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Abstract- - Soft sensors, based on Elman NNs, have been dedketogprovide virtual measurements at
different locations on the monument surface usmgnput source only the measurements acquired by
an Air Ambient Monitor Station located nearby. Slation of measurements by trained NN is a useful
computational tool to monitor the physical or cheahiconditions of the composing materials in a not
invasive way, but their accuracy has to be higharedyzed from a metrological and statistical poiht
view. Two different mathematical and computatiotwalls can be adopted to improve the accuracy of
the virtual measurements: a wavelet preprocesditignes series data and the mixture of soft sensors
to fuse several input sources

. Introduction

Neural networks are able to model ambient parametad air pollution with more advantages over
general statistical methods, due to their abiliby recover not linear behaviors of air dynamic
phenomenon [1]. Due to their properties, such asitfllity, they have been used to develop soft
sensors, to be used instead of real sensors, tm@gturements in complex experimental conditions or
particular locations in an innovative way.

This paradigm was firstly adopted in an applicatiancultural heritage to realize a non-invasive
monitoring the physical or chemical conditions ddterials composing a monument [2, 3]. Monitoring
is a long-term process, which obliges to maint&ivesal real sensors on the monument surface for a
long time to periodically repeat the sample campsigt high costs and reducing the enjoyment of the
monument itself.

The paper describes two different strategies usedotimprove the accuracy of these virtual
measurements as applied to the case study of R@tmeater in Aosta City. They are base on different
mathematical and computational tools: a wavelebdgmsition when times series data are available;
the mixture-of-experts when several input sourgesaaailable for train neural networks (NN). The
first tool refers to combining wavelet and NN meuisan to better recover low frequencies
characterizing the physical signals: it can be wsken data are acquired uniformly for long timethbo

in train and test phase. The wavelet approach kas lused by the authors in predicting data of
physical parameters related to the surface of aument [5].

The second tool, the mixture technique, allows gfésg multi-sensor systems, which are interesting
either when the measurement accuracy provided &ipgle soft sensor is not sufficient or when the
information required depend on more than a sipgieameter. This tool can be used in the cases of
having several sources of input data.

In section Il the recursive soft sensors are deedras applied in constructing a modular systenthier
ambient parameters monitoring; the procedure tmatd their performances from a metrological point
of view is also briefly described. In section lhetwavelet preprocessing is described as applittueto
environmental time series. In section IV the toattore-of-experts is described to fuse input datenf

two Air Ambient Monitor Station (AAMS). The perforances of the soft sensors, developed according
to all these different strategies, are finally gmal in section V and compared by means of a two-
phase procedure [4].

[l. Soft sensorsfor monitoring environmental variables

The modular system of soft sensors [2], developgatedict ambient parameter values (air temperature
Ta, contact temperatufEc and humidity,H) in four locations on the monument surface, cagsis 12
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soft sensors of Elman type. Here the monument hadghysical/chemical parameters, characterizing
the atmosphere, are considered to be a uniquensy&te environmental rich database (available in
Aosta) was used as input to the system, contamiegsurementd g, H) acquired hourly by an AAMS
located at the ground level nearby the monument em@hsurementsré, Tc, H) acquired hourly by
four real sensors placed on four point on the & pBome data may be missing in these database.

We have adopted the recursive EIman NN for desggaimd training the soft sensors, since we showed
that it enables to provide best performances inpaison with others commonly used [3].

Let's consider the soft sensor that learns thetioslebetweenair temperatureat a certain the time
(hour), andcontact temperatuten a specific point of the monument (say 3 pbet in the West face

of the pilar): this association mapping is multlues, since to an input value temperatlieemay
correspond several values of the output temperatcBebeing acquired in different hours of several
days for a long observation period (several mgnths

Afterwards, in the working time the soft sensor e able to predict th&cs(t), to a novel air
temperature input from the AAMS, saft). Let’s define the soft sensor of Elman type and lnem3,

in the following compact notation:

S;(t) = f(a).t,¢(a(t -1)); W) 1)

where f(.) represents the specific trained Elman neural ndgtwibat approximates the physical
phenomenonW; the vector of all the inner model parameters, sashtthe number of neurons, the
weight matrices and biases, the ambient temperaftirés measured at timeby the AAMS, ¥ gives
the output of the hidden layer to get the recurs®vork behavior.

In [4] a statistical procedure to analyze and \mkdthe response of the soft sensors also from a
metrological point of view has been defined. Thianplex validation procedure is based on the
substitution error, since it considers the softsseras a virtual instrument, which must be substitu
hard sensor in measuring with good accuracy fog logriods.

This procedure firstly computes specific estimatsimilar to the ones used to give specificatioines
real instrument (data sheet); then performs thalaabn by comparison of the substitution errors, i
order to assure the obtained gain in the rangetefest. The substitution error for the soft sergat
timet;is defined as:

Es () = () —r(t) 2

wherer(t) is the measurement acquired by an hard sensarlatation on the monument for the
train/test periodj=1,... N (called target). Our statistical procedure chandm¢s the behavior @, in
the observed range of each ambient variable. Isettglivide the range of an observed variabl€ in
subintervald,, ¢ = 1,...,C of equal length; consequently the test set ofobptes §;, r;) is subdivided

in C subintervals and for eat¢hthe substitution error& ¢ are computed. The overall standard deviation

of the substitution errorgs, is also computed for the test set. Our procedatiglates the soft sensor
performances in the whole range of interest, bylyapgy statistical estimators tBs and to the two

sequences of typlég, either by considering the input space subdivithe@; = 24 subintervals (each-
one equal to 1 hour), or the temperature spacesdbd inC; = 45 (each one equal to CJ.

I11. Wavelet preprocessing

The multi-resolution analysis allowed getting a gdmeatment of signals with very rapid variation in
time, as the ones regarding the temperature sigredsed in our case study. The idea of combining
wavelet and the NN mechanism has been proposeeMeyad authors, to model non-linear data, mainly
in two different approaches: wavelet used as theames activation function; in a preprocessing fghas
for the extraction of features from the time serleda. The second approach was followed in the
monitoring application [6], where times series dateere available both for the train and for the tes
period. In this respect we call time-series thexdeted in this preprocessing and they must be utitho
missing values since in the wavelet decomposititation and translation operations must follow the
regular grid structure.

Input signal, saw(t), is represented as a linear combination of trénslaand dilations of a mother
wavelet. Computationally, the discrete version afwavelet transform is used, where the frequency
space is sampled by using power of 2. DWT is imgeted using low-pass and high-pass filters to
compute the coefficients (approximation and detadsfficients) and it can be iteratively applied to
low-pass components for higher levels of waveletodeposition. Fig. 1 displays the wavelet
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procedures for the first level of decompositioropygled to the NN mechanism, either in the train
phase to estimate the NN weights, or in the workihgse, to simulate prediction at a novel input.

In the train phase DWT is applied to transformsuingata series and known output data series (the
target). In the working phase, data prediction dath post processing is performed by IDWT. It must
be underlined that this preprocessing at a levetefomposition greater than 1 has a very high
computational cost. In fact, for each environmeatameter a specific NN must be designed and
trained both for the low components and for thehikigmponents (training sets are of 9@, if N ,a
power of 2, is the size of the input times ser&)ording to the following procedure:

= input the low coefficientsa(f), r(Ll)) to the NN to compute the weightl¥, ; analogous

computation folW ﬂ)

The DWT operations for decomposition level 1 are:
= apply DWT to both data seriesandr to get two filtered sequences of low-pass comptnen
and two of high-pass components, ifet ;
= apply DWT to the low components, going ahead alihegusual wavelet tree that has length
l;

= train several NNsi=1,...,1, each NN havinga(ﬁ') , rfi_,)) as input and target couples of high

components with halved length at ea¢h level, to estimate the NN weighté G);

= train only one NN having as input couples of lownpmnents obtained at the last lelel to
compute the NN corresponding weights.

In the working phase, the DWT is applied only tmeaw input data series of given length. In the
wavelet reconstruction step, IDWT fuses all themmputed predictions at the appropriate scale levels
to finally output simulated values of the targeanqtity r.

As regard the choice of the wavelet basis, we demnsd that usually environmental signals have low
regularity. The correction of their time drift cdne achieved at low computational costs by wavelet
bases with compact support and with low regulaoitgler. The comparison of the performances of
different wavelet bases having small size suppbdwed [5] that Daubechies bases of order 2 (at
decomposition level 1) gave the best standard .ekbrhigher decomposition levels convergence
problem arose for the downsampling operations. V@rame this problem the not-decimated wavelet
transform could also be used instead. However, rtiéthod, jointly used with the recursive Elman
mechanism, heavily increases the computational obgshe training phase, for two reasons: the
number of items in each filtered sequence maintdiassame valudl at everyi, the number of NNs
that must be trained increases rapidly with i.

IV. Multiple sources sensorsand Mixture-of-experts

The design of suitable multi-source soft sensdsaal improving the prediction performances when
several input sources are available as in our siasly where two AAMS, placed not too far from the
monument, are working. Indeed, we can realizesl#éta fusion at different levels and in differentyga
according to the information also of probabiligiipe that can be known.

Averaging repeated measurements, as it is knowahles to reduce the uncertainty of a measured
value when each measurement can be consideredredtdqndependently of others and in the same
environment conditions. Differently when a soft senis used as an “instrument”, being of
deterministic type, it provides infinite precisiomasurements: by repeating the operation in the sam
conditions it always output the same value. Tha iok“averaging” here must be applied differently.
We average simulated outputs, if the outputs ataidd by using different virtual instruments but
having homogeneous variances (in the sense thahealsoft instruments must pertain to the same
class). In this metrological framework, we are asig that we use several soft sensors for measurin
the same quantity in reproducibility conditions.

Being available two input sources of the same qtesit say AAMS and AAMS,, we construct two
soft sensors to measure the same ambient paraatetegiven location by using again the Elman
network technology and output two measures foistirae parameter at the same time. These simulated
measures are linear independent because obtainedtdynear recursive mechanism realized using
different train set. Thus we can average these twiput values to improving the accuracy in
measurement.
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Fig. 1. (Left) The connectionist system topologyhwhe wavelet decomposition (completely displayed
only for air temperature parameter): twelve sefisors of Elman type are used to simulede Tc and
humidity H in four locations, with and post wavelet processifigight) The mixture of two local
experts whose input sources are two AAMS, witlating) NN.

Besides this natural strategy in building multi+s®u soft sensors by averaging, the concept of
“mixture-of-experts” neural network can be also gtgd in the general framework of data fusion.

The “mixture” paradigm [6] allows reducing the cdexty of a problem by decomposing the input
space (the learning tasks) and the variance obdiygut by combining multiple sensor predictionsin
probabilistic way. Some experts and a gating netvedraracterize a system developed according to
this architecture. Each expert, or specialist netwis a neural network and all the experts recéiee
same inputs and have the same number of outputgatieg network can reduce the fitting errors,
since it is also a neural network that gives trebpbilities of selecting each expert. The bendfths
approach is evident when the learning structure lbanwell identified, for example using prior
knowledge or clustering methods.

In [8] the use of the mixture-of-experts was pragbdo achieve a complex mapping function by
specialized neurons, since the learning tasks leeady divided: the two AAMSs give obviously
separate and different inputs, being AAM®laced fourth meters far from the monument, AAMS
some hundreds of meters far. Moreover the assoniatapping is multi-values for each soft sensor.
Fig.1 (Right) shows a soft sensor with two expeotse gating network and one selector. The two
Elman neural NNs are to be independently trainetitasted using different train and test sets.

By the use of the two test sets we obtain two eremtorsEs(t) andEsAt;) (one for each Elman NN).
These two vectors are useful to build the output pithe train set for the gating network. In fase
train the gating network using as input th#h survey obtained from both the two AAMSs and as
output a couple of values that represent the nazegkonditional probabilitp;; andp,;:

p, = p(vy 11,.1,)
1i p(Yli||1i:|2i)+p(Y2i||li’|2i)
p(YZi |I1i’|2i)

P, =
2 p(Yli|Ili'|2i)+p(Y2i||1i’|2i)

We can use as;; andp,;, 1/ Esy(t) and 1/Esft;) respectively. Thus, we realize the gating netwbek
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gives two values of conditional probability. Thetseo values represent, substantially, the accuracy
with which the two experts have supplied the reisusimilar input condition during the train phase.

The selector acts as a multiple input, single auspachastic switch; the probability that the sWitill
select the output from an expert is linked to tteedonditional probability returned by the gating
network. The results of these two strategies tdt Inoilti-source sensors, here outlined as averaging
and mixture-of-experts, will be compared from distigal and metrological point of view in the next
section.

V. Resaults

Mean standard deviations of the substitution errors during the day

OBz 1

Elrran

Std Error

Hour 0-23

Fig. 2. Plots of the standard deviations of thesstition error (as subdivided for hour) for air
temperature: simple Elamn soft sensor (green lini; wavelet preprocessing Db2 at level 1 (blue
line); Db2 at level 2 (red line).

Table 1. Overall standard deviation errors for teedir ambient parameters: P and Q are single input

soft sensors with different input Statigk(Q,P) is the multi-sensor obtained by averagingQ,P)

is the mixture-of-experts (performance for eactapaater the best standard value in each row is given
in bold).

Q P | Aep | Men
Tal | 0.7075| 0.6209 0.6233 0.6012
Ta2 | 0.6529| 0.6050 0.591P 0.5701
Ta3 | 0.6529| 0.5984 0.5920 0.5810
Tad | 0.7046| 0.6369 0.628P 0.6025
Tcl | 1.8813| 1.8607 1.808B 1.6920
Tc2 | 0.6859| 0.6639 0.636f 0.6102
Tc3 | 0.6651| 0.5934 0.579p 0.5601
Tcd | 2.6363| 2.6409 2.617P 2.2451
H1 | 4.6086| 4.0235 4.012p 3.8921
H2 | 3.9134| 3.6341 3.5820 3.4932
H3 | 4.1744| 3.9343 3.807P 3.8002
H4 | 5.8507| 4.207§ 4.4568 4.1982

We discuss the accuracy improvements that have &da@eved following the previous two strategies,
in case study of monitoring the environmental pat@ms around the Roman Theater. Comparison
results for each strategy are performed analyzifigrdnces with the ones by soft sensors based only
on the EIman mechanism, with 1 inner layer andaatstelay, 30 neurons. Indeed, this model has been
shown correct in [3, 4] in constructing an impliphysical model, substantially without bias andhe
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same range (temperature, time).

For the wavelet strategy, we showed [5] that treljgtion accuracy can be improved of 12.5%, but
with high computational costs expecially for thair phase.

For the mixture strategy we have performed an expsrtal setup with the same train set of size
1800 (missing data for some hours are possible)rate of training fifty EIman NNs and taking the
ones that provide similar behavior and standardiatiem of substitution error in the range
[0.806,0.830].

Table 1 gives the numerical results for the twedwveironmental parameters, as simulated by two
single input soft sensors and the double inputsafsors of mixture typ& represents the Elman soft
sensor given by using as input AAMSP the one given by AAMS A r) the soft sensor given by the
averaging strategy to design a mixture of two etgpdd  p) the mixture soft sensor with the gating
network. The columns contain the standard deviatimfrthe substitution error given by the two single
soft sensor® andP and by the multiple-source ssnsordAgpr), M(gp).

It can be observed that the concept of mixturee Kég,r) results) unables to realize the fusion of two
different soft sensors and of different type, amatain a new sensor having the best performances
every cases (for each ambient parameter betteltgesa reported in bold).

In Fig. 2 the results of wavelet preprocessing@gishe Daubechies bases are analyzed during the day
(24 hours). The plots of mean value of the sultstituerrors in timeEZ, related to the trained soft

sensors with wavelet preprocessing Db2 at leveblde(line), with Db2 at level 2 (red line ) and
without (green line). The mean standard deviatiéms air temperature are computed having
subdivided the 1800 substitution errors in 24 sigvirals (1 hour length).

VI. Conclusions

Different strategies for error variance reductiomieasuring via soft sensors have been proposed: an
averaging procedure that can be use when only rqnét isource is available; the mixture-of-experts
and the direct data fusion with a gating NN, wheput from different sources are available. Both the
strategies have been validated as applied in dturaliheritage study-case.

Every type of implemented soft sensors implemerterl EIman recursive mechanism,. Each soft
sensor was trained on a rich test set and testedsonilar dataset.

The two types of multi-source soft sensor, desigoechake the fusion of two different input sources,
ware statistically analyzed and their performarmesbetter than those of single source soft sensor
However the mixture soft sensors, taking advantagea stochastic switch, predicted values with the
most accurate standard error for every ambientnpater. The mixture paradigm can be adopted for
combining soft sensors of different types and ffedent way, according to the available knowledge o
probabilities to be associated to each expert.
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