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Abstract, Sensors distributed all armmd clectrical-power distribution networls prodocee
strecans of data al high-spocd. From e dateo mining pemspective, Wis sensor nelbwork problem
is charscterized by s large number of varables (sensors), producing s continonous How of
data, in a dynamic non-stationary enviromment. In thiz work we analize the most relevant
data mining problems and issues: online learning and change detection. We propose an
architectire bascd on oan online clustering algorithm where cach closter (group of sonsors
wilh Bigh correlabion) contains o pearal-network based predictive madel. The goal §s Lo
maintain in real-time a clostering model and a predictive model able Lo incorporate new
information at the speed data arrives, detecting changes and adapting the decision models
tor the mest eecent information. We present. preliminary results ilustrating the advantages
al e propeoesed archilectore,

Keywords: Flectricity demand forecast . online clistering, ineremental nenral networks.

1 Motivation

Electricity distribution companies nsually set their management operators on SCADA /DMS prodd-
uets (Supervisory Couotrol and Data Acquisition [/ Distribution Maoagemenl Systems), Oue of (heir
important tasks is to forecast the eleetrieal load (electricity domamd ) fir s given sub-network of
consmners. Load forecast is a relevant anxiliary tool for operational manasgement of an eleciricity
distribution network, since it enables the identification of critical points in load evolution, allowing
necessary corrections within available times In SCADA /DMS systemis, the load forecast funetion-
alily has Lo estimate. on a bourly basis, and [or a pear lnture, cerlain Lypes of measures which are
reprosontative of systom’s load: active power, reactive power and eurrent intensity. In the context
of load forecast, near futnre s wanally delined inothe range of next honrs to the lmit of seven days,
for what is called shori-term load [orecast.

Traditionally, real knowledge extraction problems faced a barrier on the relative scaveity ol data,
Nowackiays, not rarely the amount of available data is so linge that traditional systems, based on
wemory awd several reading of same inlormation, cannol operate elliciently, Moreover, on current
real applications, data are being produced in a continuous How, at high specd, producing cxamples
over time (4], In this context, Fster answers are wsually regpired, keeping an anytime model of the
data, cnabling better decisions.

Given its practical application and strong finencial mmplications, electricity load forecast has
beem targeted by innomerons works, mainly relying em the nom-linearity and generalizing capacities
of pewral pelworks, which comwbine a cyelic lactor and an aulo-repressive one Lo achieve pood
results [5]. Nevertheless, static iteration-based training, usually applied to estimate the best weights
for network connections, i= nob adeguate for the high spesd production of dats nsnally enconntered.
MMoreover, a predictive system may be developed to serve a set of thousands of load sensors, but
the load demand walnes tend to follow o restrict vomber of profiles, considerably smaller than the
Lotal of registered sensors, This way, clustering ol sepsors greatly allows the reduction of necessary
predictive models, However, most work in data strecam clustering has been concentrated on example
ehstering and less on variable clustering 8]
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2  General Description

Thix main objective of this work is to prosemt an ineremental gvstem o predict in real fime the
electricity load demand, o bnge sensor networks. 'he systemn mmst predict the valne of each
individual sensor with a given temporal horizon, that is, if at moment {; we receive an observation
of all notwork sensors, the system mnst excente a prodiction for the vidne of cach variable (sonsor)
[or the womend £, +%. Tn 1his scenario, each variable is 4 (e series and each new example included
in the system iz the value of one obscrvation of all time serics for a given moment.

Ciiven the high dimensionality of the problem, a scheme that would gencrate a predictive modael
[or each variable is nol possible, Owur approach s Lo st eloster the sensors wsiog an ooline dala
stream clustering algorithm, and then associate to each cluster a neural network trained ineremen-
tilly with the centroid of the cluster

T'her systemn applies o divisive strategy, with the leaves representing the sensor clusters, which
may aggregate in case of changes in the corvelation structure, Anvtime a cluster is divided., the
offspring leaves inhorit the parent’s prodictive maodel, starting to train o difforont copy.

The nenral networks are traimed continmonsly with data from the corresponding variables,
asswming a model [or each group sinee it is expectable thal clustered varialles should beliave with
high correlation. Nevertheless, the system makes predictions for all variablos, independontly, in veal
tie, Owerall, the system predicts all variables o real time, with incremental iraining of nenral
networks and continuous monitoring of the clustering structure.

3 Incremental Clustering of Data Streams

Ther ehstering strategy nsed in this system is the ODAC (Online Divisive- Agglomerative Claster-
ing), a wvariable clustering algorithm that ereates a hierarchical stracture of elusters inoa divisive
way [8], The leaves arc the resulting clusters, with a set of variables in cach lcaf, The union of the
leaves 15 the complete set. Uhe infersection of leaves s the empty set.

The system inchules an neremental dissiodlacity messnre based on the correlation between
time-series, The similarity measurve 15 caleulated with sufficient statistics gathered continuously
over time. There are to main oporations in the hicrarchical strocture of clnsters: erpansion that
splits one cluster into lwo wew clusters, and aggregation thal aggrepales Lwo cluslers inlo one,
Both operators are bascd on the diameters of the clusters, and supported by confidence levels
given by the Hoeffding bonnds (6. The main characteristie of the sysbem is the monitoring of those
diameters.

I & hicrarchical structure of clusters. creatod from a divisive point of view, and considering that
the data stresms are produced by g stable coneept. the intra-clnster dissimilarity shonld decrense
wilh each split, therefore diminishing the diameter of each cluster. Tor each cluster, the system
chooses two viriables that define the diameter of that cluster (those that are less correlated). If a
giver henristic condition 5 met on this diameter, the system splits the cluster in bwo, assigning each
of those variables to one of the two new clustors. Afterwards, the remaining variables are assigned
tor the cluster that has the elosest pivor (Grse assigned vaciables) Uhe newly ereated leaves start
wew statistics, asswwing that ooy the lbwee inlormation will e wselul Lo decide il the cluster
shomld be split. This characteristic inereases the system’s ability to react to changes in the coneept
ds, later ong g test s execnbed so that i the diameter of the leaves approaches the dismneter of the
parent node, then the previous split may have ceased to represent the current structure of data.,
When this happens, the systemn ageregates the leaves, restarting the sufhcient statistios for that
Eroup,

The ODAC algorithim presents the needed characteristics for adaptive learning svstems, namely
the omes related with ineremental ehistering (2] Moreover, it is one of the first systems elearly
proposed Lo hieracrchical clustering of variables over dala streams, Ao bnporianl chacacterisiic of
this method is that cach split of a leaf with n variables reduces the global number of dissimilaritics
tor compute, by at least n— 1 The temporal complexity of each iteration of the clistering system
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is constanl given Lhe munber of exawples, even decressing whenever a split ocears, This way, 1l s
able to process high specd data streams. Figure | presents the vesalting hicrarchy of the clustering
procedire.

Fig. 1. ODAC clustering hierarchy in the Portugnese Electrical Network (2500 sensors in one vear data),

4 Incremental Learning of Neural Networks

A neural network maodel is associated with cach group defined in the elustering structure, in order to
perform prodictions on the corresponding variables. On a fivst approach, we foeus on predicting the
pexl howr load, Al each womenl {, Lhe sysiew execules bwo actions: oue is W predicl the moment
tipes the other is to back-propagate I the model the orror, obtained by comparing the enmrent roal
vislue with the prediction made al time g The error is back-propagated throngh the network ouly
omce, allowing the akility to cope with high speed streams. Although the svstem builds the learning
model with the centroid of the gronp, the prediction is made for each variable independent v, Every
Lime a cluster = split, the ollspring clusiers inheril the pareal’s model, slacting Lo Gl a dillerent
copy separately. This way, a spocification of the model 35 emabled, following the specification of
the clustering strneture. When an ageresation ocenrs, due to changes o the elustering structare,
the new leal starts a new predictive model, From the user’s point of view. there s now need to
predict viriables which do not behave aceordingly to what 3= expected. Therefore, onr system will
ouly starl learning a veural nelwork il and when the corresponding cluster presents pood inlea-
chister correlation. "I'his henristic supports the notion that the majority of wariables in s gronp
present positive correlation with each other. For gronps where no predictive model was created,
the prediction is to consider the last koown value of the corresponding strearm.

The chosen predictive model was the feed-lorward newral networks, withh 10 inpuls, 4 hidden
neurons (tanh-activated) and a lincar output. The input vector for predicting time series ¢ at
e & is & mins {10200 4 hours and & minns {7, 14 davs, As wsnal |50 we consider also 4
evelic variables, for hourly and weekly periods (sén and cos), The initial learning algorithm was
the @ Hprap. redneing the system’s sensitivity to parameters [7]. o introdnee predictive ability in
ODAC il was pecessary Lo consider bullering the data, so Lhal peweal networks could use hisiorieal
values of cach variable to predict. Figure 2 presents a gencral deseription of the procedure executed
at each new exanple,
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Fig. 2. Buffered Online Predictions: 1. new real data arvives (r) at time stamp i, substituting provionsly
macke preddiction (o) 20 deline Lhe Tupol vector o predicl Goe stamp @ 5 execude pradiction (0] Tor Gme
stamp #; 4. compute error using predicted (6) and real (1) values; 5. back-propagate the error one single
time; 6, define input vector to predict time stamp @ plus one hour; 7. execute prediction of next hour (p):
A, discard oldest real data (d).

5 Experimental Evaluation

T'her system’s modnlarity allows the predictive models fo be, not only dymsonie and easily modified,
but also helerogeneous over all clusiers, However, lor a livsl evalualion of the syalem, we will
comsider homogeneons models for the prediction of the next honr oloetricity load.

5.1 Predictive Capacity

There are two priovity concepts the system shonld respond. Chnoone side, considering the expected
Ligh correlalion belween series ol the same clusier, the sysiew should be able Lo [l a neural
network that reprosents the eluster, nsing the controid of the serics included in the eorresponding
gronp. Ou the other side, we shonld expect that ineremental fraining of nenral networks shonld
produce better results when compared with models trained with historical data and no adaptation
tovemrrent datas 'he following experiments try to answer this two gquestions, resulting as expected.
The quality weasure usually cousidered in eleciricity load forecast is the MAPT (Mean Absolule
Percentage Evror) defined as

10— w) /]
MAPE -y DL (1)
i=1

where y; s the veal value of variable y at time ¢ and §; s the corresponding predicted value,
Preliminary results on electrical powor demand enrrent data supported some of the motivations
[or our work. Titled models resulted in predictions with MAPE evaluation values under 10%, We
should stress that neither the clustering svstem’s detinitions nor the learning algorithm parameters
were exhanstively fit. Nevertheless, Figure 3 presents an example of predictions made by s nearal
network for one example stream meluded in a cluster with hundreds of different streams. with
intra-clster correlation <2 0.2, capturing the ability to train the networlk with the controid of the
cluster, Unlortunaiely, nol all clusters’ centroids are the best bo predict the corresponding sireains,

We are also interested on inspecting the advantages of online learning, comparing online training
resitlts with the predictions made by bateh models, T Figore 4 we can compare the svolution of
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Fig. 3. Predictions for one stream belonging to a cluster with large dimension, Pictures show the plots
of real values and predictions for the first two weels after training and the last two wocks, We can sec
Lhat, althongh Uhe lirsk braining dida’t meadel Lhe stresan s expected doe bo closbers dimension, Lhe online
Eraining continuously reduces the error, Htting the model Lo the stream, as seen in Ghe last bwo weeks,
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Fig. 4. MAPE evolulion foe the stream. The -
provemnent achieved by incremental learning is
clear, maintaining an error descent through time,

Fig 5. Final MADPE comparisen, Ineremental
learning of neural networks for non-uull variables
resulted in improvements of around 5% MAPE.

the MATE error in the lollowing weeks, comparing predictions made by statle neural networks and
incremental nenral networks. The graph shows the comsistency and adwantages of nsing ineremental
learning, Oun the last week, Lhe overall improvement achieved by ooline Lraining was around 5%
and is sketched on Figore 5 for all nop-null variables, where positive improvement represcints a
decrease on the MAPLE.

Fronn this resulis, pob ooly the ability to learn a wodel with the centeoid of the group is
confirmed, but also the continuously applicd incremental learning is shown to favor no only the
mwodel ftting but, more important. the model adapration to dynasmice behaviors,

5.2 Comparison with another predictive strategy

Ty nssess the quality of predietion, comparing with another prodictive system, woe have econdnetod
experitnents where, lor a given vear, Lhe quality of the system in each month is compared with
Wavclets on two procise variables, chosen as relevant predictable streams (by an expert) bat ex-
pressing either low or bigh error. These variables are shown on Figores 6 and 7. Moreover, the
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Fig. 6. Sclected variables cach month (low orr). Fig. 7. Sclected variables cack month (high err).
Wavelets MNets NNets-Wav Wavelets NNets NNets-Wav
T P % p-value T o % p-value
Month Month
January L.t 273 108 <0001 Jamuary .04 10,34 1.30 <0.001
Felbrnary 2.5 2.0 20 (L1096 February ¥4l .82 1.31 0002
March A 27h -0.BR <0001 Mureh 11.52 1128 -h24 (1. 16
April 2.05 2.5% 053 0.002 April 9.36 1274 1.38 <0.001
May 2,69 225 -0.41 <0.001 May 1220 1054 -2.35 0.035
June 2,33 >0k 20 0051 June [ #1100 1.42 =0.001
Juily 2.4 212 -0.02 0.049 July 14.52 HiGs -3.84 <0.001
Avgusl 259 2.5 005 0557 A=t . 1227 1.6 0.034
Beptember 265 264 -001 0474 September  10L52 980 -0.71  0.656
Cetaber 2,28 236 008 0127 Cietober 12.45 11.25 =1.20 0.002
Movember 241 214 2T (85 Mowember K.EL 7.71  -1.14 (1,554
[devennhwer A.al 2097 -0.59 0.029 Dexebwer 11.76 A -85  0.040

Table 1. MEDAPE for selected variables (low err), Table 2. MEDAFPE for selected variables (high err},

qualily measwre was changed o MEDADPE (Median Absolile Corresponding Ervor), Lhe corre-
spomding median of the APE measure. to reduee sonsibility to extreme values [1]. Results are
shown on Table 1. for low error variables, and Table 20 for bigh error variables. For the difference
ol the medians, the Wilcoxon [3] test was applied, and the corresponding p-value is shown | differ-
enee is statistically significant iF p o< 0005). The relevines of the ineremental system nsing nenral
pelworks is exposed, wilh lower ecror values oo the majority of Lhe studied variables, Moreover, il

s noticed an improvement on the performance of the systom, eompared to the prodictions made
nsing Wawvelets, after ailures or abnoroal belavior in the streams.

6 Challenging Problems

The sensor networks created by this setting can casily include thousands of sensors, each one cor-
responding to s given subenetwork and, therefore, being object of predictive analysis. Moreover,
given the evolution of hardware components, these sensors acl now as [asi dala generalors, pro-
ducing information in a streaming environment. The data How wsually gencrated by cach sensor
canl be extremely fast and possibly infinite in siee, whal corresponds to a known sesnario of data
stream analysis,

This sctting reveals a large scnsor network, where thousands of streams produce data con-
tivmonsly over time, representing an interesting scenario for nbiguitons computing. This problem
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shares somwe of the requirements and objectives nsually inherenl Lo ubiguitons compuling, Sen-
sors are most of the times mited i resowrees such as memory and computational power, and
commmication between them s easily narrowed due to distance and hardware Bmitations. More-
over, piven the liwited resources and [ast production of data, inlormalion has Lo be processed o
ouasi-roal-time, ereating o geenario of mnlt-dimensional stroaming analysis.

7  Conclusions and Future Issues

This paper inlroduces 1 system Lhal galhers a prediclive mode] lor a large muuber of data variables
with an horizon forecasting, incrementally constructing a hierarchy of clusters and fitting a pre-
dictive model for each leaf. The main setting of the clistering svstem is the monitoring of existing
clusters” dismelers. The wain selling ol the prediclive stralepy is Lhe bullered onlive prediclion of
cach individual variable, based on a neural network trained with clustered variables. 'The examples
are processed as Lhey arrive, using a single scan over Lhe dala, The system ineremenially compules
the dissimilaritics between time series, maintaining amd updating the sufficient statistics at each
new example arrival. Fxperimental resnlts show that the system s able to fit predictive models
using Lhe centroids of the elusber they are associaled Lo, Moreover, applying increinental learning,
using the online stratogy developed in this work, scems to outpertorm predictions made with static
predictive models.

FMuture work will focus on the definition of global evaluation strategy and the inspection of other
onlinge learning technignes. We boeliove further work on the learning tasle will fmprove the quality
ol pewral nelwork basic accuracy, Moreover, Lhe elecirical network spreads oul geographically. The
topology of the network and the position of the clectrical-measuring scnsors are known, From the
weo-spacial imformation we can infer constraints in the admissible valnes of the electrical measnares.
The gec-spacial information can be used by sensors themselves, Sensors would becowe smart
doviers, although with Bmited computational power, that conld detect and commmmicate with
peighbors, Dala winiong in Lhis context becowes ublguitous and disteibuted.
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Load Forecast in Power Supply Networks

Load forecast is a relevant auxiliary tool for operational
management of an electricity distribution network enabling:

identification of profiles.

prediction of picks on the demand.

identification of critical points in load evolution

necessary corrections within available time

support for previously planned interventions

checking the viability of charge transfer scenarios
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Load Forecast in SCADA/DMS

In SCADA/DMS (Supervisory Control and Data Acquisition /
Distribution Management Systems), the load forecast functionality
has to estimate, on a hourly basis, and for a near future, certain
types of measures which are representative of system's load:
Sensor network (2500 sensors). Each sensor measures:

@ active power

@ reactive power

@ current intensity

In the context of load forecast, near future is usually defined in the
range of next hours to the limite of seven days.
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o similar load
profiles should be
clustered, and

o predictive models
" should be applied
to each cluster.
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A Streaming Environment

Current SCADA/DMS systems gather a continuous flow of data
generated at high-speed from sensors of an electricity distribution
network.
The usual approaches for clustering and prediction use batch
procedures which cannot cope with this streaming setting.
Our approach is in the Data Stream framework, maintaining in
real time both a clustering model and a predictive model capable
of:

@ incorporating new information at the speed data arrives, and

o detecting changes and adapting the decision models to the
most recent information.
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Goals

Develop predictive models for groups of sensors:
@ An incremental system is used to perform clustering of time
series over data streams;
@ At each cluster (leaf) exists an online predictive model;
@ The system should cope with:
o the high-speed and any-time output of the clustering
structure definition and predictions;

o the ability to detect and adapt to changes in the clustering
structure;

With this approach, we intend to:
@ reduce or eliminate the effort applied on configuration and
training (usually slow and based on huge amounts of data)

@ reach short-term predictive results with acceptable
performance MrorTo
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Data Pre-Processing

@ The electrical network spreads out geographically.

@ The topology of the network and the position of the
electrical-measuring sensors are known.

@ Sensors send information at different time scales.

@ Sensors act in adversary conditions: they are proneness to
noise, weather conditions, battery conditions,

To reduce the impact of the noise, missing values, and different
granularity, data is aggregated and synchronized in time windows
of 15 minutes.
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Online Divisive-Agglomerative Clustering [Rodrigues, Gama, 2006]

Incremental system to monitor clusters’ diameters
Performs hierarchical clustering of first-order differences
Can detect changes in the clustering structure

Two Operators:

o Expansion: expand the structure
o Agglomeration: contract the structure

@ Splitting and agglomerative criteria are supported by a
confidence level given by the Hoeffding bounds.

MrorTo




Conclusions and Open Issues

Outline Starting Setting System D peri
00! 008000000 000000000000

Main Algorithm [Rodrigues, Gama, 2006]

o ForEver
o Read Next Example
o For all the clusters
o Update the sufficient statistics
o Time to Time
o Find the two farthest variables
o Verify Merge Clusters
o Verify Expand Cluster
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Properties of ODAC

o For stationary data the cluster’s diameters monotonically
decrease.

o Constant update time/memory consumption with respect
to the number of examples!

@ Every time a split is reported
o the time to process the next example decreases, and
o the space used by the new leaves is less than that used by the

parent.
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A snapshot - 1 year data, 2500 variables
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Load Forecast in Data Streams

The goal is to have an any-time prediction of the next-hour load
value for all sensors.

The strategy is to have one predictive model at each cluster,
predicting all of its sensors.

Predictive models are created for clusters which present good
behaviour, that is, good intracluster correlation; for the others,
the last known value is used.

iRprop [lgel and Hiisken, 2000] algorithm is used to train the
feedforward neural networks, with 10 inputs, 4 tanh-activated
hidden neurons, and one linear output neuron.

Splitting triggers inheritance of the ancestor's predictive model.

Aggregation triggers reset of the predictive model.
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Load Forecast in Data Streams
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Why Neural-Nets?

@ A Function approximation approach

A 3 layer ANN can approximate any continuous function
@ Fast Train and Prediction:

o Each example is propagated once
o The Error is back-propagated once

@ No overfitting
o First: Prediction
e Second: Update the Model

@ Smoothly adjust to gradual changes

MrorTo
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Buffering the Input Data and the Predictions

Online prediction and training is achieved with buffered input.

Newral

6. 7.
- Natwork
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Validation of the Clustering Approach [Rodrigues, Gama, 2006]

o For stationary data, ODAC performs similar to batch
divisive analysis clustering.

o For drifting data, ODAC detects and adapts the structure
to the new concepts.

o On real physiological data, ODAC resulted in the same
partitions as k-Means.

MrorTo
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Load Forecast of Large Sensor Networks

The system should be able to fit a predictive model that
represents the whole cluster, training with the cluster's centroid.

Also, it is expectable that online learning should produce better
adaptation to new examples, comparing to predictive models

trained with past examples and no adaptation to current data.

Evaluation is made using the MAPE error measure:

(9 — i) /il
MAPE =~ 20U (1)
n
i=1
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Clusters as Representatives

We have conducted experiments for current intensity measured on
over 2500 sensors and built the clustering structure with one
year of real data.

For each cluster which possess good intra-cluster correlation, the
system learns a predictive model using the centroid of the
corresponding time series, for a recent period of past data and
tests them in the following weeks, for each variable individually.

Fitted models resulted in predictions with MAPE evaluation
values under 10%.
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Plots present the first two
weeks after initial training.

Due to the batch training, the
network is struggling to fit all
the series.
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Online Learning

[ Static NN

\/\w_ After some time, the incremen-

I remental NN . . . .
secmoce tal learning combines its effi-

i ciency with accuracy, diminish-
e ik ing the error below the static
model.
- ) Mok
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Online Learning

[T ——

Considering all non-null variables, after the first week, the average
improvement achieved by online training is about 5%.

MrorTo
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Comparison with Wavelets

The quality of the system in each month is compared with
Wavelets on two precise variables, chosen as relevant predictable
streams (by an expert) but exhibiting either low or high error.

The relevance of the incremental system using neural networks is
exposed, with lower error values on the majority of the studied
variables.

Moreover, it was noticed an improvement on the performance of
the system, compared to the predictions made using Wavelets,
after failures or abnormal behavior in the streams.

Moo
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Figure: Selected variables each month (low err).
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Wavelets NNets NNets-Wav
% % % p-value
Month

January 1.69 272 1.03 <0.001

February 299 279 -0.20 0.196

March 3.63 275 -0.88 <0.001

April 2.05 258 053 0.002

May 269 228 -041  <0.001

June 233 252 0.29 0.051

July 214 212 -0.02 0.049

August 259 2.54 -0.05 0.537

September 2,65 2,64 -0.01 0.374

October 228 236 0.08 0.127

November 241 214 -0.27 0.085

December 3.56 297 -0.59 0.029

Conclusions and Open Issues

Table: MEDAPE for selected variables (low err).

Values for the median of the APE, for each sensor in their corresponding
month, for predictions using Wavelets and our approach (RETINAE).

Difference is presented between Wavelets approach and our approach,
with p-value from Wilcoxon test.
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Conclusions and Open Issues

Figure: Selected variables each month (high err).
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Wavelets  NNets NNets-Wav
% % Y

% p-value
Month
January 9.04 10.34 1.30 <0.001
February 8.51 9.82 131 0.002
March 11.52 11.28 -0.24 0.166
April 9.36 12.74 1.38 <0.001
May 12.89 10.54 -2.35 0.035
June 6.68 8.10 1.42 <0.001
July 14.52 10.68 -3.84 <0.001
August 1111 12.27 1.16 0.034
September 10.52 9.81 -0.71 0.656
October 12.45 11.25 -1.20 0.002
November 8.85 7.71 -1.14 0.356
December 11.76 10.91 -0.85 0.040

Table: MEDAPE for selected variables (high err).

Values for the median of the APE, for each sensor in their corresponding
month, for predictions using Wavelets and our approach (RETINAE).

Difference is presented between Wavelets approach and our approach,
with p-value from Wilcoxon test.
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Conclusions

System gathers a predictive model for a large number of data
variables:
@ Incrementally constructs a hierarchy of clusters fitting one
predictive model for each leaf.
@ The system has the ability to cope with high speed
production of examples.
@ The rate of predictions can be as fast as the rate of incoming
examples, considering the usual rates higher than one minute.
@ The system is capable of dealing with changes in the
clustering structure.
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Discussion

Experimental results show that the system is able to fit
predictive models using the centroids of the cluster they are
associated to.

Moreover, applying incremental learning, using the online strategy
developed in this work, seems to outperform predictions made
with static predictive models.

Comparing our system'’s predictions with other predictive strategies
indicates competitive performance for the problem of load

forecast.
Moo
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Open Issues

Current work is concentrated on:
@ improve predictions by combining them with the last known
value (e.g. Kalman Filters);

o compare with other predictive strategies (e.g. Wavelets);

o application to all three dimensions of the electricity load,;

o testing the system on the 24-hour forecast and 1-week
forecast problems;

o treating missing data and special events;

MrorTo
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Thanks for your attention!

More information:

ODAC  P. P. Rodrigues, J. Gama and J. P. Pedroso. ODAC: Hierarchical Clustering of Time Series
Data Streams. In Proceedings of the Sixth SIAM International Conference on Data Mining,
pages 499-503. Bethesda, Maryland, USA. April 2006.

OnlineNN P. P. Rodrigues and J. Gama. Online Prediction of Clustered Streams. In Proceedings of
the Fourth International Workshop on Knowledge Discovery from Data Streams, pages
23-32. ECML/PKDD, Berlin, Germany. September 2006.

iRprop Christian Igel and Michael Hiisken. Improving the Rprop learning algorithm. In Proceedings
of the Second jonal ICSC ium on Neural C jon, pages 115-121,
Berlin, 2000
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