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1 Introduction 2.1 Ensemble Selection in Regression

Zhou et al. [27] presented an approach based on a ge-
Ensemble methods [7] has been a very popular researchyegic aigorithm. More specifically, the genetic algorithm

topic during the last decade. It has attracted scientist8 fr o\ 1ve a population of weight vectors for the regressors in
several fields including Statistics, Machine Learning, Neu e ensemble in order to minimize a function of the general-
ral Networks, Pattern Recognition and Knowledge DiSCOV- j;ation error. When the algorithm outputs the best evolved

ery in Databases. Their success largely arises from the fac{yejght vector, the models of the ensemble that not exhibit a
that theylead to improved accuracgompared to a single predefined threshold are dropped.

classification or regression model. In addition, they offer * gauker and Heskes [1]...
practical solutions to several other problems includingl-

prat i _ . Rooney et al. [23] extended the technique of Stacked Re-
ing inductive algorithms to large databasésarning from

. ) e : gression to prune an ensemble of regressors using a measure
multiple physically distributed data semdlearning from 5t combines both accuracy and diversity. More specifi-
concept-drifting data streams cally, the diversity is
[XXX add citations for the above statements XXX] Hernadez et al. [15] introduced an ordered method,
Typically, ensemble methods comprise two phases: a)where each regressor is ordered according
the production of multiple predictive models, and b) their
combination. Recent work [18, 12, 16, 9, 24, 5, 19, 2, 20], 2.2 Water Quality Prediction
has considered an additional intermediate phase that deals
with the reduction of the ensemble size prior to combina-  [21] studied Bayesian probability network models for
tion. This phase is commonly namedsemble selection guiding decision making for water quality of Neuse Riverin
This paper studies the greedy ensemble selection algoNorth Carolina. The author focuses both on the accuracy of
rithm for ensembles of regression models. The algorithm at- the model and the correct characterization of the processes
tempts to find the globally best subset of regressors by mak-although these two features are usually in conflict with each
ing local greedy decisions for changing the current subset.other.
We explore two interesting parameters of this algorithm: a)  [4] studied two problems. The first one concerned the si-
the direction of search (forward, backward), and b) the per- multaneous prediction of multiple physico-chemical prop-
formance evaluation dataset (training set, validatiopset  erties of river water from its current biological propegie
a large ensemble (200 models) of neural networks and sup-using a single decision tree. This approach is opposed to
port vector machines. learning a different tree for each different property and is
Experimental comparison of the different parameters are c2/led predictive clustering. The second problem conagrne
performed on an application domain with important social the prediction of past physico-chemical properties of the
and commercial value: water quality monitoring. In specific Water from its current biological properties. The Induetiv

we experiment on real data collected from an underwater-09ic Programming system TILDE [3] was used for dealing
sensor system. with the above problems.

[8] addressed the problem of inferring chemical param-
eters of river water quality from biological ones, an impor-
2 Reated Work tant task for enabling selective chemical monitoring oériv
water quality. They used regression trees with biological
and chemical data for predicting water quality of Slovenian
This section reviews related work on ensemble selectionrivers.
in regression problems, as well as on water quality predic- [17] investigated the changes in metabolism and water
tion. quality in the Elbe river at Magdeburg in Germany since



the German reunification in 1990. They used weekly data of dissolved oxygen and turbidity.

samples collected between the years 1984 and 1996. They

used univariate time series models such as autoregressivg Data Collection and Pre-Processing
component models and ARIMA models that revealed the

improvement of water quality due to the reduction of waste . . .
water emissions since 1990. These models were used to de- 1S Section describes the system that collected the data

termine the long-term and seasonal behaviour of importantused In our s_tgdy, the pre-processing approach that we fol-
water quality parameters. lowed and initial exploratory data analysis.

[22] developed a neural network based software tool for
prediction of the canal water discharge temperature at a
coal-fired power plant. The variables considered in this sys
tem involve plant operating parameters and local weather
conditions, including tide information. The system helps
for the optimization of load generation among power plant
generation units according to an environmentally regdlate
canal water discharge temperature limit of 95 Fahrenheit de
grees.

[6] presented the application of a split-step particle
swarm optimization (PSO) model for training perceptrons
in order to predict real-time algal bloom dynamics in Tolo o A buoy.

Harbour of Hong Kong. Experiments with different lead

times and input variables have been conducted and the re- ® A number of sensors.
sults have shown that the split-step PSO-based perceptron
outperforms other commonly used optimization techniques
in algal bloom prediction, in terms of convergence and ac- 4 Strong radio modems.

3.1 The Andromeda analyzer

The data used in this study have been produced by the
Andromeda Analyzer (Hatzikos, 1998; Hatzikos, 2002).
The system is installed in Thermaikos Gulf of Thessaloniki,
Greece and consists of three local measurement stations and
one central data collection station.

The local measurement stations (see Figure 1) are sit-
uated in the sea and serve the purpose of data collection.
Each of them consists of the following parts:

e Areprogrammable logic circuit.

curacy.
The case-based reasoning system, presented in [10, 11], ® A tower of 6 meters height for the placement of an
copes with water pollution. It specializes in forecastihg t aerial.

red tide phenomenon in a complex and dynamic environ-
mentin an unsupervised way. Red tides are the name for the
sea water discolorations caused by dense concentrations of o Rechargeable batteries.
microscopic sea plants, known as phytoplankton. The sys-
tem is an autonomous Case-Based Reasoning (CBR) hybrid
system that embeds various artificial intelligence toalshs

as case-based reasoning, neural networks and fuzzy logic in
order to achieve real time forecasting. It predicts the oc-
currence of red tides caused by the pseudo-nitzschia spp di-
atom dinoflagellate near the North West coast of the Iberian
Peninsula. Its goal is to predict the pseudo-nitzschia spp
concentration (cells/liter) one week in advance, based on
the recorded measurements over the past two weeks. The
developed prototype is able to produce a forecast with an
acceptable degree of accuracy. The results obtained may
be extrapolated to provide forecasts further ahead usimg th
same technique, and it is believed that successful results
may be obtained. However, the further ahead the forecast
is made, the less accurate it may be.

[13] utilized neural networks with active neurons as the
modeling tool for the prediction of sea water quality. The
proposed approach was concerned with predicting whether
the value of each variable will move upwards or downwards  The solar collectors and the batteries provide the electri-
in the following day. Experiments were focused on four cal power needed by the sensors and electronics. The sen-
quality indicators, namely water temperature, pH, amount sors measure water temperature, pH, conductivity, sglinit

e Solar collectors interconnected for more power.

Figure 1. One of the three local measurement
stations of the Andromeda system.



amount of dissolved oxygen and turbidity in sea-water at outliers. Specifically we calculate the median of all daily
fixed time points. The reprogrammable logic circuit moni- measurements, which trims away extreme values.
tors the function of the local measurement station andstore ~ Based on the above remarks, the communication policy
the measurements in its memory. Moreover, it controls the of the data collection system could be altered, in order to
communication via the wireless network and sends the measave energy if such a system was deployed in an ecosys-
surements to the central data collection station. tem with limited sunlight. Instead of transmitting the data

The central data collection station monitors the commu- every hour, the local stations could transmit the average of
nication with the local measurement stations and collectstheir hourly measurements evekyhours. For higher en-
data from all of them. Data are stored in a database for theergy efficiency, the sensors themselves could operate ev-
purpose of future processing and analysis. It consists of aery & hours and send their unigue measurement. However,
Pentium computer operating in SCADA environment. The such a policy is less resilient to transmission failures and
computer plays the role ahasterand controls the com-  outliers. A different, adaptive, policy would let the local
munication with the local measurement stations using the stations transmit their hourly measurements, only when the
hand-shakeprotocol. The total number of measurements difference of at least one of the measurements with the pre-
that are collected is between 8 and 24 daily. The frequencyviously transmitted corresponding measurement exceeds a
of measurements can be increased in case of emergencyredefined threshold. This would allow to save energy when
This communication policy reduces the consumption of en- hour to hour differences are negligible. The central stgtio
ergy by the local stations, since they operate only when theyassumes that the measurement values are the same if no val-
have to send data to the central station. ues are transmitted.

Furthermore, the central station hosts an intelligentaler
ing system [14] that monitors sensor data and reasons abouy M ethodol ogy
the current level of water suitability for various aquatses,
such as swimming and piscicultures. The aim of this in-
telligent alerting system is to help the authorities in the
"decision-making” process in the battle against the pollu-
tion of the aquatic environment, which is very vital for the
public health and the economy of Northern Greece. The
expert system determines, using fuzzy logic, when certain
environmental parameters exceed certain "pollution”tgni
which are specified either by the authorities or by environ-
mental scientists, and flags out appropriate alerts.

In a regression problem the goal is to learn a mapping
from an input space&X to an output valuey using a set of
training examplesD = {(x;,y:),i = 1,2,..., N}, where
each example consist of a feature vectgrand the true
valuey;.

Let H = {h:,t = 1,2,...,T} denote the set of regres-
sors or hypotheses of an ensemble, where each regrigssor
maps an input vectar to an output vectoy. Also let us de-
note asS C H the current subensemble during the search
in the space of subensembles.

The general greedy ensemble selection algorithm at-
tempts to find the globally best subset of regressors by mak-

The data that are studied in this paper were collecteding local greedy decisions for changing the current subset.
from April 14, 2003 until November 2, 2003 at an hourly The main aspects of such an algorithm are the direction of
basis with a sampling interval of 9 seconds. Given that the search and the evaluation function used for evaluating the
variation of the measurements from one hour to the nextdifferent branches of the search.
is typically very small, we decided to work on the coarser  Based on the direction of search we have two main cate-
time scale of 24 hours, by averaging the measurements ovegjories of greedy ensemble selection algorithmdoayard
days. selection and b)backward elimination In forward se-

Two problems introduced in the data by the collection lection, the current regressor subsgts initialized to the
process are the following: a) there is a number of missing empty set. The algorithm continues by iteratively adding
values due to temporary inefficiency of the sensors as wellto S the regressoh;, € H\S that optimizes an evaluation
as problems in the transmission of the data, and b) the ocfunction frs (S, h, D). This function evaluates the addition
currence of special events near the local measurement stasf regressors in the current subsef based on the dataset
tions, such as the crossing of a boat, have led to the recordD. For examplefrs could return the mean squared error of
ing of some outliers. the ensembl& U h on the data seb by combining the de-

Fortunately, both of these temporary problems are auto-cisions of the classifiers with the method of voting. Figure
matically solved through the daily averaging process. Dur- 2 shows the pseudocode of the forward selection ensemble
ing a day, the missing values are typically from 0 to 3, so the selection algorithm.
rest of the measurements can reliably give a mean estimate In backward elimination, the current regressor sulsset
for the day. In addition, averaging ameliorates the efféct o is initialized to the complete ensembteand the algorithm

3.2 Data Preprocessing



Input: An ensemble of regressof§, an evaluation
function frgs, a pruning set D
Output: A subset of regressors
S =0
while S # H do
hy = argmax frg(S, h, D);
heH\S
return S

Figure 2. The forward selection method in
pseudocode

continues by iteratively removing froithe regressok; €

S that optimizes the evaluation functigia (S, h, D). This
function evaluates the removal of regresddrom the cur-
rent subsetS based on the datasét. For example,fzg
could return a measure of diversity for the ensenfigh },
calculated based on the datalof Figure 3 shows the pseu-
docode of the backward elimination ensemble selection al-

gorithm.

Input: An ensemble of regressof§, an evaluation
function fz g, a pruning set D

Output: A subset of regressors

S =H,

while S # ( do

\; hy = argmax fggr(S, h, D);
hesS

S =8\ {h};
return S

Figure 3. The backward selection method
in pseudocode

One of the main components of the greedy ensemble se-
lection algorithm is the evaluation function. This functjo

consist of two subcomponents:

curacy, root-mean-squared-error (RMSE) and mean
cross-entropy.

It is generally accepted that an ensemble should con-
tain diverse models in order to achieve high predictive
performance. For ensembles of regressors the diver-
sity can be formulated in terms of covariance by de-
composing the mean-squared-error (MSE) into three
components: bias-variance-covariance [25]. The di-
versity that optimizes the MSE is that which optimally
balances the three components.

In this work we use the performance metric RMSE as the
evaluation metric in the greedy selection algorithm. Let us
denote the prediction of thig. classifier for an intance as
ht(x). The ensemble output for the instances:

1 T
hens(@) = = > hy(x).

M|

The root mean squared error is:

1 N
e=\wv.7 Do (ulwn) — yn)?

t=1n=1
5 Experimental Setup

This section provides information about the experimen-
tation methodology that we followed.

5.1 Ensemble creation

In order to create an ensemble of regressors we follow
the subsequent procedure: Initially, the whole dataset is
split in three disjunctive parts, a training set, a prunieg s
and a test set witl'r%, Pr% andTs% percentage form
the initial dataset respectively'¢ + Pr + T's = 100).

Then an ensemble production method is used on the
training set, in order to produce models that consitute the
initial ensemble. We experiment with heterogeneous mod-
els, where we run different learning algorithms with differ

e evaluation dataset:Tthere are two approaches hereent parameter configurations.

The first it to use the training dataset for evaluation

The WEKA machine learning library was used as the

as it offers the benefit of plenty data, but is suspectible source of the learning algorithms [26]. We trained 80 multi-
to the danger of overfitting. The second approach is layer perceptrons and 120 support vector machines (SVMs).
to withhold a part of the training set for evaluation. It The different parameters used to train the algorithms were

diminishes the problem of overfitting, but reduces the the following:

amount of data that are availiable for training.

e evaluation measure: it can be clustered in two ma-

e multilayer perceptrons: we used 8 values for the nodes
in the hidden layeK1, 2, 4, 8, 16, 32, 64, 128 4

jor categories: those that are based on performance values for the momentum terf®.0, 0.2, 0.5, 0.8and
and those on diversity. Performance metrics are ac- 2 values for the learning rat®.6, 0.9..



e SVMs: we used 12 values for the complexity parame-
ter {10-7, 1076, 107°, 1074, 1073, 102, 0.1, 1, 10,

102, 103, 10*}, and 10 different kernels. We used 2 ol 02 03 o4
polynomial kernels (of degree 2 and 3) and 8 radial forward train 7.127 0.240 3.088 2.498
kernels (gammg0.001, 0.005, 0.01, 0.1, 0.5, 1})2 forward prune | 1.356 0.152 1.256 0.859

backward train | 4.896 0.231 2.473 1.632
In the next step, we use the general greedy ensemble se-  j5ckward prung 4.821 0.145 1.287 0.911
lection algorithm after setting the parameters of directio

evaluation dataset and metric. For the direction parame-

ter we use two values, forward and backward. Evaluation Table 1. Average errors of each algorithm on
dataset can be instantiated to either the training or the-pru each dataset.

ing set. As for the metric, we use the performance metric
RMSE.

In order to integrate the estimates of the regressors we
use a simple linear combination function, which aggregates
the estimates. The final selected subensemble is that with
the lowest error on the evaluation set (using linear com-
bination). The resulting ensemble is evaluated on the test
set, using linear combination for model combination. The
whole experiment is performed 10 times for each dataset
and the results are averaged.

We define the size for each of the training, pruning and
test set tal0%, 40% and20% respectively. We choose equal
sizes for training and pruning sets in order to provide a fair  Table 2. Average size of pruned ensembles
comparison between the algorithms. for each algorithm on each dataset.

0l 02 03 o4
forward train 5 7 7 7

forwmardprune | 11 6 12 13
backwardtrain | 25 24 19 28
backward prung 21 16 32 28

6 Resultsand Discussion

Table 1 presents the average RMSE for each configu-
ration of the greedy ensemble selection algorithm on each
dataset. We notice that forward-prune is the best perform- s , , T e
ing configuration in three cases out of four. An interesting forvard-prune (tes0)
fact is that the two configurations that use the pruning set sl
for evaluation (forward-prune, backward-prune) have bet-
ter performance than the other two that use the training set.
This strongly indicates that using a separate dataset & ev
uation offers increased predictive accuracy to the greedy e
semble selection algorithm.

As far as the direction parameter is concerned, we can't
conclude whether one of the two values (forward, back-
ward) dominates the other. The backward direction exhibits ;|
better performance when the training set is used for evalua-
tion, while the forward direction appears to be better when o ‘ ‘ ‘ ‘
the pruning set is used for evaluation. ° % Mode o ol 10 200

Table 2 shows the average size of the final subensem-
bles that are selected by the different configurations of the  Figure 4. RMSE of forward-prune method, for
greedy ensemble selection algorithm on each dataset. A the dataset ol, with respect to the number
general remark is that the number of selected models is of regressors in the ensemble, for both the
small compared to the size of the original ensemble. Only  pruning and test set.

2.5% to16% of the 200 models are finally selected by the
algorithm. Interestingly, configurations that search ie th
forward direction tend to produce smaller ensembles than
those that search in the backward direction.
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Figure 5. RMSE of backward-prune method,
for the dataset 02, with respect to the number

of regressors in the ensemble, for both the
pruning and test set.
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Figure 6. RMSE of forward-prune method, for
the dataset 03, with respect to the number
of regressors in the ensemble, for both the
pruning and test set.
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Figure 7. RMSE of forward-prune method, for
the dataset 04, in respect with the number
of regressors in the ensemble, for both the
pruning and test set.

Next, we present figures depicting the error curve both
on the evaluation set and the test set during ensemble se-
lection. For simplicity, we present these curves for thet bes
performing configuration on each dataset. Figures 4, 5, 6
and 7 plot the RMSE against the different sizes of the en-
semble (1-200) for target variables 02, 03 and 04 respec-
tively. In all cases, the error decreases as the algorithm in
serts (removes) into (from) the subensemble the most jleast
accurate regressors. We notice that a single selectedsregre
sor has quite good performance, but the minimum RMSE is
achieved for a small number of models. Then we notice a
slow linear increase of the error from the minimum RMSE
point up to an ensemble with about 3/4 of all the models and
a steepest increase of the error up to the original ensemble
with all 200 models.

Note that the final subensemble that is selected by the al-
gorithm, is the one that corresponds to the minimum of the
pruning set error curve. In the figures we observe that this
minimum point corresponds to a near-optimal point in the
test set error curve. This shows that the greedy ensemble se-
lection algorithm manages to select an appropriate size for
the final subensemble, which allows it to achieve high gen-
eralization performance. Furthermore, as we have already
seen in Table 2 the number of models selected this way is
smaller than using a fixed size of 20% of the models, as
in [REF], leading to further reduction of the computational
cost of the final subensemble.



7 Conclusions and Future Work
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