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ABSTRACT
Simulating the population dynamics of a stage-structured population requires the knowledge of development,
mortality and fecundity rate functions characterizing the species. In general, development and fecundity
can satisfactorily be estimated starting from literature data. Unfortunately, this is often not the case for
the mortality function due to the lack of experimental data. To overcome this problem, we estimate the
mortality rate function from field data on the abundance of the species. The mortality is expressed as a
linear combination of cubic splines and the estimation method allows to determine its coefficients taking
into account the observations measurement error. Moreover, the variability in the estimate is quantified using
the confidence bands for both mortality and dynamics. The presented method allows obtaining a more flexible
shape for the mortality rate functions compared with previous methods applied to the same pest. The method
has been applied to the case of Lobesia botrana, the main pest in the European vineyards, with abundance data
collected for five consecutive years in an experimental field in the North of Italy. Data collected over three
years are used to estimate the mortality and to analyse the variability in the estimate and its effects on the
population dynamics, while the other two datasets are used to validate the model simulating the dynamics
using the estimated mortality.

1. Introduction
Population dynamics models play an important role in pest control.
Predictive information of the temporal dynamics of a pest population
can help decision-makers in the choice of the best strategy in terms
of the application of phytosanitary treatments. This is a fundamental
task in light of the Directive 2009/128/EC on the sustainable use of
pesticides in Europe.
To realistically describe the population dynamics of a pest, it is
necessary to take into account climatic factors, phenology of the plant
and, in general, physical–biological characteristics of the environment
in the site of interest. All these factors affect the biology of the species,
mathematically described by biodemographic functions, namely development, mortality and reproduction rate functions. The dynamics
of the species can be represented by mechanistic models that allow
describing the physiological response of the species to environmental
driving variables. These models are known as physiologically-based
models (Gutierrez, 1996) and describe the species life history through
the biodemographic functions. Each individual of the population is
characterized by a physiological age which is a biometric descriptor

of its development. Physiologically-based models allow representing a
non-linear relationship between environmental drivers and physiological processes describing the population dynamics, capture processes
at different trophic levels, and supply predictions on pest population
dynamics taking into account biological and ecological variability.
Especially when combined with weather forecasts, they can be used to
predict the population dynamics, phenology and distribution of a pest.
Model outputs can guide farmers in the rational use of pesticides. For
these reasons and, in particular, for the ability to provide information
on the dynamics and the phenology of a species, they are important
tools to support Integrated Pest Management (Gutierrez et al., 2012;
Gutierrez and Wilson, 1989; Sporleder et al., 2009).
Physiologically-based models can be used to predict both the cumulated emergence of individuals in the different stages (phenological
models) and the population abundance over time (demographic models). Phenological models can be applied starting from a fixed initial
condition considering development rate functions only, but also mortality and fecundity rate functions can be introduced. Effects of mortality
and fecundity rate functions in phenological models are discussed
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population abundance. Different weights can be considered for the
various stages of the population and/or for the various generations.
Here, differently from Wood (2001), we modify the functional to be
minimized to take into account the measurement error typical of field
observations. The new objective is to minimize the sum of the weighted
‘‘distance’’ between the simulated abundance and the observations
range of variability. Furthermore, also the variability in the mortality
estimates has been taken into account and leads to variability in the
population dynamics, both quantified through confidence bands. Since
the estimator of the parameter vector is a random variable, confidence
bands are obtained by drawing a certain number of values for the
parameter vector from its distribution.

in Pasquali et al. (2019). Physiologically-based demographic models
(PBDMs) allow predicting population abundance over time, taking into
account the environmental variables influencing the dynamics of a
species. These mechanistic models have been used for a long time (see
for instance De Wit and Goudriaan (1974), Gutierrez et al. (1975),
McDonald et al. (1989) and Wang et al. (1977)).
The life-cycle of an insect is characterized by several immature
stages and one adult reproductive stage. Each developmental stage
responds in different ways with respect to biotic and abiotic driver.
Most of the pests are dangerous for the crop only in a particular phase
of their lifecycle. Then, it is often useful to consider the population
organized in stages, through the so-called stage-structured population
models (Cushing, 1998; Iannelli, 1994; Iannelli and Milner, 2010). Each
stage is characterized by development and mortality rate functions,
while the adult stage is defined also through a reproductive function.
PBDMs have been widely used in the last years to describe pest
population dynamics for stage-structured populations (Ainseba et al.,
2011; Blum et al., 2018; Ewing et al., 2016; Gilioli et al., 2016, 2017,
2014; Marini et al., 2016; Metz and Diekmann, 1986; Pasquali et al.,
2020; Rossini et al., 2020). Here we consider a physiologically-based
demographic model for a stage-structured population described by a
system of partial differential equations which is a particular case of
a more general stage-structured population model presented in Buffoni and Pasquali (2007). The output of the model is the abundance
of the population in each stage in time and physiological age, defined as the percentage of development within a stage. It is based on
stage-specific biodemographic functions dependent on environmental
variables, mainly temperature. A reliable estimate of the biodemographic functions allows obtaining a reliable model for population
dynamics.
In general, these rate functions are estimated starting from literature
data on the biology of the species (for instance, temperature-dependent
duration within a stage for the development function, number of eggs
produced by an adult female at different temperatures for the fecundity
function). Starting from these data, a simple least square method allows
estimating the parameters of a biodemographic function of a given
functional form. Unfortunately, data for the estimation of the mortality
functions are often lacking in the literature. In this case, different
methods of estimation can be applied (see for instance Wood and Nisbet
(2013) for a survey of mortality estimation methods). When laboratory
data on the mortality rate are not available, the mortality estimate can
rely on the knowledge of time series data on population dynamics. Different methods to estimate mortality starting from population dynamics
time series data have been proposed in the last years. Ellner et al.
(2002) proposed a non-parametric regression model, Picart and Ainseba
(2011) solved the problem using a numerical analysis based on a QuasiNewton method, in Gilioli et al. (2016) a method based on least squares
was presented, while in Lanzarone et al. (2017) a Bayesian estimation
method was described. In the last two approaches, a functional form
for the mortality is required and the estimate concerns only parameters
appearing in these functions. In particular, the authors introduced
mortality composed of two terms: an intrinsic temperature-dependent
(abiotic) mortality depending on the development rate function, and
a constant generation-dependent extrinsic mortality likely related to
external natural control factors, to be estimated using time series field
data on the population dynamics. Ainseba et al. (2011) also proposed
mortality rate functions of a known form depending on both environmental variables and age. Assuming the mortality of a known functional
form can be restrictive in some cases, where having more flexibility
for the behavior of the mortality rate function with respect to the
temperature is preferable. We decided to follow the approach proposed
by Wood (2001) which does not require a functional form, but rather
expresses the mortality as a linear combination of elements of a suitable
basis. The parameter vector containing the coefficient of the linear
combination is estimated by minimizing a weighted least squares term
that measures the ‘‘distance’’ between the simulated and the observed

The mortality estimation method is applied to the case study of
the grape berry moth Lobesia botrana which is considered one of the
most dangerous pests in European vineyards. The description of the
population dynamics of the grape berry moth has been widely studied
in the past (Ainseba et al., 2011; Baumgärtner and Baronio, 1988;
Gutierrez et al., 2012; Gilioli et al., 2016). In our study, we consider
four developmental stages for L. botrana population: eggs, larvae, pupae, and adults. To check the convergence of the estimation method,
we initially consider the case of population abundances simulated by
the model. More precisely, we fix the mortality rate functions of the
different stages (in particular, we consider ‘‘artificial’’ mortalities with
a bathtub shape) and generate the abundances in all the stages from
the population dynamics model obtained with these mortalities and
the known development and fecundity rate functions. When we apply
the estimation method, starting from the simulated abundances, we
correctly reconstruct the mortality rate functions, which means that the
estimation procedure is suitable for obtaining a reliable approximation
of the mortality rate functions. Then the method is applied to a field
case. Data on population abundances for all the stages of the grape
berry moth have been collected in Colognola ai Colli (Verona, Italy) in
the period 2008–2012 for the cultivar Garganega. The dataset is split
into two groups: population abundances of years 2008, 2009 and 2011
are used to estimate the mortality, while data of 2010, and 2012 are
used to validate the model. The proposed method allows knowing the
behavior of the mortality rates as a function of the temperature. Since
the grape berry moth is dangerous only in its larval stage, it is useful to
assign a higher weight to this stage when considering the least square
term in the estimation procedure. In this way, we aim to obtain better
estimates for the abundances of the larvae than for the other stages.
This can be useful to the end of grape berry moth control in vineyards (Picart et al., 2011; Picart and Milner, 2014; Picart et al., 2015)
because a finer approximation of the number of larvae in the field
allows better defining the timing of application of control treatments
against the stage. The population dynamics model with the estimated
mortalities can be used to forecast the pest abundance. Furthermore,
the estimated mortality rate functions, as the other biodemographic
functions, represent the physiological responses of the species and thus
they are independent from the context of application. Moreover, since
the estimation method here described is sufficiently general, it can also
be applied to other stage-structured populations.
The paper is organized as follows. In Section 2 the mathematical
model describing the dynamics of the population is presented, while
in Section 3 the biodemographic functions of the grape berry moth
are specified. Section 4 describes the mortality estimation method
and the method to determine the confidence bands. In Section 5, the
estimation method is applied to the grape berry moth for both the
case of simulated data and field data. Finally, Section 6 is devoted to
discussion and concluding remarks. The Matlab code implementing the
mortality estimation method can be found on GitHub (Pasquali and
Soresina, 2021).
2
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2. The mathematical model

one of the main driving variables influencing individuals physiological responses; then, these biodemographic rate functions are formulated in terms of temperature, which depends on the chronological
time. It is also possible to take into account the dependence on other
environmental variables (Schmidt et al., 2003).

The demographic model is based on a system of partial differential
equations that allows to obtain the temporal dynamics of the stagestructured population and their distribution over physiological age
within each stage. Let

3. Biodemografic functions for Lobesia botrana

𝜙𝑖 (𝑡, 𝑥)𝑑𝑥 = number of individuals in stage 𝑖 at time 𝑡
with physiological age in (𝑥, 𝑥 + 𝑑𝑥),

Lobesia botrana has a stage-structured population, generally considered composed of four stages: eggs, larvae, pupae and adults (𝑠 =
4). Each stage is characterized by its own biodemographic functions
(development, mortality, and, only for adults, fecundity). We suppose
that development and mortality rate functions depend on time only
through temperature, while the fecundity rate function depends also on
the physiological age, as done in Gilioli et al. (2016). In particular, in
this paper we consider the same development rate functions estimated
in Gilioli et al. (2016), while for the fecundity rate function we use
the function 𝑏(𝑡) estimated in Gilioli et al. (2016), but a different expression for the oviposition profile 𝑓 (𝑥) appearing in (6). Experimental
laboratory data are used to estimate developmental and fecundity rates:
average duration in a stage at different temperatures for development
and the average number of eggs produced by a reproductive female
at different temperatures and physiological ages for fecundity. On the
contrary mortality rates are very difficult to measure due to continuous
reproduction and partially overlapping generations (Manly, 1989; Gilioli et al., 2016). Then, to estimate mortality rate functions we rely on
the observed abundances for all four stages of the L. botrana population
using a modified version of the method proposed by Wood (2001) for
formulating and fitting partially specified models.

for 𝑖 = 1, 2, … , 𝑠, where 𝑠 is the number of stages. Stages from 1 to
𝑠 − 1 are immature stages, and stage 𝑠 represents the reproductive
stage (adult individuals). Note that 𝑡 denotes the chronological time
while 𝑥 represents the physiological age indicating the percentage of
development within the stage over time (Buffoni and Pasquali, 2007,
2010, 2013; Di Cola et al., 1999).
Instead of a deterministic setting in which the population dynamics
is described through von Foerster equations (Buffoni and Pasquali,
2007), we prefer to consider a stochastic approach that allows taking
into account the variability of the development rate among the individuals (Buffoni and Pasquali, 2010, 2013). The dynamics is described
in terms of the forward Kolmogorov equations (Gardiner, 1986; Carpi
and Di Cola, 1988)
[
]
𝜕𝜙𝑖
𝜕𝜙𝑖
𝜕
+
𝑣𝑖 (𝑡)𝜙𝑖 − 𝜎 𝑖
+ 𝑚𝑖 (𝑡)𝜙𝑖 = 0, 𝑡 > 𝑡0 , 𝑥 ∈ (0, 1),
(1)
𝜕𝑡
𝜕𝑥
𝜕𝑥
[
]
𝜕𝜙𝑖
𝑣𝑖 (𝑡)𝜙𝑖 (𝑡, 𝑥) − 𝜎 𝑖
= 𝐹 𝑖 (𝑡),
(2)
𝜕𝑥 𝑥=0
]
[
𝜕𝜙𝑖
= 0,
(3)
−𝜎 𝑖
𝜕𝑥 𝑥=1
𝜙𝑖 (𝑡0 , 𝑥) = 𝜙̂ 𝑖 (𝑥),

3.1. Development rate function

(4)

where 𝑖 = 1, 2, … , 𝑠, 𝑣𝑖 (𝑡) and 𝑚𝑖 (𝑡) are the stage-specific development
and mortality rates, respectively, assumed to be independent of the age
𝑥; 𝜙̂ 𝑖 (𝑥) are the initial conditions (namely the initial distributions of the
individuals with respect to the physiological age), while 𝜎 𝑖 are constant
diffusion coefficients. The boundary condition at 𝑥 = 0 assigns the input
flux into stage 𝑖, while the boundary condition at 𝑥 = 1 means that
the output flux from stage 𝑖 is due only to the advective component
𝑣𝑖 (𝑡)𝜙𝑖 (𝑡, 1) (Buffoni and Pasquali, 2007). Moreover, the fluxes 𝐹 𝑖 (𝑡) in
the boundary conditions (2) are evaluated as follows. The term 𝐹 1 (𝑡) is
the eggs production flux and is given by

The development rate function 𝑣(𝑡) appearing in (1) describes the
development rate as a function of time through temperature. Typically, there is no development below a low-temperature threshold,
while the development rate increases and reaches a maximum at an
optimal temperature and then it declines rapidly approaching zero at
a thermal maximum (namely the temperature at which life processes
can no longer be maintained for prolonged periods of time (Logan
et al., 1976)). Several functional expressions have been proposed in
the literature to describe development (Kontodimas et al., 2004). Here,
as in Gilioli et al. (2016), we consider a Lactin function (Lactin et al.,
1995) to represent the development of all the stages:
}
{
𝑇 −𝑇 (𝑡)
𝛼𝑖 𝑇 − 𝑚 𝑖
𝑖
𝛽
− 𝛾𝑖
(8)
𝑣𝑖 (𝑡) = 𝛿 𝑖 max 0, e𝛼 𝑇 (𝑡) − e 𝑚

1

𝐹 1 (𝑡) = 𝑣𝑠 (𝑡)

∫0

𝛽(𝑡, 𝑥) 𝜙𝑠 (𝑡, 𝑥) 𝑑𝑥,

(5)

where 𝑣𝑠 (𝑡)𝛽(𝑡, 𝑥) is the fertility rate. In particular, we consider
where 𝑇𝑚 = 36 ◦ C is the thermal maximum, 𝛼 𝑖 is the slope parameter
describing the acceleration of the function from the low temperature
threshold to the optimal temperature, 𝛽 𝑖 is the width of the high
temperature decline zone, 𝛾 𝑖 is a parameter that allows the curve to
intersect the abscissa giving a minimum temperature of development,
and 𝛿 𝑖 is a coefficient of amplification of the curve.
Parameters of the development rate functions are estimated by
means of a least square method in Gilioli et al. (2016) using the datasets
in Baumgärtner and Baronio (1988) and Brière and Pracros (1998), and
are reported in Table 1.

𝑣𝑠 (𝑡)𝛽(𝑡, 𝑥) = 𝑏(𝑡)𝑓 (𝑥) 𝑒𝑔𝑔𝑠∕𝑎𝑑𝑢𝑙𝑡 𝑓 𝑒𝑚𝑎𝑙𝑒𝑠 𝑤𝑖𝑡ℎ 𝑎𝑔𝑒 𝑖𝑛 (𝑥, 𝑥 + 𝑑𝑥)∕𝑡𝑖𝑚𝑒 𝑢𝑛𝑖𝑡,

(6)
where 𝑏(𝑡) takes into account the effect due to both diet and temperature, and 𝑓 (𝑥) is the oviposition profile.
The other terms 𝐹 𝑖 (𝑡), when 𝑖 > 1, are the individual fluxes from
stage 𝑖 − 1 to stage 𝑖 and are given by
𝐹 𝑖 (𝑡) = 𝑣𝑖−1 (𝑡)𝜙𝑖−1 (𝑡, 1),

𝑖 > 1.

(7)

The functions 𝜙𝑖 (𝑡, 𝑥) allow to obtain the number of individuals in
stage 𝑖 at time 𝑡:

3.2. Fecundity rate function

1
𝑖

𝑁 (𝑡) =

𝑖

∫0

𝜙 (𝑡, 𝑥)𝑑𝑥.

As assumed in (6), eggs production depends both on the physiological age of the adults and on the chronological time through temperature
and phenological stage of the host plant as environmental variables.
The oviposition profile 𝑓 (𝑥) in Eq. (6), as function of the physiological
age 𝑥, is assumed to be of the functional form

System (1)–(4) requires an explicit formulation (depending on a
certain number of parameters) of basic biodemographic rate functions
(development, fecundity and mortality) that models the physiological response of individuals to environmental forcing variables. For
the grape berry moth, as for all the ectotherms, the temperature is

𝑓 (𝑥) = 𝑎𝑥𝑟−1 exp (−𝑐𝑥),
3
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Table 1
Parameters of the stage-specific development rate function in (8) for the
four stages of L. botrana: eggs (𝑖 = 1), larvae (𝑖 = 2), pupae (𝑖 = 3) and
adults (𝑖 = 4). We have no data on the duration of the adults, so we
assume that the adult development is equal to that of the pupae.

𝑖=1
𝑖=2
𝑖 = 3, 4

𝛼𝑖

𝛽𝑖

𝛾𝑖

𝛿𝑖

0.01
0.003
0.0076

0.8051
0.662
1.7099

1.0904
1.0281
1.0929

1
1
1.1

development and the fecundity rate functions. In this paper, we consider the mortality 𝑚(𝑡) as unknown and we apply a modified version
of the estimation method proposed by Wood (2001) for formulating
and fitting partially specified models. Thanks to this approach, the
obtained mortality carries out both extrinsic and intrinsic mortality
factors (see Gilioli et al. (2016)). Moreover, since we want to estimate
the mortality rates without assuming a specific functional form for
them, we do not specify an analytical expression but only consider some
biologically meaningful hypotheses:

Table 2
Values of the step function 𝑏0 (𝑃 ), with steps in four plant phenological
stages, following the BBCH-scale (Lorenz et al., 1994).
Plant stage

𝑃

Inflorescence
Green Berries
Maturing fruits
Berries ripe for harvest

BBCH
BBCH
BBCH
BBCH

– the mortality rate depends on the chronological time through
temperature;
– the mortality rate is a non-negative continuous function of temperature;
– the mortality rate is strictly positive at two reference temperatures.

𝑏0 (𝑃 )
53
71
81
89

0.31
0.48
1
0

These assumptions will constitute the constraints on the shape of the
mortality rates in the sequel.
where the parameters 𝑎, 𝑟, 𝑐 are usually estimated from experimental
data, in particular the number of eggs produced by a female at different
physiological ages. This class of functions, reproducing the shape of a
gamma distribution, is sufficiently general to allow the shift of the peak
of fecundity in all values of the physiological age interval, i.e., different
sets of parameters 𝑎, 𝑟, 𝑐 shift the maximum production of eggs from
low physiological ages to high physiological ages.
The term 𝑏(𝑡) in Eq. (6) takes into account the influence of environmental variables, temperature 𝑇 (𝑡) and phenological stage of the
plant 𝑃 (𝑡), varying with the chronological time. It is expressed by the
product (Gilioli et al., 2016; Gutierrez et al., 2012)

4. Estimation of the mortality rate function
The estimation method of the mortality rate functions here presented allows dealing with mortality of unknown form, guaranteeing
more flexibility for its shape than in Gilioli et al. (2016). To apply
this method, we need a dataset of observations of the abundance of
the different stages over time. The abundances are collected in the
field at different frequencies (for example, weekly) and can concern
all the stages or only some stages. These observations are subject to
a measurement error depending on the stage because measuring the
abundance of a stage might be trickier than for others. For this reason,
we want the estimation method from field data to be flexible enough
to incorporate such measurement errors.

𝑏(𝑡) = 𝑏0 (𝑃 (𝑡)) 𝑎0 (𝑇 (𝑡)) ,
where 𝑏0 (⋅) is a step function indicating the insect diet changing over
time due to the plant maturation process, and
)
(
𝑇 − 𝑇𝐿 − 𝑇0 2
𝑎0 (𝑇 ) = 1 −
𝑇0

4.1. The estimation method
We consider system (1)–(4) in which the development functions and
the fecundity function are chosen as stated in the previous section,
and the mortality rates are unspecified. We want to find the mortality
functions 𝑚𝑖 (𝑡) (𝑖 = 1, … , 𝑠) that result in the best fit of the model to
field data of populations densities for the observed stages. Once the
biodemographic functions are fixed, system (1)–(4) can be numerically
solved and produce a vector of model estimates 𝝁, representing the population abundances, calculated at the same times of the observations 𝒚.
Usually, observations are affected by errors. In particular, in our case
study, it is very difficult to detect insects in some stages of their life,
meaning that the observations, namely the field data, could underestimate the real abundances. We denote by 𝒖 the vector representing
the measurement error. Then, we expect the real abundances included
in the interval [𝒚, 𝒚 + 𝒖]. The goodness of the fit can be quantitatively
measured as a weighted sum of squared distance of each observation
𝑦𝑘 from the interval [𝑦𝑘 , 𝑦𝑘 + 𝑢𝑘 ]:

captures the effect of temperature. The parameter 𝑇𝐿 indicates the
minimum temperature of reproduction, while 𝑇0 the half-width of the
temperature reproduction interval.
Regarding the case study of L. botrana, the parameters appearing
in the function 𝑓 (𝑥) of the fecundity rate are obtained by fitting the
corresponding oviposition profile in Baumgärtner and Baronio (1988),
suitably converted as a function of the physiological age. In particular,
we rescale the fecundity rate function by assuming that physiological
age 1 corresponds to 400 degree days in Figure III of Baumgärtner and
Baronio (1988). Then, the estimated parameters are
𝑎 = 74270,

𝑟 = 4.06,

𝑐 = 15.33.

The values appearing in the function 𝑎0 (𝑇 ), already obtained in Gilioli
et al. (2016) and Gutierrez et al. (2012) and here reported for the
reader’s convenience, are
𝑇𝐿 = 17 ◦ C,

𝑇0 = 7.5 ◦ C.

𝑑
∑

day−1 )

The product 𝑓 (𝑥)𝑎0 (𝑇 ) (eggs/female
as a function of temperature (◦ C) and physiological age 𝑥 is illustrated in Fig. 1. Function
𝑏0 (𝑃 (𝑡)), which depends on the phenological age 𝑃 of the plant expressed in terms of BBCH-scale (Lorenz et al., 1994), is a step function
with steps at the BBCH stages indicated in Table 2 (Gutierrez et al.,
2012).

{
}
max 0, (𝑦𝑘 − 𝜇𝑘 )𝑤𝑘 (𝑦𝑘 + 𝑢𝑘 − 𝜇𝑘 ) ,

𝑘=1

where 𝑑 is the number of data (obtained as the sum of the number of
observations for all the stages) and 𝑤𝑘 are the weights associated with
each measurement. Then, the best fitting functions 𝑚𝑖 are those which
minimize this quantity.
The unknown functions 𝑚𝑖 can be expressed as linear combination of
elements of a suitable basis 𝜉𝑖,𝑗 (𝑡), 𝑖 = 1, … , 𝑠, 𝑗 = 1, … , 𝑛𝑖 (for instance,
a polynomial or cubic spline basis)

3.3. Mortality rate function
Since mortality rates are very difficult to measure, the functional
form of the mortality rate 𝑚(𝑡) cannot be easily determined as the

𝑚𝑖 (𝑡) =

𝑛𝑖
∑
𝑗=1

4

𝑝𝑖𝑗 𝜉𝑖𝑗 (𝑡).
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Fig. 1. (Left panel) Temperature dependent factor and oviposition profile as function of the physiological age. (Right panel) Fecundity rate function (eggs/female days−1 ) on
temperature (◦ C) and physiological age (dimensionless) for the adult stage of L. botrana for 𝑏0 (𝑃 ) = 1.

Thanks to this choice, the mortality is then very general and it is
not limited to a fixed form. The problem of finding the best fitting
functions 𝑚𝑖 is reduced to finding, under some constraints, the best
fitting parameters 𝑝𝑖𝑗 , 𝑖 = 1, … , 𝑠, 𝑗 = 1, … , 𝑛𝑖 , collected into the vector
𝒑 = [𝑝11 , … , 𝑝1𝑛1 , … , 𝑝𝑠𝑛𝑠 ]𝑇 , which produces the model estimates 𝜇(𝒑).
The total number of parameters in vector 𝒑 is denoted as 𝑛𝑝 = 𝑛1 +⋯+𝑛𝑠 .
Then our objective is to minimize
𝑞(𝒑) =

𝑑
∑

observe that, denoting by 𝒑̂ = argmin𝒑 𝑞(𝒑) the estimator, the parameter
covariance matrix is given by Marsili-Libelli et al. (2003)
̂ =
𝐶𝐽 (𝒑)

𝑘=1

The procedure which leads to an estimates of the coefficients 𝒑 is
the following.
1. Given an initial guess of the model parameter vector 𝒑, denoted
by 𝒑𝑔 , the model equations are numerically solved and model
estimates 𝝁 are obtained.
2. By repeatedly solving the model with slight changes in parameters, we obtain an estimate of the 𝑑 × 𝑛𝑝 matrix 𝑱 where 𝐽𝑖𝑗 =
𝜕𝜇𝑖 ∕𝜕𝑝𝑗 . We use the approximation
𝝁𝑖 (𝒑𝑔 + 𝛿𝑗 𝒆𝑗 ) − 𝝁𝑖 (𝒑𝑔 − 𝛿𝑗 𝒆𝑗 )
2𝛿𝑗

5. The case of L. botrana
To estimate the mortality rate functions of the grape berry moth,
we need abundance data. We consider two cases. In Section 5.1 we
generate from model (1)–(4) a dataset of abundances for the four stages
of the grape berry moth to check the convergence of the estimation
method. Then, we consider the same dataset used in Gilioli et al. (2016)
concerning the dynamics of the grape berry moth in a vineyard of
Garganega located in Colognola ai Colli (Verona, Veneto Region) in the
North-East of Italy, during the time-frame 2008–2012. The experimental field was not treated with pesticides. The abundances have been
sampled weekly for eggs, larvae, pupae, and adults. Adult males were
detected using pheromone traps, while immature stages were counted
on samples of 100 bunches (for a more detailed description of the data
collection, see Gilioli et al. (2016)). To estimate the mortality rates
functions we used the field data collected at Colognola ai Colli during
the three years 2008, 2009 and 2011 (Section 5.2); data collected
during the other two years (2010 and 2012) were used to validate the
model (Section 5.3), keeping all the other parameters of development
and fecundity fixed. In both cases, development and fecundity rate
functions are those defined in Section 3, and the values of the diffusion
coefficients are set 𝜎 𝑖 = 0.0001, 𝑖 = 1, 2, 3, 4 as in Gilioli et al. (2016)
and Lanzarone et al. (2017) to make the comparison with the other
approaches easier. Hourly temperature data, collected by a meteorological station close to the vineyard, are used as a driver environmental
variable for the model simulation. The times at which the phenological
stage of the plant 𝑃 (𝑡) reaches the BBCHs reported in Table 2 vary over
the years; they are reported in Table 3 for the vineyard of Garganega
located in Colognola ai Colli for the years 2008–2012.
It is also important to take into account that observed abundances
are subject to a measurement error depending on the stage; for instance,
it is very difficult to detect eggs and pupae. In fact, to count firstgeneration eggs it is necessary to pick up small grape bunches and

,

where 𝛿𝑗 is a small number and 𝒆𝑗 are vectors of the canonical
basis.
3. The quantity 𝝁 and 𝑱 are used to construct a quadratic model of
the fitting objective as a functional of 𝒑
{ (
)
(
)}
𝑛𝑝
𝑛𝑝
𝑑
∑
∑
∑
𝑞(𝒑) ∼
max 0, 𝑦̂𝑘 −
𝑗𝑘ℎ 𝒑ℎ 𝑤𝑘 𝑦̂𝑘 + 𝑢𝑘 −
𝑗𝑘ℎ 𝒑ℎ
𝑘=1

where 𝑦̂𝑘 =

ℎ=1

(9)

For large samples, 𝒑̂ has approximately a multivariate normal distribū (Wood, 2001). Since the
tion with mean 𝒑̄ and covariance matrix 𝐶𝐽 (𝒑)
multivariate normal distribution does not ensure non-negative mortality rate functions, we introduce a more restrictive constraint drawing
the parameter from a truncated multivariate normal distribution. We
draw a certain number of values of the parameter vector, corresponding
to different mortality functions, used to obtain confidence bands for
mortality. Then, we run the model for all the mortalities to determine
the confidence bands for the population dynamics.

{
}
max 0, (𝑦𝑘 − 𝜇𝑘 (𝒑))𝑤𝑘 (𝑦𝑘 + 𝑢𝑘 − 𝜇𝑘 (𝒑)) .

𝐽𝑖𝑗 ∼

̂ ( 𝑇 −1 )−1
𝑞(𝒑)
𝑱 𝑾 𝑱
.
𝑑 − 𝑛𝑝

ℎ=1

∑ 𝑛𝑝
𝑦𝑘 − 𝜇𝑘 (𝒑𝑔 ) + ℎ=1
𝑗𝑘ℎ 𝒑𝑔ℎ .

4. We find the new direction to modify 𝒑𝑔 minimizing, with respect
to 𝒑, the quadratic model of the real fitting objective 𝑞(𝒑) together with the constraints. A new value of the parameter vector
𝒑𝑔 is found.
5. With the new value 𝒑𝑔 , we iterate steps 1–4 to convergence,
̄
obtaining the estimate 𝒑.
It is worthwhile to note that, even though this procedure follows the
method proposed in Wood (2001), the quadratic functional to be minimized has been suitably modified to take into account the measurement
error in the observations.
4.2. Confidence bands
In addition to the uncertainty on the collected data, the estimation
procedure itself produces variability in the mortality rate functions.
To account for this effect, we consider confidence bands for both the
mortality rate functions and the population dynamics. To this end we
5
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Table 3
Days needed from 1st of January to reach the BBCH reported in the
first column. The data refers to the vineyard of Garganega located in
Colognola ai Colli during the years 2008–2012.
𝑃 (𝑡)
BBCH
BBCH
BBCH
BBCH

53
71
81
89

2008

2009

2010

2011

2012

122
162
218
260

125
150
201
265

126
158
209
274

108
151
192
255

122
162
218
260

differences 𝑞(𝒑) between simulated dynamics and artificial observations
for all three years 2008, 2009, 2011. More precisely, the number of
artificial observations will be 𝑑 = 𝑑2008 + 𝑑2009 + 𝑑2011 , where 𝑑𝑌 is the
number of artificial observations generated for the year 𝑌 (intended as
the sum of the observations for all the stages). Applying the method
described in Section 4.1 we obtain the estimated mortality reported in
Fig. 2 with a blue continuous line. It can be seen that the estimated
mortalities well approximate the artificial mortalities with bathtub
shape used to generate data (red dashed lines), in particular in the
central part of the temperature interval. For low and high values of
temperatures, some differences between the two curves can be observed
due to the scarcity of artificial observations for these temperatures
which are unlikely in the temperature dataset used here. However,
looking at Fig. 3, it is evident that these differences do not produce
significant variations between simulated population dynamics and artificial observations because indeed low and high temperatures are very
unlikely in temperate regions (such as Colognola ai Colli) in the period
May–September. The simulated dynamics for immature stages, denoted
with a continuous blue line in Fig. 3, almost perfectly fit the artificial
observations, meaning that the simulated trajectories cross nearly all
the intervals of variability of the artificial observations, represented by
the vertical red intervals in Fig. 3. This result shows that the algorithm
can provide a reliable approximation of the mortality functions and can
be usefully applied to the case of field data. We remark that in this case,
we do not report the confidence bands for mortality rate functions and
population dynamics because they are extremely thin in both cases.

to analyse them in a laboratory using a stereomicroscope. For the
other generations, a magnifying glass is used to observe bunches in the
field and this operation requires particular attention. From the third
generation, pupae are under the rhytidome, while second-generation
pupae can be hidden either in the grape berries or under the rhytidome,
making the detection of this stage particularly difficult. Then, based on
the experience of one of the authors in collecting data in vineyards, for
eggs and pupae, we consider a measurement error up to 50% of the
collected abundance. Larvae are more visible due to the damage they
produce, then we suppose to have a measurement error of up to 10%
for this stage. These assumptions about measurement error are based
on field observations in our specific case. Adults males are caught with
pheromone traps, then we assume they are correctly measured. The
sex ratio is assumed to be 0.5, as in Gutierrez et al. (2012), therefore
the number of males caught in traps is equal to the number of adult
females. Moreover, we consider a population composed only of females
responsible for reproduction.
The mortality rate functions are expressed as linear combination
of cubic B-splines. The basis is built on the nodes [0, 20, 40], being
[0, 40] a suitable interval of temperature, and hence it consists in five
polynomials 𝜉𝑗 (𝑇 (𝑡)), 𝑗 = 1, … , 5 defined on this interval. The mortality
rates function are
𝑚𝑖 (𝑇 (𝑡)) =

5
∑

𝑝𝑖𝑗 𝜉𝑗 (𝑇 (𝑡)),

5.2. Model calibration
In the case of field data, we must collect information on the population densities at the beginning of the season to drive the simulation
during the entire growing season. In our study, the number of adults
caught by pheromone traps at the first collection date in the favourable
season is used as the initial condition of the model. Then, as done
in Gilioli et al. (2016), to avoid the extinction of the population due
to a period of low temperatures, additional inputs are introduced into
the system every week on the adults caught by the traps until the first
larvae of the first generation are observed.
As in the previous case, we have to minimize the sum of the
weighted squared differences 𝑞(𝒑) between simulated dynamics and observations for all three years 2008, 2009, 2011, with 𝑑 = 𝑑2008 + 𝑑2009 +
𝑑2011 total observations. As an initial guess for the estimation algorithm,
we used a linear combination of cubic B-splines that approximate the
mortality rates already used in Gilioli et al. (2016).
In the case of field data we do not consider equal weight for all the
stages, but we assign a higher weight to the larval stage. This choice
relies on the harmfulness of the larvae that in second-generation cause
severe damage to the grapes (Pavan et al., 1998; Pavan and Sbrissa,
1994). Then, it is important to obtain a reliable forecast of the larval
abundance, in particular to the end of pest control. Moreover, data collected on larvae are more reliable than for the other stages. For all these
reasons, the weights assigned to larval observations are one hundred
times the weights of the observations assigned to the other stages. To
account for the effect of the variability in the parameters estimates,
we consider the confidence bands for both the mortality rate functions
and the grape berry moth dynamics. In particular, we know that the
probability distribution of the parameter 𝒑̂ can be approximated by a
multivariate normal distribution with mean 𝒑̄ and covariance matrix
(9). We draw 500 realizations of the vector parameter from this distribution, that correspond to 500 mortalities for each stage expressed
∑
as max{0, 7𝑗=1 𝑝𝑖,𝑗 𝜉𝑖,𝑗 (𝑡)}, because they cannot be negative. The 95%
confidence bands of the mortality rate functions are obtained from
these 500 mortalities using the MATLAB routine prctile. To see the
effects of the mortality variability in the population dynamics, we run
the model for the 500 mortalities computed to obtain the mortality

𝑖 = 1, … , 4.

𝑗=1

The constraint minimization of 𝑞(𝒑) (fourth point of the estimation
method explained in Section 4.1) has been carried out using the fmincon MATLAB routine. In this setting it is possible to include the
constraints on the mortality rates (stated in Section 3.3) as linear
inequalities involving the parameters 𝑝𝑖𝑗 .
5.1. Method validation
To check the convergence of the estimation method described in the
previous subsection, we need a dataset obtained from known biodemographic functions. Then, we generate data of population abundance
for three years using the available hourly temperatures in Colognola ai
Colli for the years 2008, 2009, 2011. We run the model (1)–(4), using
the development and fecundity rate functions defined in Section 3 with
an initial condition of 100 adults with physiological age 0 at May 1st
and the artificial mortality rate functions represented with red lines
in Fig. 2, which have a bathtub shape realistic for a mortality rate
function. We pick a value of abundance every 10 days, for all the
stages, starting from May 1st, up to the end of the year. To reproduce
the measurement error, for each abundance we draw a value 𝑢 from a
uniform distribution over the interval [0, 0.5] for eggs and pupae and
over the interval [0, 0.1] for the larvae and multiply the abundances by
1 − 𝑢 obtaining the underestimated population abundances. To avoid
confusion with the field case, these data are referred to as ‘‘artificial
observations’’ and will be used in the estimation procedure to check
the convergence of the estimation method proposed. The measurement error also defines the interval of the variability of the artificial
observations.
We apply the estimation method considering equal weights for
all the data. We have to minimize the sum of the weighted squared
6
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Fig. 2. Mortality functions for all the stages of the grape berry moth in case of artificial observations. Red dashed line: artificial mortality rate functions used to generate data;
continuous blue line: estimated mortalities. Blue and red lines are very similar, meaning that the estimation algorithm allows obtaining reliable estimates of the mortality rate
functions.

Fig. 3. Population dynamics in case of artificial observations. Red points: artificial observations generated from model (1)–(4) using artificial mortalities (red dashed lines in
Fig. 2) and hourly temperatures recorded in a Garganega vineyard in Colognola ai Colli for the years 2008, 2009, and 2011. Vertical red intervals represent the range of variability
of artificial observations (50% of the eggs and pupae abundance, 10% of larval abundance). Blue continuous line: simulated population dynamics obtained with the estimated
mortality functions (blue continuous lines in Fig. 2).

confidence bands and then we determine the population dynamics
bands.

The mortality rate functions obtained in the case of field data and
the relative 95% confidence bands are represented in Fig. 4. It can
7
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Fig. 4. Estimated mortality functions from field data and their 95% confidence bands. Blue continuous lines: estimated mortality functions. Grey area: 95% confidence bands for
the mortality rate functions of the different stages of the grape berry moth.
Table 4
NRMSEs for immature stages in the years 2008, 2009 and 2011, relative
to Fig. 5. The NRMSE measures the distance between the simulated
dynamics (continuous blue line) and the observed abundance intervals
of variability (red vertical intervals).

be observed that confidence bands are tight in the central part of the
temperature interval, that is when temperatures are favourable to the
pest growth. This is due to the fact that the temperature datasets here
considered contains mainly temperatures between 10 and 35 ◦ C allowing us to obtain a better estimate in this temperature range. Conversely,
they are largely outside this range, which corresponds to unlikely
temperatures when no data or few data on population abundance are
available. Then, there is more uncertainty in estimating mortalities
outside the temperature interval [10 ◦ C, 35 ◦ C] and consequently the
confidence bands will be larger. Moreover, if a long period of very low
temperatures is considered, the population extinct, making uncertain
the mortality estimate in this case. The estimated mortalities (blue
lines in Fig. 4), but especially the upper bounds of the confidence
bands (namely the upper bounds of the grey areas) show, for almost
all stages, an increase for both increasing and decreasing temperatures.
In particular, the upper bounds of the grey areas present a bathtub
shape, realistic for a mortality function. This behavior for ‘‘extreme’’
temperatures is in accordance with the mortality proposed in Gilioli
et al. (2016) where second-order degree polynomials were used to
describe mortality for low and high temperatures. In the central part
of the temperature interval (approximately between 10 ◦ C and 35 ◦ C)
mortality has lower values in line with the high survival obtained
by Brière and Pracros (1998). The estimated larval mortality (blue line)
is almost vanishing between 0 and 27 ◦ C, but for cold temperatures it
is compensated by high mortalities for the other three stages, which
instead have low mortalities for temperatures approaching 40 ◦ C. However, the large variability outside the interval [10 ◦ C, 35 ◦ C] makes
the estimated mortalities highly uncertain, allowing for low survival at
extreme temperatures, as reported by Brière and Pracros (1998). As in
the previous case of artificial observations generated from system (1)–
(4), the variability in the mortality for high and low temperatures
does not negatively affect the dynamics of the pest because in the
period considered here, between mid-April and the end of September,
temperatures outside the interval [10 ◦ C, 35 ◦ C] occasionally occur,
and therefore the mortality values corresponding to these temperatures
occur only a few times. The pest dynamics for the immature stages are
reported in Fig. 5. We omit the adult stage because adults are sampled
differently than immature stages, and moreover, they do not cause
direct damage to plants.

Years

EGGS

LARVAE

PUPAE

2008
2009
2011

0.1999
0.2835
0.3741

0.2002
0.2717
0.1722

0.1363
0.2461
0.4773

Mean

0.2858

0.2147

0.2866

interval of variability, we consider the normalized root mean square
error (NRMSE) related to the stage 𝑖 and year 𝑌 , defined as
NRMSE𝑖𝑌 =

1
max(𝒚 𝑖𝑌 ) − min(𝒚 𝑖𝑌 )
√
√ ∑𝑑 𝑖
{ (
)(
)}2
√ 𝑌
√
̄
̄
max 0, 𝑦𝑘 − 𝜇𝑘 (𝒑)
𝑦𝑘 + 𝑢𝑘 − 𝜇𝑘 (𝒑)
𝑘=1
√
×
,
𝑑𝑌𝑖

(10)

where 𝒚 𝑖𝑌 denotes the vector of observations in year 𝑌 for the stage 𝑖, of
length 𝑑𝑌𝑖 . The computed NRMSE for the immature stages in the years
2008, 2009 and 2011 are reported in Table 4. As expected, population
dynamics obtained considering a mortality function estimated with
a higher weight for larvae present a better fit for the larval stage
than for the other stages, as indicated in Table 4 by the mean of the
NRMSEs over the years. We also observe that the means of the NRMSE
here obtained are lower than those computed for the model in Gilioli
et al. (2016) (respectively, 0.9455 for eggs, 0.3062 for larvae, 0.406
for pupae), intended as the distance between the simulated and the
observed abundances.
Moreover, taking into account the uncertainty in the estimates,
looking at Fig. 5 we observe that for all the three considered years
the confidence bands for the larval stage include the majority of the
observed abundance intervals of variability or cross these intervals.
For eggs and pupae, only in some cases, the observed values fall in
the 95% confidence bands, but the estimated dynamics allow to obtain
values for larvae not far from the observed abundance intervals of
variability (see values of NRMSEs in Table 4). The confidence bands
of the simulated dynamics are particularly large near to the peaks of
the dynamics, namely, there is higher uncertainty in the estimates of

The fit of the immature stages is satisfactory, also taking into account the large measurement error we have considered. To quantify the
distance between the simulated dynamics and the observed abundance
8
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Fig. 5. Population dynamics in the case of field data. Red points represent data collected in a Garganega vineyard in Colognola ai Colli for the years 2008, 2009 and 2011,
while vertical red intervals indicate the range of variability of observed data (50% of the eggs and pupae abundance, 10% of larval abundance). Note that thin red dotted lines
do not correspond to data, but only connects red points. Continuous blue lines inside the grey areas show the dynamics obtained by running system (1)–(4) using the estimated
mortalities represented in Fig. 4. Grey areas denote the 95% confidence bands for the dynamics of the grape berry moth immature stages.
Table 5
NRMSEs for immature stages in the years 2010 and 2012, relative
to Fig. 6. The NRMSE measures the distance between the simulated
dynamics (continuous blue line) and the observed abundance intervals
of variability (red vertical intervals).
Years

EGGS

LARVAE

PUPAE

2010
2012

0.2527
0.3186

0.1814
0.2669

0.1734
0.2434

of the stage-specific mortality rate functions. The model implemented
using the novel mortality rates provides reliable estimates of the population dynamics of the pest based on temperature. Finally, we remark
that the NRMSEs obtained for the years 2010 and 2012 are smaller than
the corresponding values computed for the dynamics in Gilioli et al.
(2016) for all the immature stages. In fact, the NRMSEs in Gilioli et al.
(2016) for the year 2010 are 0.2734 for the eggs, 0.2226 for the larvae
and 0.3913 for the pupae, while for the year 2012 are 0.8764 for the
eggs, 0.6323 for the larvae and 0.4384 for the pupae.

maximum population abundances, especially for the larval stage, with
an impact on pest management strategies.

6. Discussion and concluding remarks
A realistic simulation of the population dynamics relies on the
knowledge of the biodemographic functions describing the biology of
the species. Development and fecundity rate functions can be estimated
using, for example, a simple least square method starting from literature data on duration at different temperatures or data on the average
number of eggs produced. However, literature data on mortality are not
available because mortality rates are difficult to measure due to continuous reproduction. More complex methods have been developed to
estimate biodemographic functions (in particular mortality), based on
population dynamics datasets, in case no such data are available (Ellner
et al., 2002; Gilioli et al., 2016; Lanzarone et al., 2017; Wood, 2001).
Here we consider the case of the grape berry moth, for which we
dispose of 5 years of data on population dynamics in the same location.
Three years (2008, 2009 and 2011) are used in the calibration phase to
estimate the mortality rate functions. Then, these estimated mortalities
are used in the validation phase to test the capacity of the model to
predict the observed population dynamics in the years 2010 and 2012.
The observations are affected by a measurement error; here we assume
that the measurement error is a percentage of the abundance in a
stage according to the experience of one of the authors in collecting

5.3. Model validation
The datasets recorded in Colognola ai Colli in the years 2010 and
2012 were used to validating the model. We run model (1)–(4) using
the mortalities estimated in the previous subsection, and keeping all
the other parameters of development and fecundity fixed as in the
model calibration. The simulated dynamics of the immature stages for
the years 2010 and 2012, obtained using the estimated mortality in
Fig. 4, are represented in Fig. 6, while the NRMSEs for all the stages
are shown in Table 5. As for the calibration phase, we do not consider
the adult stage because the data for adults are collected differently than
the immature stages and the adults do not cause direct damage to the
grapevines.
The NRMSE values in Table 5 are comparable with those in Table 4
relative to the estimation phase, ensuring a satisfactory representation
of the immature dynamics (Fig. 6). Moreover, as in the previous section,
many of the observed values fall into the 95% confidence bands or
their variability intervals intersect the confidence bands. These results
suggest that the method presented allows obtaining relevant estimates
9
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Fig. 6. Results of model validation. Red points represent data collected in a Garganega vineyard in Colognola ai Colli for the years 2010, and 2012, while vertical red intervals
represent the range of variability of observed data (50% of the eggs and pupae abundance, 10% of larval abundance). Note that thin red dotted lines do not correspond to data,
but only connects red points. Continuous blue lines are the dynamics obtained using the estimated mortalities represented in Fig. 4. Grey area: 95% confidence bands for the
dynamics of the grape berry moth immature stages.

data in vineyards. To estimate the mortality rate functions of the
different stages we propose a method based on the minimization of the
sum of weighted squared differences between simulated dynamics and
observations. The method relies on the work of Wood (2001), but the
functional to be minimized is suitably replaced by a new functional able
to take into account the variability in the observations.

be approximated by a multivariate normal distribution. Drawing 500
values of the parameter vector from this distribution we can obtain
confidence bands for the mortality. Running the model for the 500
mortalities, we obtain the confidence bands also for the population
dynamics. The estimated mortalities confidence bands (Fig. 4) are thin
in the central part of the interval, for favourable temperatures, and
large for extreme values of the temperatures showing an increase for
high and low-temperature values. This behavior is in agreement with
the assumptions made in Gilioli et al. (2016) where the mortality
is defined as a second-order degree polynomial for small and large
temperatures that infrequently occur.

The estimation method considered in the present paper has some
advantages compared to the method proposed in Gilioli et al. (2016)
and Lanzarone et al. (2017) for the grape berry moth mortality estimation. In Gilioli et al. (2016) and Lanzarone et al. (2017) the mortality
was represented as the sum of two terms: intrinsic mortality due to
abiotic factors and extrinsic mortality due to biotic factors. The intrinsic
mortality was estimated using literature data, while for the extrinsic
mortality, estimation methods based on population dynamics observations were proposed. Since, as a function of temperature, intrinsic
mortality was of a known fixed form, it would not be useful to apply
the estimation method proposed here only to extrinsic mortality. In the
present paper, mortality is considered as a whole and represented as
a linear combination of cubic splines. This assures greater flexibility
on the shape of the mortality function. In this work, the splines only
depend on temperature which is the main driver, but other environmental variables or biotic factors can be included to further generalize
the functions.

The simulated population dynamics show a satisfactory approximation of the phenology of the species. A better fit is observed for the
larval stage for which a higher weight was considered in the estimation
procedure. Indeed, most of the larval observations intervals fall into
the 95% confidence bands or their variability ranges intersect the
confidence bands. This is important in pest control, mainly based on the
control of larvae. Thus, we can obtain a satisfactory larval abundance
forecast that allows better planning of pesticides treatments. In our case
study, it has been observed that the confidence bands of the simulated
dynamics are particularly large near to the peaks of the dynamics.
This implies a higher uncertainty in the estimates of maximum population abundances, especially for the larval stage, and it can lead to
different strategies in pest management. In detail, it may happen that
the simulated larval dynamics (blue lines in Fig. 5) does not reach
the alert threshold, but the threshold is crossed by the upper limit of
the confidence band. We can decide to treat with pesticides when the
confidence band cross the alert threshold or when the simulated larval
dynamics reaches that threshold, depending on our risk aversion. In
the first case, we have a conservative approach and it is more likely
to treat with pesticides than in the second case. Once it is decided to
follow the simulated dynamics or a limit of the confidence bands, the
most appropriate periods to carry out phytosanitary treatments can be
easily determined, thus allowing for more rational use of pesticides.

To check the convergence of the estimation procedure, an application to a synthetic dataset where data are generated from system
(1)–(4) with known mortality rate functions is considered. To mimic
the real case, the observations are then ‘‘disturbed’’ by an error. The
applied method, using equal weights for all stages, allows us to obtain a
precise estimate of both the mortality rate functions and the population
dynamics guaranteeing the convergence of the estimation algorithm.
Then, we consider the case of field data. We decided to assign
a higher weight to larval observations because, based on the field
experience of one of the authors, the measurements of larvae are more
precise than for the other immature stages due to the evident damage
they produce to vineyards (Pavan et al., 1998; Pavan and Sbrissa,
1994). Then, it is important to have an accurate description of larval
dynamics. On the contrary, it is very hard to detect eggs and pupae,
then we suppose the abundances in these two stages are subject to 50%
errors, while for larvae only a 10% error is considered.

The satisfactory representation of the phenology and dynamics of
the species over five years (2008–2012) provides indications about the
capacity of the newly estimated mortality rate functions to represent
temperature-dependent physiological responses of the species independently from the context of application, as well as development and
fecundity rate functions. Thus, it may be possible to use the model to
support pest management at other sites. To clarify this issue further, the

The estimation procedure is subject to variability. In particular,
the parameter estimator is a random variable whose distribution can
10
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model should also be tested at other locations. Abundance data from
other experimental fields are being collected and will be analysed in
future works.
Moreover, the estimation method here presented is sufficiently general to be applied to other pests. The weighted squared differences to
be minimized in the estimation procedure allow to differentiate the
weights for every single observation. In this way, it is possible to stress
the observations relative to a more sensible stage, as in our case, or
the observations of one or more, particularly dangerous generations.
In addition, it is possible to quantify the range of variability of the
dynamics giving a measure of the error of the predicted population
dynamics.
In conclusion, the approach adds more realism to the stagestructured population model and it enhances its capability to predict
population dynamics, which are key issues in developing strategies for
pest management.
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