]. A household device provides a relatively low
demand or supply, so their flexibility is not interesting to the stakeholders in the energy grid. When
we connect a lot of these devices into a cluster, we
can use the sum of the flexibility of the devices. The
flexibility of this cluster is measured as the amount
of power increase or decrease, with respect to its
current power consumption or production, that can
be sustained for a given period of time [16].

2
2.1

Methods
Simulation tool and agent models

We used the PowerMatcher Simulation Tool for the
experiments. This tool has been used before in [11]
and [12]. The simulation tool simulates the behavior of a PowerMatcher controlled smart grid. The
demand or supply of the device models are based
on data from dutch households. The simulation behavior is therefore representing the behavior of a
PowerMatcher controlled smart grid acting in the
real world.
We used two types of household device agents in
the PowerMatcher simulations: heat pump agents
and micro-CHP agents. Heat pumps are devices
that transfer heat by using electrical energy. MicroCHPs generate heat and power using fuel power. If

For example, if you could turn off 1000 fridges
at a certain time t, those were operating at 700
Watt, then the ramp down flexibility is 700 ∗ 1000
Watt. If these fridges are turned off and could be
turned on, then the ramp up flexibility is 700 kW.
This kind of clusters could be used as a Virtual
Power Plant, because they can deliver some supply
(or less demand) to the grid during a certain time.
These clusters could also be used as a flexible largescale consumer. How the cluster could be used is
dependent of the composition and characteristics
of the cluster.
We defined that depreciation of flexibility (F) is
4

micro-CHPs are turned on for heating, they produce power as well. If households request for heating, than both micro-CHPs and heat pumps are
turned on. Heat pumps are consumers of electrical
energy and micro-CHPs are producers.
The objective agent is the third agent we use in
the PowerMatcher Simulation Tool. The objective
agent adds demand or supply from external sources
to the cluster, so the balance of the cluster will shift
to the purpose of the cluster. A system operator can
use the objective agent if he would like to use the
PowerMatcher cluster as a Virtual Power Plant.

2.2

trator agents and auctioneer agent. Therefore, every minute there is a new price determined by the
auctioneer based on the bids of the devices agents.
Every minute, the devices update their willingness
to bid based on the actual price and their state. The
actual ramp up and ramp down flexibility values
are available on auctioneer level when the auctioneer received the actual bids of the devices agent.

2.2.1

Experiment setup

Following a profile

The sine wave that gives the demand or supply of
the objective agent has to be in proportion with the
cluster. It cannot be too small, otherwise we could
not trace its influence on the cluster. It cannot be
too large either, because we are not interested in
situations in which the cluster has too much depreciation of flexibility. We used a sine wave with
a period of 1/5 of a day. The amplitude was found
by sending different constant controlled profiles and
find then a constant demand that can be followed
by the cluster during 1/10 of a day. We took the
value of this controlled profile as amplitude.

The main objective of the simulation setup is to
simulate a balanced cluster that has sometimes depreciation of flexibility. We chose to use 1000 microCHPs and 1000 heat pumps that have the same
specifications and the same capacity. The specifications of the heat pumps and micro-CHPs are found
in table 1. We made the decision for 2000 devices
because the simulation run-time would be in a reasonable time. It is considered to be large enough to
be representative for the behavior of thermal buffer
clusters in the real word.
The heat demand from the 2000 households is
generated by a pattern generator that generates
heat demand patterns based on real data. If people come home late afternoon, we see that the heat
demand peak is growing. Average, the behavior of
the households that have a micro-CHPs and households that have a heat pump are the same during
the day. Since the characteristics of the heat pumps
and micro-CHPs are the same, the sum of power
supply of the micro-CHPs and the sum of power
demand of the heat pumps are near equal. The cluster consisting of 2000 devices is able to balance its
own demand and supply.
The output of an ideal balanced cluster is an
output request for demand of supply equal to zero
Watt. In smart grids, we have the possiblity to control the output of a cluster in a certain way. In a
PowerMatcher controlled smart grid we can do this
by using an objective agent. We choose to use a
remarkable pattern (a sine wave) for the controlled
profile request, so we can easily trace the influence
of the pattern on the cluster behavior.
During the simulation, every virtual minute there
is an interaction between the device agents, concen-

We can use this rule-of-thumb in situations where
the influence of devices with a negative nominal
electric power (so they are on the supply side) is
(almost) equal to the influence of devices with a
positive nominal electric power. If there is no balance between these two groups in the cluster, then
the objective agent has to compensate for the difference. In this experiment, we used only clusters that
are balanced, as you can see in table 1. Therefore we
could use this rule-of-thumb without compensating
for imbalances.
The objective agent also needs to compensate if
the volume and/or temperature boundaries of the
thermal devices are too small to deal with the heat
demand. Especially in winter months or in other
periods with a high amount of heat demand, this
could be the case. So even a cluster that in fact
is balanced, like the cluster we use, can not always follow a sine wave. It even cannot balance
itself. Therefore the devices we use in our clusters
as shown in table 1 are chosen so they can deal
with heat demand profiles that are normal for average dutch households in the month March.
5

micro-CHP
Heat Pump

Pnom,th (W)
4000
4000

∗

Pnom,el (W)
1000
1000

†

Tmin (◦ C)
40
40

V(L)
120
120

Tmax (◦ C)
70
70

minimal runtime(sec)
900
900

Table 1: Specification of used devices in the simulations

2.3

3

Procedure

Results

3.1

We simulated the behavior of our cluster with heat
pumps and micro-CHPs and an objective agent asking for an appropriate profile during the month
March. There is some change in heat demand during the day. Sometimes, the cluster is not able to
deal with these fluctuations in heat demand and
there is depreciation of flexibility. Those events we
call ’red events’: the ramp up flexibility is lower
than the profile asked by the objective agent (the
sine wave) or the ramp down flexibility is higher
than the asked profile (see also the definition of depreciation of flexibility in section 1.3).
Before ’red events’ are the case, there is probably
a period in which the cluster is healthy, but some
variables maybe could indicate that the probability
for a coming ’red event’ is high. We decided to cut
the simulation in time windows and use a ’sliding
window’, to go along these windows and determine
the state of the cluster in that window. It is our
goal to make a model that could indicate the period before the ’red events’ (the ’yellow event’) and
could give an alarm.
To decide afterwards when the model should give
the alarms, we labeled the windows based on the
available flexibility in the window and on the label
given to the windows before. If there is depreciation
of flexibility in one or more data points we give
the label ’red event’. If there is no depreciation of
flexibility in the window, but an hour later there
is a red event, we label the event as ’yellow event’.
If there is no depreciation of flexibility and in the
near future there is no red event, we give the label
’green event’. Also we give the label ’black event’ a
few minutes after a red event.
We used 2 simulated weeks (20160 data points)
as training set. First we found out what indicators are useful for prediction. After that, we decided
rules for our prediction models based on the observations we did in the training set. Then we tested
the models on the test set of 201500 (10 times 2
simulated weeks) data points.

Finding indicators

Figure 3 shows the flexibility of the cluster consisting of 1000 heat pumps and 1000 microCHPs that
is forced to follow the sine wave demand/supply
pattern of the objective agent with amplitude=
200.000 W and period = 0.2 day. Between t = 0.5
and t = 0.85, there is depreciation of ramp up flexibility. Before and after this depreciation, the cluster flexibility is following the requested sine wave
profile. We defined this kind of behavior ’healthy’:
there is no flexibility depreciation.
We see in figure 3 that after t = 0.5, there is depreciation of flexibility and the cluster is not able to
follow the sine wave anymore. The depreciation of
flexibility is an effect of changes in the heat demand
of the end-users. These changes in heat demand
cause changes in some variables that are influencing the flexibility. We assume that these variables
are following also the sine wave input in an approximately constant way. If the effect of the changes is
traceable in the flexibility (the output), then the
cause of the depreciation is probably also traceable
in the patterns of the cluster variables.
We selected three variables as possible indicators
for depreciation of flexibility:
• Average fill level of the devices with positive
nominal power (P + ) and average fill level of
devices with negative nominal power P − .
• Average amount of flexible devices that are
turned on. We also make here a distinction between devices with negative and devices with
positive nominal power.
• The price given by the auctioneer.
Our choice for the first two variables are based on
observations as shown in figure 4. If you compare
figure 4 with figure 3, then you can see that the
two variables are following the sine wave pattern.
Before the cluster turns in a flexibility depreciation
6

Figure 3: Ramp up and ramp down flexibility of a cluster consisting of 1000 heat pumps and 1000
microCHPs that is forced to follow a sine wave demand/supply pattern with amplitude=200.000
W and period = 0.2 day. The heat demand pattern is based on the heat demand patterns of normal
households on March 1st. The boundary between the surfaces that represent the flexibility is the
output of the cluster.

situation, we are able to see that the pattern of
the two variables is changing. If we have a method
that could monitor this behavior (not following the
sine wave anymore), as humans are able to do, we
could use these variables to predict depreciation of
flexibility an hour before the actual depreciation.
The third variable (price level) follows also a sine
wave, but that sine wave is not in phase with the
sine wave input. The price follows on the sine wave
input with a shift of 1/4 phase to the right as shown
in figure 5. Remarkable is the fast changing price
after t = 0.45. These price fluctuations are followed
by depreciation of flexibility. Therefore, these fluctuations could maybe be used as an indicator for a
decrease of flexibility.
We used the three selected variables to indicate
the ’yellow events’ and so for predicting the ’red
events’. Therefore we looked at the correlation between the input sine wave (the controlled profile)
and these variables. We have chosen a few derived
indicators that we would like to use for prediction:

are turned on between devices with positive
(heat pumps in our experiment) and negative
(micro-CHPs in our experiment) nominal electric power.
• Correlation between input sine wave and difference in average fill level between devices
with positive (heat pumps in our experiment)
and negative (micro-CHPs in our experiment)
nominal electric power.
• The correlation between input sine wave and
the price determined by the auctioneer.

3.2

Two algorithms

We chose two approaches to use the indicators
for predicting ’red events’ by indicating ’pre-red
events’ (the ’yellow events’). The idea is that the
algorithm gives an alarm if it finds that one or more
variables are satisfying ’yellow event’ conditions.
The first approach is based on the idea that the
• Correlation between input sine wave and dif- input sine wave induces sine wave patterns in other
ference in average amount of devices that variables if the cluster behaves well. We saw in the
7

Figure 4: Fill level of the thermal buffers (below) and the average amount of flexible devices that
are turned on (above) for the cluster in figure 3

Figure 5: Price level during the simulation of the cluster in figure 3
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test data (see the example in figures 3, 4 and 5) that
in a ’yellow event’ period, the indicator variables
are no longer following the sine wave.
The algorithm draws for n data points in a sliding
window the most optimal linear regression model
using least-square fit. The independent variable is
the input sine wave (the request from the objective
agent) and the dependent variable is one of the indicator values. We made for the test set graphs to
find out what information about the residuals is

useful. This information from the test set was used
to calibrate the model that gives the alarms for red
events. The algorithm is described in the code 3.1.
The second approach is based on the idea that a
’healthy’ cluster is following a certain profile that
is in line with the sine wave input. The algorithm
learns a model of this profile by learning from examples of ’green events’. The sliding window approach makes online learning possible: The model
is updated by the data from a new sliding window
on condition that the window is not a red event and
on the condition that the data fit in the model. If
the data do not fit in the model, an alarm is given.
Algorithm 2 is described in code 3.2.

Algorithm 3.1 Algorithm 1: This is the final algorithm used on the test set. In the training phase,
we used also other rules in the latest if-loop.
for every window n do
make linear regression model M for sine wave
input and variable of interest
log the residual on M for every data point x in
window n
take the mean for all x
if mean x > threshold th AND mean residuals
for p previous steps < step p+1 then
give alarm
end if
end for

3.3
3.3.1

Results of the algorithms
Results of algorithm 1

We tested the performance of the algorithm by
comparing the given alarms by the labeling (afterwards) of sliding windows based on flexibility. The
sliding windows are labeled based on the flexibility
(red event, yellow event, green event, black event).
If the flexibility is a ’green event’, but in less than
72 minutes (4 sliding windows) later we notice a
red event, the event is labeled as a ’yellow event’.

Algorithm 3.2 Algorithm 2. The accepted residual R could for example be defined as: max over all
windows n in model M of mean residual of window
for every window n do
label n as red, yellow, green or black
if n.label == green then
if model M not available then
update model M with data points in window n
else
log residuals r for data points x in window
n
if Mean residuals r < accepted residual R
then
update model M with data points in
window n
else
give alarm
end if
end if
end if
end for

Finding model parameters from training
data. We found the mean of the residuals from
the price model as the most useful indicator for the
approach implemented in sliding window algorithm
1. Figure 6 shows the mean residuals for every sliding window during a simulation. The residuals from
the price model are increasing if a red event is going to happen. We use this fact to give the alarms
together with the use of a residual threshold.
We found that a threshold of mean price residual = 14 gives the best results on the training set
(93% hitrate). An alarm is then given for a sliding
window if the mean price residual is 14 or higher
and the mean price residual of the previous sliding
window is lower than this sliding window.
Test results of best algorithm. We tested the
best algorithm for the price indicator on the test
set of 201500 data points. We got an accuracy rate
of 76% and a hitrate of 73% (61% for early events)
of the red events that need to be indicated (see table 2). Red events that need to be indicated are
9

windows labeled as red event after a yellow period.
If the previous window was also a red event, then
the event is counted as the same red event. Successful alarm points are alarms given during yellow
events. The total amount of alarm points are the
alarm points given during green and yellow events.
If an event is red or black, there is never an alarm
given.
50% of all data points are not red events. If we
choose to select 50% of these points to be an alarm
point, we would assign 0.5 ∗ 0.5 ∗ 201500 alarm
points. Since every red event has a yellow period
of 4 data point, 0.5 ∗ 4 ∗ 377 yellow events will be
classified as alarm point. The hitrate of a random
alarm assignment (probability of being assigned as
an alarm point is 50%) would be 15%.

could be useful for prediction. Nevertheless the algorithm we built could not use these indicators
with success. How could we explain this? Since we
use in our simulation randomly generated heat demand patterns, there is a possibility that those patterns are responsible for the promising data curves.
Therefore it is useful to research the influence of
these heat demand patterns.

Also it is useful to research the influence of the
initial fill levels. If the initial fill level is relatively
high, the fill level will be higher in the next time
steps, if flexibility is asked from the devices. High
fill levels are causing inflexible behavior of the cluster. In the used simulations it was not possible to
control the initial fill levels, so the initial fill levels
were different. The behavior of the clusters is simResults for other indicators. We found that ilar, but if the initial fill levels are relatively close
the other indicators are less useful for predicting red to the maximum or minimum, there is more depreevents. For example, figure 7 shows the residual plot ciation of flexibility in the cluster.
for the sliding windows based on the percentage of
heat pumps that are turned on. Whatever threshold
Figure 8 and figure 9 show the fill levels and avwe choose, the accuracy is not good, because the erage amount of devices turned on for two different
residuals of a lot of the green and red events are simulations with the same characteristics and simin this range. We see also that the residuals are ulated on the same day. Only initial fill levels and
mostly increasing before a red event, but this is also some random processes are different. The initial fill
the case for some green events, so the accuracy will level of the heat pumps in figure 8 starts around
remain low.
70% and the initial fill level of the micro-CHPs
around 10%. We see that when the heat demand
of the households increases, the cluster is not able
3.3.2 Results of algorithm 2
to turn on more heat pumps, because the buffers
The idea of algorithm 2 was to make a model that are almost 100% filled. Micro-CHPs want to turn
follows the correlation between indicators and sine on, because more heat demand is asked, but bewave input. The algorithm learns from the previ- cause there is no much demand flexibility from the
ous green events. Next data points are tested by heat pumps, this is not possible.
the model: If their deviation from the model is too
large, then they are indicated as pre-red events.
The amount of red events was around 50% in the
Since we saw in our data set examples like figure 4,
test set, what is a bit high. We saw that the amount
we had reason to think that this information would
and length of red events was increasing during the
bring us a good indicator. Nevertheless, this kind
2 week simulation. This is an interesting effect that
of information is not general enough. The accuracy
needs further research.
for average heat pumps turned on, average microCHPs turned on, fill level for heat pumps and fill
A drawback of the simulations we used is that we
level for CHPs were below 30%.
could not control all parameters. There are simulation settings possible in which this is possible, but
due to technical problems, we were not able to use
4 Discussion
these settings. Future research has to be done with
Images of indicators like figure 4 indicate that the these settings, to research further the interesting
fill level and average amount of devices turned on features discovered in this research.
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Figure 6

Figure 7
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Figure 8: Fill level and percentage devices turned on for simulation 1, march 2nd

Figure 9: Fill level and percentage devices turned on for simulation 2, march 2nd

12

Red events that need to be indicated
Indicated red events
Early indicated red events‡
Hitrate (%)
Hitrate early indicators (%)
Successful alarm points
Alarm points
Accuracy (%)

377
275
230
73
61
503
658
76

Table 2: Results of algorithm 1 over 201500 data points, indicator = price level. Red events that
need to be indicated are windows labeled as red event after a yellow period. If the previous window
was also a red event, than the event is counted as the same red event.
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