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Abstract

A geostatistical solution is presented to assess the acoustic impact of a quarry plant
near Rome by drawing acoustic maps all around the selected site. The method
utilised to determine the sound pressure level in the area of interest is the Intrinsic
Random Function (IRF) Kriging with external drift. This technique allows the
value of a regionalized variable to be estimated at a point in which it is unknown
through the use of two sets of data. The first one is obtained by carrying out
phonometric samples at various points near the site, while the second one is from
a deterministic model of sound propagation defined in accordance with norms in
force.

In order to test the quality of the estimates and especially the contribution of
the external drift, acoustic maps on a local scale are drawn up both with and
without drift. The quality of the results obtained is tested by means of cross
validation.

The experimental results demonstrate that, providing it is strongly correlated to
the first, the introduction of this secondary information, in a stochastic framework
of reference, contributes to a more efficient representation of the spatial variability
of sound propagation, and thus to an improvement in the quality of the correlated
estimate. In the case study analysed here the introduction of drift permits a
reduction of estimate variance, for the same number of available measurements.
Again from the cross validation data and estimate variance it was observed that
the use of external drift allows loss of information (e.g. due to a reduction in the
monitored network) to be compensated for without invalidating the quality of
the estimate itself.

Keywords: noise assessment, environmental impact, IRF Kriging with external
drift, quarries.
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1 Introduction

The evaluation of the acoustic impact on the environment constitutes an important
step towards examining the environmental compatibility of the extraction site with
the surrounding area, both during the plant planning phase and during the urban
planning of the neighbouring areas. In this regard the EU directive and the relative
Italian legislation (Italian Decree 14/11/1997) require a preliminary evaluation of
the acoustic impact during the planning stage of the site and periodical checks
thereafter to ensure that the established standards are upheld throughout
the construction of the site as well as during the operation and development of the
plant. Obviously this approach has the effect to safeguard also the acoustic climate
into the quarry itself so representing an important aspect regarding health and
safety management for those involved in quarry operations [1]. There have been
numerous studies which have examined the problem both with regard to the
planning stage, with various different approaches [2—4], and with regard to
evaluation during plant operation. One common approach, also applied to other
physical agents in quarry environment, [5], consists in monitoring the parameters
in the field and successively modelling the phenomenon of propagation by means
of algorithms suggested by the standard and refined to suit the specific case in
question. Thus the standard ISO 9613-2, constitutes a starting point for later
refinements and adjustments. This standard proposes a source model which relies
upon a detailed characterisation of the active sound sources, as well as on later
measurements in order to quantify the attenuating factors due to acoustic
dispersion and absorption, [6]. As a result of the numerous active sources on site
of quarrying and stonework machinery, the monitoring campaigns to determine
the nature of the phenomenon may become onerous in terms of quantity and time,
[7]. This is especially true with regard to sites in which ornamental stone is
extracted (the category to which the tuff in our case study belongs) where there
are also many mobile sources due to which the propagation model must undergo
a considerable degree of further elaboration, [8].

In this article the phenomenon of sound propagation is interpreted in a
stochastic context. The sound pressure level is thus considered as a regionalized
variable and its spatial distribution is generated by a stochastic process [9]. The
technique utilised here, which is widely used in environmental science, is that of
Kriging with external drift introduced by the Matheron group in some application
studies [9, 10], until more recent applications [11, 12]. This technique allows the
value of a regionalized variable to be estimated at a point in which it is unknown
through the use of both its monitored data and data from an auxiliary variable,
correlated to the primary and known throughout the dominion. Recent studies,
applied in various fields of environmental science, have demonstrated that the use
of this auxiliary variable improves the quality of the estimate, [13, 14]. The
objective of this article is to demonstrate, with the aid of a case study, that
the sound monitoring network of an area adjoining an industrial site, may be
considerably reduced without causing a reduction in the quality of the estimate of
the acoustic climate, provided that an auxiliary variable is introduced which is
correlated to the principle variable and is able to integrate the information loss.
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2 Materials and methods

The work was organised as follows. The first step constitutes a measurement
campaign conducted using 30 receptors located in the area adjacent to the
extraction site. Each measurement lasted 30 minutes in order to guarantee that they
were representative of typical conditions so that any events that may disturb the
measurements might be determined (e.g. traffic or other manmade noise from
nearby sources). Subsequently, using the source model derived from ISO 9613
described in detail below, and the machinery manufacturers’ noise output
specifications, as well as geomorphological information about the site, an
evaluation of the noise impact on the environment was carried out.

The evaluation considers a square-shaped area, with sides measuring 310
metres, in which the quarry plant is located at its centre. This domain area is
divided into a regular grid with 700 nodes spaced at intervals of 12 metres. Then,
by means of a code, the Intrinsic Kriging with external drift estimation system is
implemented, in which the primary variable consists of a set of sound pressure
level values obtained through monitoring, whilst the secondary variable is another
set of sound pressure level values which this time, however, are calculated from
the source model. In order to guarantee maximum simplicity in the development
of the model, the entire plant is modelled starting from the contribution of the
sources present whose combined effect at a given point of the domain is calculated
as the sum of the sound energy from the sources which are simultaneously active
on site. The estimate is carried out in the 700 nodes of the grid defined above and,
for a more immediate visual representation, the isobels are plotted providing an
acoustic map of the dominion. In order to validate the results, four distinct
scenarios are proposed which vary according to the number of measurements
utilised and whether or not external drifting is used as auxiliary information.
Initially acoustic maps are obtained using only half of the data available from the
monitoring network (i.e. only 15 measurements) with or without drift.
Subsequently, the same comparison is made using all 30 of the available data.
Each scenario is verified experimentally by means of validation, cross validation,
or both.

2.1 Field study and data sampling

The area analysed is located to the north of Rome, near the Municipality of Riano,
which is an important industrial area in Lazio where Tuff is extracted.

The final product consists standard sized blocks for use in the building trade.
The mineral deposit is divided into various areas and the rock is divided and is
extracted by means of vertical cutting using the stone cutter followed by the block
removing machine which cuts horizontally as well as crosswise, separating the
blocks and allowing them to be removed from the deposit.

The monitoring network permitted the sampling of the Equivalent Continuous
Sound Pressure Level (Leq) across the 30 nodes of an irregular grid all around the
area shown in figure 1 below. Each location was observed for a period of thirty
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minutes. The aim of each survey was that of characterizing the acoustic climate
due to quarry plant operations and therefore any noise from other sources was
filtered out

Figure 1:  The selected area.

In each of the 30 receptors selected in the domain, the La,cq, Te €xpressed in
(dB(A)) is given by

1 T ()2
Lpeqre = 10logyo - " P22 de (1)

where T, represents the observation time equal to 30 minutes; po the sound pressure
level reference value equal to 20 pPa; pa(t) the sound pressure level, weighted
according to curve A, due to the active sources during the observation interval
(Pa).

2.2 Estimation method: Intrinsic Kriging with external drift

According to a probabilistic approach to modelling the physical mechanism of
sound propagation, the n observations z(x) are interpreted as a realization of a
random function Z(x) at location x. In this framework Intrinsic Kriging with
external drift is the method used to estimate the Sound Pressure Level (SPL) in the
selected area. This approach allows the estimate of a random primary variable Z(x)
known only at a small set of points in the domain while taking into account not
only the n available data of the primary variable itself, but also considering another
variable s(x) exhaustively known in the same domain. As variable s(x) should be
strongly correlated with the primary variable Z(x), the former may be used to
provide additional information regarding the spatial structure of the latter.

Considering a linear estimator we may obtain the value of the variable as a
linear combination of N data values

Z(xo) = X1’ 4 2(x;) @

WIT Transactions on Modelling and Simulation, Vol 59, © 2015 WIT Press
www.witpress.com, ISSN 1743-355X (on-line)



Computational Methods and Experimental Measurements XVII 459

in which A; coefficients are to be determined, together with p; Lagrange
multipliers, as results of the following Kriging system:

Zg Ag K(xa - xﬁ) + X () + Xipi s(x) = K(xq — %) 3)
whatever «a is

X528 £ (x) = £ (x0) (4)

Zg A s(xp) = s(x,) (5)

The three equations are respectively imposed to ensure an unbiased estimation
for primary variable and secondary one, (4) (5), while eqn. (3) is the optimization
condition that implies the minimization of estimation variance.

In particular, dealing with a non-stationary phenomenon the conditional
expectation of the primary variable may be expressed as a deterministic trend
function:

E[Z(x)] = m(x) (6)
It varies smoothly at local scale and it is expressed as:
E[z(x)] = Elo af' () ()

where the f! functions are all the monomials of degree <k (degree of the drift)
and the a;’s are unknown coefficients. The total number of monomials, denoted L
+ 1, is equal to (K+1)(K+2)/2 in R2.

In many cases the spatial variable exhibits a trend that is not always simple or
easy to interpret and, in such cases, the theory of intrinsic random functions of
order k (IRF-k) has proven to be an efficient methodology.

The basic idea by Matheron [15], is that, instead of working with the
experimental data, one works with combinations of the experimental data that
filter out any drift in the same way that finite differences filter a trend in time series
analysis. Such linear combinations are called Allowable Linear Combinations
(ALC) or generalized increments of order k when they filter out a drift up to order
k. From an applied point of view the most interesting aspect of IRF-k theory is
that the generalized covariance of order k characterizes an IRF-k in the same sense
that a covariance function characterizes a stationary random function.

Thus dealing with non-stationary cases, means the K(h) function may not be
defined for a given h distance by taking pairs of sampled points. Under these
conditions, the generalized covariance is determined as the result of an automatic
fitting process in which the Generalized Covariance (GC) is expressed as a given
a priori model whose coefficients are chosen according to the Minimum Norm
Quadratic Unbiased Estimation (MINQUE) method, [16].

In particular the Generalized Covariance is expressed as:

K(R) = Co + L=o(=1)™ gy [RIP + EE o1 (= 1) by [RI*™ log h (8)

in which the three parameters Cy, o1, b2 are not negative and assessed using
the minimum norm quadratic unbiased estimation method.
For the purpose, some calculus computer code is developed and run.
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In practice once a K order is assigned, the program allows one to define the set
of coefficients minimizing the norm of the matrix system, thus providing unbiased
estimate.

The only notable specification refers to the variable itself: since the estimation
method is based on a linear interpolation of values as shown in eqn. (2), the whole
procedure is developed considering the regionalized variable as sound pressure
(p) and only once the estimation is carried out, the conversion from sound
pressure to its corresponding level is carried out.

2.3 The outdoor sound propagation model

The secondary variable covering the full domain on a regular grid was identified
in Sound Pressure then converted into its corresponding level (SPL), from a
deterministic propagation model.

The proposed model calculates the sound pressure level at the receptors,
starting from the noise output data of the active sources, whilst considering the
dispersion and reflection effects of the signal in the propagation phase. From
standard ISO 9613-2 (1996) Attenuation of Sound During Propagation Outdoors,
1t 1s:

Lsaf=Lwa+D +Ky—Ds—A 9

where: Lg 4 ¢ is the predicted sound pressure level for the single frequency f'and at
a certain distance from the sound source expressed in dB(A); D; is the directivity
index of the source (dB(A)); Lw.a is the sound power level of the source given by
the machine manufactures (dB(A)); Ko is the shape factor relative to the emission
characteristics of the machine (dB(A)); D is the geometric divergence term
expressed in dB(A) and depending on distance from source to the receptor.

The term A represents the set of factors which contribute to the absorption of
sound energy (dB(A)).

In the case study presented here, the entire plant is modelled starting from the
contribution of the four sources present whose combined effect at a given point of
the domain is calculated as the sum of the sound energy from the sources which
are simultaneously active on site. So the sound level at a given point outside the
plant is:

Lpar =10 log(Z} 10°1 trai) (10)

where: Lp 4 is the sound pressure level at a given point (dB(A)); N represents the
number of active sources; Lp, represents the sound pressure level at a given point
generated by the i-th source obtained starting from eqn. (9) and expressed in
(dB(A)).

3 Data and results
Table 1 below indicates the machinery considered in the case study with the

relative noise emission specifications. These levels along with the data relative to
the attenuation of the signal constitute the input data of the model.
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Table 1: Model, type and sound power level for each modeled sound source.

Machine Type Model Lw (dB(A))
Vertical cutter (liner) Pavoni CV 300 118.0
Block remover Pavoni CV 180 119.0
Dumper Volvo A25C 112.0
Wheel loader Volvo L70D 106.0

The forecast is shown in figure 2 by means of a SPL map showing the isobels.
This is constructed from the data obtained from a regular grid with nodes spaced
12 m apart in a square-shaped domain with sides of about 300 m long.
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Figure 2: ISO 9613 SPL map indicating the isobels of the areca and the
associated scatterplot.

For quick reference, on the right of the same figure 2, a scatterplot is given
between the equivalent sound pressure level values found at the points sampled
(abscissa) and the corresponding values obtained from the model (ordinate) both
expressed in dB(A).

In order to employ the estimate using IRF Kriging, an ad hoc algorithm was
utilised which could calculate the estimate from a grid of defined points, starting
from the available dataset. A further option of external drift allowed auxiliary
information to be taken into consideration.

To implement the estimate two scenarios were considered: the first with 15
survey measurements, chosen at random from among the 30 measurements
available; and the second which utilised all 30 measurements. Each input dataset
was then considered both with and without external drift. Each result is indicated
with its relative SPL map in the selected square shaped area with side measuring
310 meters, showing the isobels in dB(A). The quality of the result obtained is
tested by means of validation and represented by scatterplots between the
equivalent sound pressure level values found at the points sampled (abscissa) and
the corresponding values obtained from IRF Kriging System (ordinate) both
expressed in dB(A) as shown in figures 4 and 6.
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Figure 3: ~ SPL maps in the domain (15 samples input without external drift on
the left and with drift on the right).
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Figure 4:  Scatterplot sampled values vs estimated (15 samples input without
drift) expressed in dB(A).
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Figure 5:  SPL maps (30 samples input without external drift on the left and with
drift on the right).
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Figure 6:  Scatterplot sampled values vs estimated (30 samples input without

drift).

In the following table 2 parameters of each scenario are shown.

Table 2: Generalized covariance parameters for each case.

sanfples (]fli;t K order Co bo b1
15 No 1 2.17 107 - -
15 Yes 1 8.90 106 - 1.4 1012
30 No 1 1.21 107 - 1.08 10710
30 Yes 1 - 2.07 107 -

Lastly, with reference to the data estimated for each of the 4 scenarios, table 3

indicates the values obtained from the linear correlation R, from the mean error,
and from the mean squared error. The bottom row shows the same parameters
according with the ISO model.

Table 3: Quantitative analysis for each scenario.
# samples External drift R levf'iil): Sql:/t[.e:ior
15 No 0.13 -0.15 3.13
15 Yes 0.44 -0.23 2.11
30 No 0.41 -0.10 1.81
30 Yes 0.76 -0.04 1.26
ISO Mod 0.73 1.54 1.95
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4 Discussion and conclusion

The comparison of the acoustic maps allows a number of considerations to be
made. Firstly, it should be noticed that in the case study of Intrinsic Kriging
without drift, especially for a subset with a limited number of measurements, the
application returns an estimate with low variability on a small scale in which
the generalised covariance constitutes the only nugget effect. This, however,
prevents local effects from being perceived. The introduction of drift, on the other
hand, represents an improvement in this regard. It is possible to appreciate the
single contributions of the two components which are combined to produce to
the final estimate; on the one hand the data derived from the sample and the
auxiliary information from the model on the other hand. The way in which
the external drift contributes to the estimate may be seen in figures 3 and 5. In both
cases in fact a trend is seen which recalls the variability structure of the
phenomenon and is the result to the integration of the auxiliary information
provided by the model with the sampled data. For a comparison one should note
the map in figure 2 which shows the acoustic climate obtained by means of the use
of the ISO model. Moreover, the model utilised in the case study, as may be
observed in the same figure 2 (right side) is characterised by a generalised
underestimation of the sound pressure values. This is because it was calculated
from the noise emission specifications provided by the machinery manufacturers
and without carrying out any phonometric measurements in the field. Such an
omission, however, does not affect the quality of the estimate as the calibration of
the variable being studied is guaranteed by the information provided by the
sampling, which also allows some small scale fluctuations due to local effects to
be perceived. By and large, it is possible to affirm that, all inputs being equal, the
introduction of external drift contributes to an improvement in the quality of
the estimate, and may be observed both from the synthetic indicators in table 3 and
from the relative scatterplots in figures 4 and 6. As evidence of this, it may be
noted in table 3 that the correlation index increases with the reduction of mean
error and estimate variation. In this regard, the greater density of the points along
the diagonal in scatterplot with drift (figures 4 and 6 on the right) goes to
qualitatively confirm this tendency. A further point for consideration is a
comparison of the data relative to the estimate using 15 measurements and drift,
with respect to those using all 30 measurements without the auxiliary help of the
model (see table 3 rows 2 and 3). The data show that a drastic reduction in
the number of sampling measurements in the input (in this case equal to 50%
of the total) is not translated into a drastic reduction in the quality of the estimate,
which on the contrary, according to the correlation factor and the general
information given in table 3, remains more or less unchanged.
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