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Abstract - In this paper we propose a new methodology
in a multiple time series

for Cost-Benefit analysis
prediction problem. The proposed model is evaluated

real world application based on a network of wissde
sensors distributed in energy production planta iregion.

These sensors generate multiple
representing energy production. To build the pradic
model for total energy production in the region theve
used three common forecasting techniques, Supgatby

Machines (SVMs), Multilayer Perceptron (MLP), and

Multiple Regression (MR). For training and testinfjthe
models we have used the data from year 2002 to.20@4
analyzed the quality of total energy prediction hwit
different subsets of sensors. We build our cosefiten
model for the prediction process as a functionesfs®rs in
a distributed network and estimated the optimum bmm
of sensors that will balance the expenses of thiesywith
the prediction accuracy.

Keywords: time series, prediction, distributed sensors, co

benefit analysis.

1 Introduction

You may have been intensely creative in generatin

solutions to a problem, and rigorous in your sébecof the
best one available. This solution may still not werth
implementing, as you may invest a lot of time ara@hay in
solving a problem that is not worthy of this effor
Cost/Benefit Analysis is a relatively simple andiely used
technique for deciding whether to make a changeHfdgfit
and costs drive the utility of every corporate diEgi. As
corporate decision making, from strategic to openat
planning, is based upon future realizations of dkeision
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Recent research and klate
publications show that cost sensitive analysisoisdeeper
analyzed, modeled, and applied to prediction proble
Conversely, data mining methods for regression tand
series analysis generally disregard economic ytgihd
%pply simple accuracy measures [2]. Only some #tea

classification problems.

approaches exist for specific data mining techrsgsech
as neural networks and support vector machines.

In this research we propose a new approach and
develop a methodology to apply the cost benefityaisato
real world prediction problem. Our application regiction
of energy production. Data for our research iseméd
from a patented distributed wireless sensor netwairk
energy plants. In this paper, we have proposed @dehfor
cost-benefit analysis in a multiple time seriesdpréon
problem. We have identified three distinct areathefcost
function and analyzed the behavior in each regiéa.have
experimentally found out the threshold values
S?orresponding to these regions. Prediction modeiotsHl

energy production is built using SVMs, MLP and MR
techniques. Results are compared and analyzed. alle h
discussed how this methodology can be utilizedinmlagr
(&istributed systems.

Following a brief introduction to related work in
section 2, Section 3 introduces multiple time <erie

¢ prediction problem and its formalization for predia of

energy production based on daily sensor data. \Werte
our recent research efforts in introducing costsime
analysis for this real world prediction applicationSection
4. Conclusions are given in Section 5.

parameters [2]. The real trick to doing a cost fiene 2 Related Work

analysis well, is making sure you include all tlusts and
all the benefits and properly quantify them.

In recent years data mining community has attempted
incorporating cost benefit analysis into classtima

Cost-benefit analysis has already attracted mugbroblems, where the “Cost” could be interpreted as
attention from the machine learning and data miningisclassification cost, training cost, test costpthers [5].
communities [3]. As it is stated in the Technolegic Among all different types of costs, the misclassifion
Roadmap of the MLnetll project (European Network ofcost is the most popular one. In general, misdiaation
Excellence in Machine Learning) the inclusion o$tsointo  ¢ost is described by a cost matri€, with C(i,j)
learning and classification is one of the mostva topics

of future machine learning research [4]. indicating the cost of predicting that an exampiéohgs to

classi when in fact it belongs to clasg[6]. Hollmen et al.,
In the literature of cost sensitive analysis fatad and Elkan introduce a cost model that incorporakes
mining applications, most emphasis is given tosPecific properties of objects to be classifiedstéad of a



fixed misclassification cost matrix, they utilize rmore

general matrix of cost functions. These functiopsrate on
the data to be classified and are re-calculate@dch data
point separately [7], [8].

Most of the existing cost sensitive classifiersumse
that datasets are either noise free or noise imldt@sets is
less significant. However, real-world data is neperfect
and suffer from noise that may impact models crb&tam

3 Prediction of Total Energy

Production

This paper presents our research results in analysis of
distributed energy production in a region, and development
of prediction model based on data collected from multiple
distributed sensors related to specific power plants. These
energy plants operate through out the year continuously.
Each plant keeps record of real-time power production and

data. Zhu and Wu have addressed the problem o$ cldansmission flows for facilities, current plant output and

noise, which means the errors introduced in thesdiabels.

real time changes and variations in flow, power plant usage,

They have studied the noise impacts on cost semsitiStart-ups, and supply availability. These data are taken at
learning and proposed a cost guided noise handlirfPecific time intervals and they vary from a fraction of a

approach for effective learning [6]. The class itabae
problem has been recognized as a crucial problem
machine learning and data mining. Such a problem
encountered in a large number of domains, andnitlead
to poor performance of the learning method [9hd$ been
indicated that cost-sensitive learning is a gooldtsm to
the class imbalance problem and Zhou and Liu hadiesi
methods that address the class imbalance problpiredp
to cost-sensitive neural networks [3].

second to a day. The sampling frequency depends on the
twpe of data that are collected at the energy plant.
is

The data for our analysis comprises, readings of
sensors at 200 distributed energy plants, and the cumulative
variable that correspond to the total energy production of
those 200 energy plants. The data set that we are using is
collected daily and we use a repository of three years from
year 2002 to year 2004. It has 365 data for each plant in
years 2002, 2003 and 366 data records for each plant in

Simi|ar|y, for predictive data mining probiems of year 2004. These historic data can be used to build and

regression and time series analysis the costsgrisom
invalid point prediction, costs of underpredictioersus
overprediction, etc are also analyzed in the liteea Crone
et al. have analyzed the efficiency of a linearmasgtric
cost function in inventory management decisioraning a
multilayer perceptron to find a cost efficient dtdevel for
a set of seasonal time series directly from tha 2t A

improve analytical models used for short and long term
energy production forecasting. They are currently used by
energy trading and marketing firms and federal regulatory
agencies including Homeland Security.

Prediction systems have to obtain these data sets at a
cost. Getting data from more energy plants to make

similar work has been proposed by Christoffersed anPrediction means increase in expenses. Our goal is to
Diebold by introducing a new technique for solvingPredict the total energy production with reduced number of

prediction problems under asymmetric loss
piecewise-linear approximations to the loss funcfito].

usingensors, where we can compromise between the expenses

for collecting data and the quality of prediction accuracy.
Based on the analysis of different multiple time series

Wang and Stockton have investigated how th@rediction techniques we have selected SVM, MLP and

constraints imposed by changing export market afiee

identification of “cost estimating relationships”nda

investigated their relative benefits and limitagan terms

of their effects on the overall cost model develeptn
process. A neural network architecture has beed asd a

series of experiments have been undertaken totsatec
appropriate network [11].

Cost estimation generally involves predicting labo 3.1

material, utilities or other costs over time givansmall
subset of factual data on “cost drivers.” Alice baamined

MR as the best candidates for our study in building cost
sensitive prediction model [13, 14, 15]. Our approach
shows that it is possible to estimate the total energy
production using reduced number of sensor stations. The
modeling results and general approach may be used in other
systems to determine the required number of sensors to be
used for data collection.

Data Collection and Preprocessing
The data for analysis is collected daily for the years
from year 2002 to year 2004. Most of the machine learning

the use of regression and MLP models in terms Gkchniques including MLP and SVM require that all data
performance, stability and ease of use to buildt cosets to be normalized. We use MATLAB to normalize data

estimating relationships. The results show that Migve
performed well when dealing with data which thexditile
prior knowledge about the cost estimating relatijmgo
select for regression modeling. However regressiodels
have shown significant improvements in terms ofuaacy
in cases where an appropriate cost estimating itmcian
be identified [12].

between -1, +1 for 200 energy plants. In the raw data set
there are some entries with O values. They correspond to
days in which a sensor does not record a value for a given
day. In our problem all those 0 values are taken as actually
recorded values after verifying with the authorities [16].



We have used year 2002 and year 2003 data as d
training data set and year 2004 data as testing data. Main os P,
goals of our research are a) To estimate and compare the :
quality of different prediction methodologies, and b) To 05
estimate optimum number of sensors, which will give the
best results balancing expenses of the system. We used )
three prediction methodologies: MLP, SVMs, and MR. (a) Using MLP with 40 input sensors, r = 0.84
Accuracy of each model is estimated, by computing the T
correlation coefficient, between actual values and predicted =
values in the testing data set. Prediction accuracy is I ‘ Wﬁﬁ wa
dependent on the amount of sensors we use, i.e. number of - m}*éﬁ*ﬁa T
energy plant inputs we use in the prediction. To verify this Y B
we have built training and testing data sets by varying the . | e
number of sensors from which the data are collected. In our PS'”Q MLP with 70 input sensors, r = 0.93
study we considered data from 10, 20, 30, 40, 70, 1@, 13 e
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3.2 Experimental Results | e P S
In MLP, SVM, and MR a selected number of sensors predited ot

data (time series) are used in prediction. We have 200 () Using MLP with 100 input sensors, r = 0.95
sensors as data sources, and there are various ways of
selecting the subset. Selection of a subset of sensors (in our
case 10, 20, 30, 40 ...etc.) will cause combinatorial
explosion. We made one heuristic approximation in thigroblems [14]. The kernel paramet€rswhich is the upper
step to eliminate computational complexity. Each of 20Gound between error and margin, agflbandwidth, play
sensor time series is compared with the total energyh important role in the performance of SVMs. Tay a
production by computing the correlation factor. We wanted¢ao shows that an appropriate range @iis between 10-
to estimate how much each of sensor measurements 4 and fora?is between 1-100 [13]. They also suggested

correlated to the output. Then, we sorted sensors basedAl: 1o small value forC caused underfitting of the

the correlation factor, and selected subset is a portion of t?r%ining data and large value @ may over-fit the training
ranked sensors.

data set. It is further said that a small valuedbfvould

We used a feed forward neural network with backover-fit the data and large value of may under-fit the
propagation learning using only one hidden layer. Th&aining data set [15]. Our SVM model was testethwi
algorithm was implemented in MATLAB ver6.5. different combinations of these parameters and doout
Experiments showed that equal number of input and hiddénat use of value€ =100,and ¢” =10give best prediction
nodes give the best results in prediction. Inputs to theerformances.
network are the data columns corresponding to sensors’
recordings at each plant throughout the year and the single Standard facilities of matrix algebra in MATLABear
output represents predicted value for the energy productiased for MR analysis. The Fig. 2 shows the vanatiof

in the region. We have experimented the MLP model witquality of prediction results obtained with MLP, By and
different combinations of the parameters and determin--

that the values 0.001 for accuracy parameter and 0.04
learning rate with Tangent-Sigmoid activation function giv
the best prediction results. Fig. 1. shows the results -

Fig. 1. Prediction using MLP with 40, 70, and
100 sensors

prediction using the MLP with 40, 70, and 100 sensotis wi T
the correlation coefficients (r) 0.84, 0.93, and 0.9 osst
respectively. )

A toolbox called LIBSVM (A Library for Support T
Vector Machines) was used for SVM methodology [17 S
We have used non linear SVM, because many studies st :

that the polynomial kerneK (x, y) =(x* y+1)" and the
Gaussian radial basis function,
K(xy)= exp(- 1ld® (% y)2) perform well in prediction

i i i i i i i L
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Number of Input sensors

Fig. 2. Graphical Interpretation of Accuracy vauih
sensors for three techniq



MR for different number of input time series. Costmay also include a risk factors that would compnsa

techniques an'tpcrease of prices, depreciation etc. For thesesorea it

Detailed comparison of these
P should be determined very carefully by experts hie t

discussion about optimal number of sensors foreokfit q X
models are given in our previous article. The hgpsts 40Main:

that optimal number of sensors should be the tmifle Table 1. variation of prediction error
between accuracy of prediction and costs of theitmdmg
system is the initiating point of the current resed16]. Polynomial Square error
Linear 0.0300
4 Cost Benefit Analysis in Multiple Pslxlmomi'c}l lstehqodnd zrder 006%%%9
. . L olynomial third order .
Time Series Prediction Poly):mmial fourth order 0.0007

Should we collect data from all plants? If not wha
would be the optimum number of plants to use for
prediction? What are economic benefits from thelist®n Accuracy of prediction is a nonlinear functiontbé
system? These questions are essential part insimaliya number of sensors [16]. Table 1 shows the expetmhen
solution for our prediction system based on distéld results for models approximated with different paignials
sensors system which monitors energy productiomogt ~ With corresponding error of approximation for MLR/e
benefit analysis for multiple time series prediotiove are Selected the polynomial model with relative smaibeand
developing and applying in this research, will gdeame of at the same time enough simple. We experimentally
the answers. confirmed that polynomial function of third orderakes a

good approximation of the prediction non-linearity

There are several costs involved in building our _ * * .
prediction system. They can be of two types: figedt and y(n) = ata nta o+ 4 A 2)
variable cost. In an optimization problem, fixedstonly ~Where:
shifts the cost curve into a higher or lower levéd, we -a,a,,a and gare constants and they should be
only considered variable cost in our analysis. ildng  determined experimentally for a selected predictigstem,
and maintaining the sensor system, these expensgs
correspond to hardware installation and maintenatata -Nis the number of sensors.
collection, data processing and data analysis. éhes

expenses would include, “Benefits” in a prediction system, may be defirex
1) C,: Cost of purchasing proper equipments for daténegative cost” in the total cost function [5], bese
collection, data processing and data analysis. benefits are turnovers to a system. We assumewiitiat

2) C,: Cost of instaling sensor stations which ardnereasing quality of prediction, the user of tiystem will

) ) o ~ Tinancially benefit and make more profit.
located in geographically distributed area. Thidl wi Benefits: "Cost* of the prediction brocess mav be
include hiring of skilled technicians, travelingc.e : b P P y

3) C,,: Cost of maintaining the system. MaintenancéPProximated analytically with a function proponi to
e - _ the prediction functioy(n),
includes both regular and periodic maintenancef suc
as replacements of necessary equipment. Cost, =- C* D 3)

4) C,: Cost of communication equipments, computergnere:

and software for transmission of data from sensoes
central computer, including the cost of laying ths
wired or wireless network and its own maintenancérom better prediction for 1%, and it is determinby
costs. experts in the domain. The negative sign shows ttiat

We can approximate the total cos€dst” as a linear benefits represent a negative cost function. Thel tmost
C is a sum of costs and benefits,

-C,is a constant which includes financial benefits

function of number of sensors:

Cost=G*r 1) C = Cost + Cost (4)
. or substituting components,
where:
-Nis the number of sensors and C(n)=C*n G ¥n (5)
-C, = _4 C, is a constant which include all expenses! Ne goal is to minimize functio©(n) with respect ton.
1=1 Minimization of cost function will result in a marum of
discussed above. profit of the prediction system. Determining thenimium

of cost functiorC , will specify corresponding number of



sensors N, and also corresponding/(n) - prediction 5 minimum of these functions for differe values using
accuracy of a system for a given architecture. experimental results.

Obviously, that minimum of the function depends the _
tantsC, andC.. Wh th t functi 4.2.1 Large Benefits
oA AN en e rearrange fhe cost function Fig. 3. gives a plot for cost functidd for very small

C, to the form value of C =0.000lbased on our experimental results.

C Three graphs represent the three applied prediction
C=C*(*n ¥n (6) - : -
2 C, methodologies. Small means that the value @, is very

, , high, relative to the value o, i.e. the users estimate that
we may assume thaC,is a scaling factor and only the _ L _ ) .
the benefit of prediction accuracy is very high aitgl

quotient %:c'wiu influence the minimum of a cost overweight any cost C for sensor installation and

. 2 ) . maintenance. As it is expected, the cost functiGns
funcno_n C Therefore, we c_on&_der_ in-our furthercontinuously decreasing function, where its minimisn
formalizations, analysis and minimization, that tbest ,in maximum number of sensors(in our case 200). That

functionisinaformC=C*n- y 1. means, we accept all expenses for installationllofG0
sensors and there is no prediction system. Outguter
4.1 Cost Benefit Model just calculated as a sum of all sensors valuesn Hvthe

We experimentally determined parameters isensors are expensive, it is not a sufficient measo
analytical formulae y(n) for the MLP (y,,,), SVMs influence the cost function which is minimum forxraum

n
(Ysuy) and MR (y,,,) methodologies. We can find the

analytical relationship between the accuracy and th
number of inputs for each of the techniques appglyn
curve fitting procedure and assuming that the foncis a
polynomial third order. The approximated equatifitssthe
graphs of Fig. 2.

Y, = 0597 + 000815h - 0000088F + 140 (7)
Y,,,= 0548 + 00031 - 00000eAf + 1270/ (8)

Y.= 0719 + 000673n - 0oo0odof + 090 A (9) _ .
Fig. 3. Graph forc =0.0001

The derived cost functio€ = C * n- ¥ n , for each data

mining technique is obtained by substituting cqueesling, 4-2-2  Large Costs o
experimentally determinedy(n) : Fig. 4. shows the variation of total cost as a fiamc

of a number of input sensors f&@ =0.01. It gives its
minimum value with minimum number of input plantese

C., =(C*m (0.59% 0.00815n 0.000058% 1.4+10 1 (10)  to 0. If the installation of sensors determined@yis very

For Neural Network

For Support Vector Machines costly, and benefits (profit) determined @yis relatively
C.=(C*n (0.548 0.00831h 0.000054m 1.2+0 n (11) low, the function will be continuously increasinghe

For Multiple Regression

C.=(C*n (0719 0.00573n 0.000040% 09*10 # (12)

These three functions represent our cost-benefitetscfor
prediction. Each model is based on two input patarse

C -ratio of cost constants, amt- number of sensors.

4.2  Interpretation of Experimental Results
We can analyze how the actual cost function chenge

with values of constart,/C, orC , and we will try to find Fig. 4. Graph foc = 0.01



solution may found at extremely small number ofsees
(close to 0), Again, we do not need prediction eyst
because the expenses are so high, that the systewt i
economically feasible.

4.2.3 Costs and Benefits are Balanced
The most interesting case is when the relation &etw

constantsC and C,is such that the functiol© is neither

continuously increasing nor decreasing. The minimafm
the cost function C occurs between minimum and

cost can be found at minimum number of sensorsllin a
three techniques. Accuracy at this situation is itat
minimum values. In both previous cases we do netire
prediction system. The interesting situation is mhe

0.0003< C < 0.00¢t. The cost function clearly defines a
minimum value for the number of sensors at a positle
the domain.

maximum of N. We believe that it is the common case in

real world applications. Minimum value for totalstoC,

will determine necessary number of sensors to obtai

maximum benefits from the prediction system. Bazethe
number of sensors we can estimate the qualityediption
for the recommended configuration.

Fig. 5 Graph fc c =0001

Fig. 5 is plotted forC =0.00land shows the case where
the minimum of cost functionC, occurs between the
minimum and the maximum number of plants. As exgubct

(a) Variation of total cost with the number of serssand C

MR model shows the minimum cost where the required (P) Variation of accuracy with optimum number ofisers

number of input sensors is around 80 @r= 0.001. Both

MLP and SVM show a minimum at around 100 input

sensors for thisC value. WhenC = 0.00Iminimum costs
are -0.86, -0.87, and -0.89 for SVM, MLP and MR
(negative sign in costs means that the system peodu
benefits). Fig. 6(a) shows the variation the tatast with

Fig. 6: Variation of total cost with the number s#nsor:
and the C

Accuracy and the number of sensors used depend on
prediction technique. If the estimated value of eloes
not lie in the interval0.0003< C < 0.00¢ it is not worth

the different values ofC, and the number of sensors. Intrying prediction because the cost function coresis to

addition, Fig 6(b) shows the accuracy of predictirthe
optimum number of sensors for each case.

one of the extreme cases. This is a good engiredasign
heuristics, obtained from cost benefit analysigjdtermine

whether prediction analysis is economically feasiok our

As we discussed so far, it is clear that the valusystem.

C plays a major role in selecting the minimum valoethe

cost function. In gener& will determine, if it is useful to
build the prediction system or not.
experimental results, we can see that the behafidhe

cost function defines three regions. Wigerc 0.002, cost
function decreases continuously. Regardless of
prediction technique minimum cost is found at agémt
value of input sensors with a quality of predictismat its

Based on the

e

5 Conclusions

In this paper we describe a new methodology fer th
cost-benefit analysis in multiple time series peédn. It is
applied in a real world distributed sensors netw&#nsors
generate time series data representing energy giodwon

ch energy plant. For establishing the prediatiodel we
use three common prediction techniques SVM, MLRI an
MR. Training and testing data were available foarge

optimum. WhenC > 0.006, cost function behaves as an2002 to 2004 on 200 energy plants. Our results stay

asymptotically increasing function, where the minim

MR technique gives the best prediction model coingao



SVM and MLP. We built the cost-benefit model foreth
prediction process as a function of a number o$@enin a

distributed network and the ratig,/C, = C where, C and

C, are determined by the experts in the domain. Baseal

model we estimated the optimum number of sensoi®as
balancing the expenses of the distributed sensstersy
with accuracy of 0.92. Cost functions are develofad
each technique and analyzed the behavior for diffter

values of C. We showed that forC <0.002 and
C >0.006 our cost function saturates in extremes wher

prediction process is not economically feasibleer€fore
we experimentally found the threshold
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