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ABSTRACT

In this work a non-homogeneous Poisson model is considered to study the behaviour of

airport noise levels. The model is used to count the number of times that the noise level

exceeds a given threshold in a time interval of interest. The rate function of the Poisson

process is assumed to be of a Weibull type. Two threshold values are considered. One

of them make it evident the change of behaviour of the data. Hence, it requires the use

of a model with a change-point. The models considered here depend on some parameters

that need to be estimated. After the estimation of the parameters are made, a way of

obtaining the probability that the noise threshold is exceeded a certain number of times

in a given time interval is presented. Results related to the mean number of exceedances

of the threshold are also provided. Those results can be very useful in the study of the
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population’s exposure to noise produced by air traffic. The model is also useful to predict,

given the current behaviour of the data, the probability of occurrence of high levels of

noise in a near future. An application to the airport noise data from Nice International

Airport is given.

Keywords: Non-homogeneous Poisson models, Bayesian inference, airport noise, Markov

chain Monte Carlo algorithm

1 Introduction

Community noise pollution may cause serious health problems to individuals either living

or spending long hours in an environment affect by it (see, for instance, [1, 2, 3, 4, 5]).

Among the many hazardous effects of noise pollution we have hearing impairment, sleeping

disturbance ([2]) and adverse cardiovascular effects. The latter can occur after long-term

exposure to air and/or road traffic noise ([5]). Therefore, it is very important to be able

to predict the behaviour of these types of community noise.

There are several ways of measuring sound levels. In the case of continuous noise,

such as road traffic noise, the so-called energy average equivalent noise of the A-weighted

sound over a period of time T , indicated by LAeq,T , should be used (see [5]). However,

when there are particular events such as noise from aircraft or train transit, then the

maximum noise level, indicated by LAmax, should also be used together with the LAeq,T

(see [5]). Those types of measures are given as follows ([5]). The LAeq,T is given by

LAeq,T = 10 log

[
1

T

∫ T

0

p2A(t)

p20
dt

]
(1)

where p2A(t) and p20 represent the square of the A-weighted pressure at time t and the
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square of the reference pressure, respectively. The LAmax is the maximum value that

the A-weighted sound pressure level reaches during a given measurement period ([6]). In

the present work, data are taken on a time basis of 0.5 of a second and they have been

averaged using (1) with T corresponding to one hour.

The aim in the present work is to provide a way of analysing the behaviour of air traffic

noise. There are many questions that might be asked and, depending on their nature,

different methodologies may be used. For instance, in [7] several methodologies to assess

road traffic noise are reported from a statistical as well as a dynamical point of view. In

[8, 9], time series analysis is used to study road traffic noise level. In these works, the

aim was to describe the present and past behaviour of the observed data and with that

predict how they will behave in the future.

Herein, we are interested in knowing the probability that a noise level exceeds a given

threshold in a time interval of interest. Additionally, we are also interested in estimating

the mean number of times that a threshold is exceeded in a given time interval. In

order to answer these questions, a non-homogeneous Poisson model will be used. Even

though, this approach has already been used before ([10]) to study road traffic noise, in

the present case we have the additional difficulty that the data considered here change

behaviour during the observational period. Hence, in some cases, we have to allow the

presence of the so-called change-point. That change implies that some events might have

occurred affecting the measurements’ behaviour. Hence, we might have lower (higher)

levels of noise before a change-point and after that point in time we might have higher

(lower) levels. Therefore, once the change-point is identified, it would be possible to point

out the cause of the change in behaviour. If we have a good change, then it would be

desirable to try to induce the cause in other situations as to repeat the good effects. If

the change is a bad one, then actions should be taken in order to revert the bad effect
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and prevent it from happening in another scenario.

In [10] a non-homogeneous Poisson model with no change-points was applied to noise

proceeding mostly from cars. In that case, even though a non-homogeneous model was

considered, an approximately homogenous behaviour was detected. Here, we will see that

depending on the threshold considered, we might have either a homogeneous or a non-

homogeneous behaviour. Additionally, in some cases it will also be necessary to use a

model with the presence of a change-point.

Models with change-points have been used in several areas. In the case of environ-

mental applications we have for instance [11, 12] where the models are applied to air

pollution data, and [13] with applications to prediction of marine species abundance. A

couple of other related studies are [14] with applications to the epidemiological area and

[15] applying the models to problems in genetics, medicine and finance.

Since some parameters are present in the models, in order to obtain the results sought,

they need to be estimated. That will be performed using the classic statistics point of

view ([16, 17, 18]) as well as the Bayesian one ([19]). In the classical sense, estimation

will be made using the maximum likelihood approach. In the Bayesian sense, that will be

performed through a Markov chain Monte Carlo (MCMC) algorithm ([20]).

This work is presented as follows. In Section 2 the models with and without change-

points are described. Section 3 gives the statistical setting. In Section 4 we apply the

models to the data from the Nice-Côte d’Azur International Airport, France. Section 5

presents a discussion of the results obtained as well as some comments on future work. An

Appendix with the Matlab code of the function that is used in the maximum likelihood

procedure is presented before the list of references.
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2 Description of the mathematical model

Non-homogeneous Poisson models ([21, 22]) have been used to study problems in several

areas of application ([10, 22, 23, 24], among others). The model considered here may be

described as follows.

Let S ≥ 1 and L > 0 be natural and real numbers representing the amount of observed

data and the threshold of interest, respectively. We also consider a natural number K ≥ 0

indicating the number of times in [0, S] that the threshold L is surpassed by an observed

measurement. Indicate by N = {Nt : t ≥ 0} the stochastic process ([21]) such that Nt

registers the number of times that the noise level has exceeded the threshold L in the

time interval [0, t), t ≥ 0. Assume that N is a non-homogeneous Poisson model with rate

and mean functions λ(t) > 0 and m(t) =
∫ t
0
λ(s) ds, respectively, t ≥ 0; i.e., for t, s ≥ 0,

and k = 0, 1, 2, . . .,

P (Nt+s −Nt = k) =
[m(t+ s)−m(t)]k

k!
exp (−[m(t+ s)−m(t)]) . (2)

Let h1, h2, . . . , hK indicate the times (hours in the present case) at which the threshold

L was exceeded in the time interval [0, S]. Let D = {h1, h2, . . . , hK} denote the set of

those times. The set D is the set of observed data.

In the present case we assume that λ(t), t ≥ 0 is of the Weibull type; i.e., λ(t) =

(α/σ) (t/σ)α−1, giving the mean function m(t) = (t/σ)α, t ≥ 0, α, σ ∈ (0,∞) (see, for

instance, [25]).

Two versions of the model will be considered. In one version a model without change-

points is used. Whenever necessary, a second version with the presence of a change-point

τ ∈ (0,∞) is considered. When the presence of a change-point is assumed, we have that

the rate and mean functions need to be defined for times before and after the change-point.
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Hence, the rate function should be of the following form,

λ(t) =

 λ1(t), t ≤ τ

λ2(t), t > τ,

where λi(t) = (αi/σi) (t/σi)
αi−1, t ≥ 0, αi, σi ∈ (0,∞), i = 1, 2, and therefore, the mean

function is (see, for instance, [11])

m(t) =

 m1(t), t ≤ τ

m1(τ) +m2(t)−m2(τ), t > τ,

where mi(t) = (t/σi)
αi , i = 1, 2.

Therefore, when no change-points are allowed, the vector of parameters to be estimated

is θ = (α, σ) ∈ R2
+. If the presence of a change-point is considered, then the vector of

parameters is θ = (θ1,θ2, τ) ∈ R5
+, where θ1 = (α1, σ1) and θ2 = (α2, σ2) are the vectors

of parameters of the rate function when 0 ≤ t ≤ τ and τ < t ≤ T , respectively.

3 Statistical inference

In order to estimate the parameters present in the models, we will use both the classic

and the Bayesian statistics points of view. In the case of the classical approach, we will

use the maximum likelihood method. Using the Matlab software, in the case without

the presence of change-points, the estimation of the value that maximises the likelihood

function of the model is relatively easy. However, in some other cases (for instance, when

we allow the presence of a change-point) that may not be true. Therefore, we also use the

Bayesian point of view. Those two approaches have been used extensively in many areas

of applications such as air pollution data, as in [11, 12, 24, 26]; genetics, as in [27, 28];
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image recovery ([29]); neurosciences, as in [30]; crystallography, see [31]; evolutionary

biology, as in [32]; and phylogenetic analysis ([33]), among others.

When using the Bayesian approach, estimation of the parameters is performed through

a sample obtained from the respective posterior distribution. The posterior distribution

of a parameter θ, denoted by P (θ |D), is such that P (θ |D) ∝ L(D |θ)P (θ), where P (θ)

is the prior distributions of θ, L(D |θ) is the likelihood function of the model, and D the

set of observed data.

Since a Poisson model is assumed, we have that the likelihood function in the case of

no change-points, is given by (see, for example, [16, 17])

L(D |θ) =

[
K∏
i=1

λ(hi)

]
exp [−m(S)] ,

where λ(t) and m(t) are the rate and mean functions, respectively, t ≥ 0. When the

presence of a change-point is allowed we have (see, for instance, [11, 12, 24, 34]), that the

likelihood function takes the form,

L(D |θ) ∝

(
Nτ∏
i=1

λ1(hi)

)
e−m1(τ)

(
NS∏

i=Nτ+1

λ2(hi)

)
e−[m2(S)−m2(τ)],

where λj(t) and mj(t) are the corresponding rate and mean functions, j = 1, 2, t ≥ 0.

When using the Bayesian point of view, we will assume a prior independence of the

parameters. We also assume that the hyperparameters of the prior distributions are

known and they will be specified when applying the model to the data.

3.1 Model Selection

The selection of the model that best explains the behaviour of the data will be made using

a graphical comparison, the sum of the absolute differences (SAD) between the observed
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and estimated values of the accumulated means as well as using the coefficient of variation

(CV) of a sample. The sum of the absolute differences is defined as SAD =
∑

i |p(i)− p̂(i)|,

where p̂(i) is the estimated value of the observed p(i). Hence, in our case we have that

p(·) = m(·) and p̂(·) = m̂(·), where m̂(·) is the mean function when we use the respective

estimated parameters, and where m(·) is the observed mean. Therefore, in the present

case we have that

SAD =
K∑
i=1

|m(hi)− m̂(hi)| .

The coefficient of variation is defined by CV = σ′′/µ, where here, σ′′ is the standard

deviation of the sample {|m(hi)− m̂(hi)| : 1 = 1, 2, . . . , K}, and µ is its mean.

4 Application to the Nice airport data

Nice International Airport is located in Côte d’Azur, South of France. The location is

sought by a large number of individuals that want to spend their holidays in the region.

The data considered here correspond to measurements taken from 4:48pm of 21 December

2000 to 9:48pm of 01 January 2001; i.e., the period around Christmas and New Year’s

Eve holidays. That gives a total of 249 observed values. The data may be obtained from

the dBTrait software sample data base (used with permission). Figure 1 shows the plots

of the hourly measurements during the period considered.

The minimum and maximum measurements are 29.4 decibels (29.4dB) and 74.7dB,

respectively. The data considered have an average value of 55.1dB with a standard devi-

ation of 11.2dB. Two threshold values are taken into account. In a first instance, we take

L = 55dB. Later on, we use L = 60dB. During the observational period there were 157

and 98 hours in which the thresholds 55dB and 60dB were exceeded, respectively.
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Figure 1: Measurements at the Nice-Côte d’Azur International Airport, South of France.

4.1 Maximum likelihood estimation

In order to obtain the maximum likelihood estimator of the vector of parameters of the

non-homogeneous Poisson model, the software Matlab is used. In the Appendix we give

the code with the definition of the function to be optimised using the Matlab optimisation

tool. Due to the complexity of the maximisation procedure in the presence of change-

points, we use the maximum likelihood method only in the version of the model with no

change-points.

The search regions for the maximum value θ̂ = (α̂, σ̂) are the intervals [0.1, 2] for the

parameter α and [0.1, 100] for σ, for both thresholds. The search started at points 0.5

and 30, for α and σ, respectively. When the threshold 55dB is used, thirteen iterations

are needed to obtain the values of α and σ that maximise the likelihood function. They
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are α̂ = 0.999 and σ̂ = 1.574. In the case of the threshold 60dB, we have that after twelve

iterations those values are α̂ = 1.312 and σ̂ = 7.554.

Note that in the case of the threshold 55dB, the process N may be considered a

homogeneous Poisson process (α ≈ 1). Nevertheless, a non-homogeneous Poisson with an

increasing rate function (α > 1) is detected when the threshold is 60dB.

4.2 Bayesian estimation

In order to estimate the parameters using the Bayesian point of view, samples from their

respective posterior distributions are used. Since the posterior distributions involved do

not have a simple form, a Markov chain Monte Carlo algorithm is used. The one considered

here is the Gibbs sampling algorithm internally implemented in the OpenBugs software

(see, for instance, www.openbugs.net/w and [35]). The code used is a slight variation of

the one found in [11]. The version in R is given in [36].

4.2.1 No change-points

In a first instance, and for both threshold values, uniform prior distributions are assumed

for the parameters α and σ. Hence, for all threshold values, we take a uniform distribution

U(0.1, 2) for α and a U(0.1, 100) for σ. When the threshold 55dB is considered and more

informative prior distributions are used, we take a Normal distribution N(1.032, 157.468)

as prior distribution for α and a Gamma prior distribution Gamma(6.9054, 3.5358) for

σ. When taking into account the threshold 60dB the respective prior distributions were

N(1.351, 57,13) and Gamma(8.9584, 1.0367). (Here, Gamma(a, b) is the Gamma distri-

bution with mean a/b and variance a/b2.) In all cases estimation of the parameters was

made with a sample of size 22500 obtained from five chains after a burn-in period of 5000
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steps, taking every 10th generated value. In Table 1 we present the estimated quantities

of interest.

Mean SD 95% Credible Interval

55dB 60dB 55dB 60dB 55dB 60dB

α (uni) 0.897 1.35 0.277 0.131 (0.355, 1.187) (1.108, 1.617)

(non-uni) 1.024 1.34 0.6471 2.842 (0.9323, 1.116) (3.942, 14.91)

σ (uni) 1.555 8.64 1.032 0.077 (2.12E-04, 1.617) (1.192, 1.493)

(non-uni) 1.825 8.24 0.4178 1.647 (1.096, 2.728) (5.307, 11.71)

Table 1: Posterior means, standard deviations (indicated by SD), and the 95% credible

intervals for the estimated parameters α and σ when the Weibull rate function is used

and for both threshold considered. We use the notation “uni” and “non-uni” to indicate

the cases of uniform and non-uniform prior distributions, respectively.

Looking at Table 1, we may see that when the threshold 55dB is considered and the non

informative prior distributions are used, the Poisson model is such that the rate function

presents a decreasing behaviour (α < 1). However, when we use more informative prior

distributions, the Poisson model is approximately a homogeneous process (since α is close

to one). However, strictly speaking, the rate function is an increasing one, since the value

of α is larger than one, even though it is only slightly larger. When the threshold 60dB

is used, we have in both cases (non informative and informative prior distributions), an

increasing rate function. That means that as the time passes, exceedances of the threshold,

become more frequent.

In order to check the adequacy of the models considered here, Figure 2 shows the plots

of the observed and estimated accumulated means in the case of the thresholds 55db (top)

and 60dB (bottom).
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Figure 2: Observed (plain solid line) accumulated mean of the non-homogeneous Pois-

son model, and the corresponding estimated accumulated means using the maximum

likelihood function (N), using the Bayesian inference with non-informative (�), and in-

formative (•) prior distributions when no change-points are allowed. Plots on the top of

figure correspond to the case where the threshold 55dB is considered, and the plots on

the bottom correspond to the case where we use the threshold 60dB.

Looking at Figure 2, we may see that in the case of 55dB, even though the maximum

likelihood estimator produces an estimated accumulated mean function with behaviour

similar to the observed one, we have that the Bayesian model with informative prior dis-
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tributions also explains well the behaviour of the observed accumulated mean. However,

the values provided by the Bayesian method using non-informative prior distributions

give an estimated accumulated mean that is far away from the observed one. When the

threshold 60dB is considered, it is possible to see that all methods provide estimated

values producing an estimated accumulated mean that explains well the behaviour of the

observed one.

4.2.2 Presence of a change-point

It is possible to see, by looking at Figure 2, that when the threshold is 60dB, per-

haps a model with the presence of a change-point should be considered. Hence, in

this section we deal with that case. Based on the information obtained when using the

model with no change-points, we have chosen as prior distributions for the parameters, a

Gamma(64, 80) and a N(1.351, 57.13) for α1 and α2, respectively; and a Gamma(64,16)

and Gamma(8.9584, 1.0367) for σ1 and σ2, respectively. The change-point τ will have as

prior distribution a N(65, 0.03). A sample of size 22500, obtained from five chains after a

burn-in period of 5000 steps and taking every 10th generated value, was used to estimate

the parameters of interest. Their values are given in Table 2.

Looking at Table 2, we have that in the time interval (0, τ), the rate function has

a decreasing behaviour (α1 < 1). However, after τ , we have that a change occurs not

only in the value of the parameter α, but also on the behaviour of the rate function.

We can see that from that point in time on, the rate function becomes an increasing

function (α2 > 1). Hence, the model specifies that from about the 62nd measurement

(approximate value of the change-point), exceedances are more frequent.

In Figure 3, we have the observed and estimated accumulated means. Looking at

Figure 3, we may see that there is an almost perfect fit of the estimated accumulated
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Mean SD 95% Credible Interval

α1 0.722 0.073 (0.581, 0.867)

α2 1.338 0.087 (1.172, 1.512)

σ1 4.02 0.488 (3.121, 5.045)

σ2 7.718 1.858 (4.483, 11.74)

τ 62.44 2.554 (55.8, 66.11)

Table 2: Posterior means, standard deviations (indicated by SD), and 95% credible inter-

vals of the parameters α1, α2, σ1, σ2 and τ when the threshold 60dB is used.

mean to the observed one. Therefore, based on Figures 2 and 3, we have that the best

model to explain the data is the non-homogeneous model allowing the presence of a

change-point.

4.3 Other methods for model selection

In addition to the graphical comparison, we have obtained the SAD and CV values in all

cases considered here. Their values as well as the values of µ and σ” used to calculate

CV are given in Table 3.

If we consider the SAD as the method to select the best model, then looking at Table 3,

we may see that the chosen one is the version whose estimated parameters are obtained by

the Bayes estimation procedure with an informative prior distribution for both threshold

values. When we use the CV to select the best estimating method we have that in the

case of the threshold 55dB, the chosen model is the one whose parameters were estimated

using the Bayesian method with informative prior distributions. However, in the case of

the threshold 60dB, the chosen model is the one whose parameters are estimated using
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Figure 3: Observed (solid line) and estimated (dashed line) accumulated means of the

non-homogeneous Poisson process when the presence of a change-point is allowed.

the Bayesian framework and allowing the presence of a change-point.

Note that small values of CV indicate that, on average, the difference between es-

timated and observed mean functions is concentrated around its mean. In the case of

the threshold 60dB, we have that the model using the Bayesian method with informative

prior distribution and also the one allowing the presence of a change-point, produce simi-

lar values of CV with a slight advantage of the change-point formulation. Looking at the

values of µ and σ′′ in those same cases, we have that they are also similar with a slight

advantage to the version without the change-point. However, given the order of the mean

and the standard deviation, we may say that the version adjusting best to the observed

values is the one with a change-point. That can be corroborated by looking at Figures 2
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MaxLike BayesNonInfo BayesInfo BayesChPt

55dB SAD 670.07 6762.99 550.95 –

CV = µ/σ′′ 0.719 0.65 0.63 –

µ 2.69 27.16 2.21 –

σ′′ 1.934 17.67 1.4 –

60dB SAD 835.87 768.89 739.35 797.36

CV = µ/σ′′ 0.604 0.67 0.599 0.565

µ 3.36 3.09 2.97 3.2

σ′′ 2.03 2.07 1.78 1.81

Table 3: Values of the sum of the absolute values of the differences (SAD), of the coeffi-

cient of variation (CV), of the mean µ, and of the standard deviation σ′′ for all thresh-

olds and versions of the model considered here. We use “MaxLike”, “BayesNonInfo”,

“BayesInfo”, “BayesChPt” to indicate the cases where we use the maximum likelihood

method, the Bayesian method with non-informative and informative prior distributions,

and the Bayesian method with the presence of a change-point, respectively. The symbol

“-” is used to indicate that the corresponding version of the model was not used.

and 3. When we consider the threshold 55dB, it is clear the advantage of the model with

parameter estimated using the Bayesian method with informative prior distribution.

5 Discussion

In this work, we have used a non-homogeneous Poisson model to study the behaviour of

noise level data. The main question to be answered was related to the average number
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of times that a given threshold was exceeded by a sound measurement. The model was

applied to the noise level data obtained at Nice-Côte d’Azur International Airport, located

in the South of France.

Two threshold values were considered. They are, L = 55dB and L = 60dB. When

taking into account the threshold 60dB, the presence of a change-point was detected and

therefore also allowed in the model.

We have that the graphical comparison, between the observed and estimate accumu-

lated means, says that in the case of L = 55dB, the model that best fits the data is the

Bayesian model assuming informative prior distributions for the parameters. In the case

of L = 60dB, the best fit is given by the model with a possible change-point and using

informative prior distributions.

The results show that when the threshold 55dB is taken into account, the process N

behaves as an approximately homogeneous Poisson process with rate λ(t) = λ ≈ (1/σ) =

(1/1.825) ≈ 0.55. Therefore, if we want to calculate the probability that during a time

interval [t, t+ s), t, s,≥ 0, we have k (k = 0, 1, . . .) hours in which the noise level exceeds

55dB, we just have to use the following simplified version of (2)

P (Ns = k) =
(λ s)k

k!
e−λ s, s ≥ 0.

Therefore, if we want to know the probability of having four exceedances of the threshold

55dB in a time interval of 10 hours, then we calculate

P (N10 = 4) =
(0.55× 10)4

4!
e−0.55×10 ≈ 0.16.

When the threshold considered is 60dB and we take into account the model with a

change-point, we have a non homogeneous model with an increasing rate function after

the 62nd measurement. If we want to know if in the next 24 hours following the end of
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the observational period, we have 10 measurements with levels exceeding 60dB, we just

need to use (2) with the appropriate values of s and t and the corresponding estimated

values of α and σ. Note that in this case we have t = 249. We also have (see Table 3)

that the estimated values of α and σ are α̂ = 1.338 and σ̂ = 7.718. Hence, we have that

(1/σ̂) ≈ 0.13. Therefore, substituting the corresponding values in (2) we have that

P (N249+s −N249 = k) =
[(0.13× (249 + s))1.338 − (0.13× 249)1.338]k

k!

exp
(
−
[
0.13× (249 + s))1.338 − (0.13× 249)1.338

])
. (3)

Hence, taking s = 24, the probability sought is P (N273−N249 = 10) ≈ 0.071. Whereas, if

we take k = 4 then we have that P (N273 −N249 = 4) ≈ 0.0016. Suppose that we want to

know the probability that four exceedances of the threshold 60dB will occur in the next

10 hours after the observational period has ended. Then, when we need to take s = 10

and k = 4 in (3). Hence, we have that P (N259 −N249 = 4) ≈ 0.148. In the same manner

we may calculate the probability for other values of k and s.

Note that the value of the change-point τ ≈ 62 corresponds to the time around 5:48am

of the 24 December 2000. Since on the morning of Christmas Day the air traffic is bound

to increase, the averaged noise levels tend to be higher around that time. This leads to

a larger number of exceedances of the threshold of interest. Hence, the model with a

change-point reflects well the behaviour of the data. The other versions of the model do

not capture this change in behaviour, though.

In an attempt to improve the results obtained here, we have decided to use a hybrid

method. Using the change-point estimated via the Bayesian point of view, we have applied

the maximum likelihood estimation method separately for each subset of the observed

data; i.e., those prior and those located after the change-point. The estimated values of

α1, α2, σ1, and σ2, produce an even better model approximation to the observed data.

18



Those estimated values are, respectively, 0.4, 1.02, 0.5, and 2.21, and the SAD and CV

values are, respectively, 398.68 and 0.74, with µ = 1.6 and σ′′ = 11.8.

Using the information provided by the maximum likelihood estimated values of α1,

α2, σ1, and σ2, we consider very informative prior distributions for those parameters

and apply the Bayesian estimation method again. The prior distributions of the change-

point τ is as before. In the case of the other parameters, we consider the following prior

distributions: Gamma(16, 40), Gamma(26, 25, Gamma(25, 50), and Gamma(122, 55),

for α1, α2, σ1, and σ2, respectively. The estimated value of τ was again about 62. In the

case of the other parameters, we have that the estimated values of α1, α2, σ1, and σ2 are

0.39, 1.02, 0.5, and 2.23, respectively. Those estimated values produce a estimated mean

function that gives SAD and CV values of, respectively, 411.16 and 0.78 with µ = 1.65

and σ′′ = 1.29. Therefore, comparing these results with those of Table 3, we have that

the hybrid estimation of the parameters, in the case of the presence of a change-point,

would be the one with the smallest SAD and CV. Note that, in this case, we have a

non-homogeneous (with a decreasing rate function) model for the first part of the data

(before the change-point), and a homogeneous Poisson model for the second part of the

data (after the change-point). The drawback of this method, though, is that the interval

where the prior distributions have larger values is an extremely narrow one. Figure 4

shows the graphical fit of the estimated accumulated mean to the observed one.
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Figure 4: Observed (solid line) and estimated (dashed line) accumulated means of the non-

homogeneous Poisson model with a change-point using very informative prior distributions

obtained when the hybrid method is considered.
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Appendix

In the section we present the Matlab code for the likelihood function to be maximised

when we consider the non-homogeneous Poisson model without the presence of change-

points. We show only the case where the threshold is 55dB. The variable S is the number

of hours in which the measurements were taken, K is the number of hours, among the

S, that have values exceeding 55dB, and M is
∑K

i=1 log(hi), with hi, i = 1, 2, . . . , K, the

hours where the threshold was exceeded.

Matlab Code

function f = cinq(x)

S = 249;

K = 157;

M = 709;

f = -((K*log(x(1)))-(K*x(1)*log(x(2)))+((x(1)-1)*M) -((S/x(2))^x(1)));
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