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Abstract: The development of temperature-driven pest risk thresholds is a prerequisite for the
buildup and implementation of smart plant protection solutions. However, the challenge is to
convert short and abrupt phenology data with limited distributional information into ecological
relevant information. In this work, we present a novel approach to analyze phenology data based
on non-parametric Bayesian methods and develop degree-day (DD) risk thresholds for Helicoverpa
armigera (Hübner) (Lepidoptera: Noctuidae) to be used in a decision support system for dry bean
(Phaseolus vulgaris L.) production. The replication of each Bayesian bootstrap generates a posterior
probability for each sampling set by considering that the prior unknown distribution of pest phenol-
ogy is Dirichlet distribution. We computed R = 10,000 temperature-driven pest phenology replicates,
to estimate the 2.5%, 50% and 95.5% percentiles (PC) of each flight generation peak in terms of heat
summations. The related DD thresholds were: 114.04 (PC 2.5%) 131.8 (PC 50%) and 150.9 (PC 95.5%)
for the first, 525.8 (PC 2.5%), 551.7 (PC 50%) and 577.6 (PC 95.5%) for the second and 992.7 (PC 2.5%),
1021.5 (PC 50%) and 1050 (PC 95.5%) for the third flight, respectively. The thresholds were evaluated
by estimating the posterior differences between the predicted (2021) and observed (2022) phenology
metrics and are in most cases in acceptable levels. The bootstrapped Bayesian risk thresholds have the
advantage to be used in modeling short and noisy data sets providing tailored pest forecast without
any parametric assumptions. In a second step the above thresholds were integrated to a sub-module
of a digital weather-driven real time decision support system for precise pest management for dry
bean crops. The system consists of a customized cloud based telemetric meteorological network,
established over the border area of the Prespa National Park in Northern Greece, and delivers real
time data and pest specific forecast to the end user.

Keywords: cotton bollworm; pest management; precise plant protection; simulation and forecast;
decision support system

1. Introduction

The cotton bollworm Helicoverpa armigera (Hübner) (Lepidoptera: Noctuidae) is a
cosmopolitical species and one of the most important pests worldwide widely distributed
in Asia and Africa as well as in central and southern Europe [1,2]. The species is extremely
polyphagous attacking more than 200 hosts belonging to 68 families, including cotton,
maize, vegetables, beans and many more [3]. The pest is considered of quarantine impor-
tance in Europe and worldwide having the status of high priority pest causing annual
losses of over 2 billion US$ worldwide [4,5] placed on Annex I A II of Council Directive
2000/29/EC, indicating that it is considered to be relevant for the entire EU and that
phytosanitary measures are required
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In mainland Greece the species has an establishment population according to the
Mediterranean Plant Protection Organization (EPPO) and completes usually three to four
generations per year depending on the prevailing temperatures [5]. Nevertheless, devi-
ations in phenology and pest status may be observed from region to region due to its
physiological, behavioral and ecological characteristics [6]. As a result, inherent population
status as well as important phenology events, such as the emergence of the first individuals
and the period of highest activity might be region specific [5,6].

In recent works we have detected the establishment of H. armigera in Prespa Lakes,
located in the Northwest part of Greece in the prefecture of Florina, causing considerable
damage in dry bean cultivations [7]. Common bean (Phaseolus vulgaris L.) production is
one of the most important crops of the region [8] with a long-term established cultivation
tradition in which the distinct micro-environmental conditions combined with the extensive
genetic diversity have led to a region-specific high-quality product [9]. However, despite
the importance of the bean crop in the study area there is no information concerning
the population status of H. armigera in bean cultivations and particularly, the time where
weather conditions are suitable for its development. This information is a prerequisite to
develop decision support systems providing real time information and advice to farmers
and plant protection authorities to take on management actions.

To date, the most common way of controlling H. armigera is usually based on the
treatment with pesticides on a routine calendar programme and/or on the phenological
stage of the host [5,10]. However, there are major disadvantages of applying pesticides in a
preventive manner and without knowing the phenology of the pest, including detrimental
environmental effects, insecticide resistance, negative impacts on natural enemies, and
safety issues for pesticide applicators and the food supply [5,11].

On the other hand, a reasonable control of H. armigera can be based on male moth pop-
ulation monitoring with pheromone traps and appropriate pesticides applications during
the period of high pest activity [5,12]. Yet, the monitoring of adult flight activity as the only
criterion for pest intervention might be misleading considering that pest development and
moth phenology is strongly affected by ambient temperatures [13]. Additional factors such
as abrupt weather changes, for example rain and wind, affect moth flight patterns [14,15].

To improve H. armigera management, several methods have been exercised; including
laboratory growth studies as well as field studies to forecast its spring phenology and its
damage potential [16,17]. Yet, most developmental rate studies of H. armigera conducted
in controlled environments were performed by feeding an artificial diet to larva under
constant and/or fluctuating temperatures instead of natural host [18]. However, because
the developmental rates of H. armigera larvae may differ between artificial diets and natural
hosts [19], the adoption of existing information to predict the seasonal emergence of
H. armigera active in other cultivations and bean particularly, could be misleading. So far,
existing field studies of H. armigera phenology have been conducted not only in completely
different environments (i.e., in terms of landscape and climate conditions) but also in
different hosts. Thus, there is a strong necessity to study its phenology and develop region
and host specific temperature related risk thresholds for H. armigera to be used as decision
tools for predicting pest phenology and establishing rational control measures.

Up to now empirical field studies that correlate phenology and effective heat sum-
mations through parametric regression functions can generate useful data for predicting
the period of moth emergence and the appropriate time of control [20,21]. However, this
might not be the most convenient approach considering that most of the field data are
often short, and noisy, and thus do not fill the parametric assumption requirements [22,23].
Furthermore, the problem of choosing the most accurate method to estimate pest phenology
patterns might be more complicated considering that a biological event (i.e., the onset of
an insect population) does not occur at the same time for all the individuals [24]. As a
result, the seasonal distributions might be skewed towards earliness or lateness, depending
on the temperature conditions, the species and the monitored event and thus greatly bias
phenological metrics [25,26]. Hence, non-parametric bootstrap approaches could provide
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a potential alternative to traditional parametric data analysis [27,28]. Non-parametric
Bayesian analysis particularly might contribute to the estimation of robust phenologi-
cal metrics sine it is an improved alternative to traditional resampling for reducing the
uncertainty of statistical metrics [29–32].

Nowadays, computational power permits the adoption of posterior simulation in-
cluding applications in the fields of ecology [33–35], but also generally has become one
of the most popular research areas in the statistics and machine learning literature [36].
Nevertheless, non-parametric Bayesian bootstrap has never been applied in modeling
insect phenology despite the inherent limitation of phenological data characteristics. To the
best of our knowledge, there are no available decision support systems for bean production
and especially using Bayesian derived thermal thresholds. On the other hand, the few
available decision support systems that account for H. armigera are using Bayesian networks
developed for tomato [37], rule based fuzzy models for the tropics [38], while some recent
machine learning models for predicting H. armigera are using ARIMA and artificial neural
networks [39] and interpretable machine learning [40].

Furthermore, the development of an expert system, based on advanced computational
tools and machine learning data models, are characteristic of the emergence of the fourth
industrial revolution (4IR) allowing researchers, plant protection advisors and growers to
derive comprehensive information in the agricultural domain to boost crop productivity
and save natural resources [41], integrating cutting-edge technologies in the physical,
digital and biological fields [42]. This includes the convergence and confluence of emerging
technologies such as artificial intelligence (AI), the Internet of Things (IoT), big data analysis,
cloud computing, robotics and wireless telecommunications [43].

In this context the major research question we ask is whether we can improve the
prediction of H. armigera phenology by using straightforward non-parametric Bayesian
resampling techniques for estimating robust phenological metrics to be used for rational real
time pest management decision making. Thus, the objective of the current study was first,
the development of host specific non-parametric Bayesian degree-day risk thresholds for
H. armigera and second, to be integrated in a software platform of a smart plant protection
decision support system for dry beans. The availability of real time pest predictions through
customized wireless smart plant protection solutions to be adopted by growers might
contribute avoiding needless and blanket application of pesticides for controlling this pest
and in turn would reduce production costs, pesticide residue and environmental pollution.

2. Materials and Methods
2.1. Study Sites, Monitoring and Heat Summations

Data were collected throughout the years 2021 and 2022 from four experimental dry
bean farms, 0.4–0.7 ha each, located in the Prespa lakes in the prefecture of Florina in
Northern Greece. Monitoring of H. armigera was performed with two delta type pheromone
traps for each experimental farm. Two of the farms were under conventional cultivation
receiving the region-specific pesticide treatments according to a regular calendar schedule,
except for the cultivation rows where the pheromone traps were placed. The two other
experimental farms were under organic cultivation without receiving any pesticide ap-
plication. Field observations were carried out two times per week starting from mid to
late April until the start of September. The number of caught moths was recorded during
each sampling interval and all captured individuals were removed after each observation.
Lures were replaced each month. The physiological time of H. armigera was estimated
under field conditions in terms of degree-days heat summations. The average method,
or linear model, was used to calculate daily degree-days from minimum– maximum air
temperature data [20,36]. In all cases degree-days were accumulated after the 1st of January.
We used lower temperature thresholds from other published studies considering that these
are closer to the total development of the species with a lower developmental threshold
TL = 9.42 ◦C and an upper threshold TU = 34.4 ◦C [18,44,45].
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2.2. Determination of H. armigera Moth Phenology

Males of H. armigera emerging from over wintering larvae constituted the 1st flight.
The start of this flight was determined by the first moth catches in late spring while the
start of the subsequent flight was assumed to be the time when moth catches began to rise
consistently following a period of few or no catches [46]. The duration of time between the
start of each flight and the start of the subsequent flight was taken as generation time. Moths
captured after the end of August were not considered in the analysis since photoperiod is
no longer favorable for development and the few moths captured after that period belong to
individuals that didn’t diapause [5,46]. In some cases, especially during the third flight, we
observed bimodal patterns which were considered belonging to the same flight generation.
As in some cases, the moth phenology appeared quite confusing (i.e., the last flights), we
excluded the extreme outliers from the analysis. The pooled data, regardless of the type
of the dry bean cultivations, were further used to define and generate the moth density
for each flight generation of H. armigera and develop degree-day thresholds of the peak in
moth abundance.

2.3. Data Analysis

Here we present the basics on the non-parametric data analysis approaches to model
H. armigera moth phenology used in this study. Emphasis will first be given on the non-
parametric bootstrap, then on the Bayesian version, which also will be briefly described.

2.3.1. Non-Parametric Bootstrap with Replication

The general bootstrap framework of estimating basic parameters of moth phenology
is described as follows. We consider the observed sample of moths x = (x1, x2 . . . , xn)
with xi ∼ F of some unknown distribution. We further consider that θ = t(F) is the pest
risk threshold parameter of interest, and θ̂ = s(x) is the statistic used to estimate θ from
the sample of moth capture data. Here θ is a function of t() of the distribution function as
follows [41]:

θ = EF(X) =
∫

x f (x)dx (1)

where EF() is the expectation with respect to F. To estimate parameter θ of the distribution
of we independently sample x∗i with replacement from {x1, x2 . . . , xn} for = 1, . . . , n. Then
the statistic θ̂∗ = s(x∗) is calculated where x∗ = (x1

∗, x2
∗ . . . , xn

∗) is the resampled data.
Finally, the procedure was repeated a total of r times to form the bootstrap distribution of θ̂.
Thus, the bootstrap distribution consists of r estimates of θ plus the original estimate θ̂ of
the bootstrap distribution

{
θ̂, θ̂∗1 . . . , θ̂∗r

}
. We have generated different sampling size and

finally adopted n = 10,000 replications first, since distributional patterns are not further
improved after this point and, secondly, to ensure that the estimations from the bootstrap
distribution are not subject to Monte Carlo simulation [47].

The population mean can be estimated in terms of the expectation with respect to F̂n
in place of F as [47,48]:

θ̂n = EF̂n
(X) =

n

∑
i = 1

xi f̂i =
(

n−1
) n

∑
i = 1

xi f̂i = x (2)

where f̂i = n−1 is the probability that the empirical cumulative distribution function
assigns to the i th observation. The true population variance can be estimated as:

θ = Var(X) = EF

(
(X− µ)2

)
= EF

(
X2
)
− (EF(X))2, (3)
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where µ = EF(X) is the expected value of x, while the bootstrap estimate is [42]:

θ̂n
∗ = EF̂n

(
X2)− (EF̂n

(X)
)2

=
(
n−1) n

∑
i = 1

xi
2 −

(n−1) n

∑
i = 1

xi

2

=
(
n−1) n

∑
i = 1

(xi − x)2

(4)

EF̂n
() is the empirical expectation operator that replaces the true expectation operator

EF(). The distribution that resulted from the bootstrap procedure can be used as a surrogate
for estimating the properties of θ̂ as well as for forming the confidence intervals for the
actual pest risk threshold θ [49].

2.3.2. The Bayesian Bootstrap

The Bayesian Bootstrap (BB) is analogous to the bootstrap in which the latter can be seen
as a special case [50]. In this work we suppose that we do not have some knowledge about
the invariant properties of the distribution of interest (i.e., the physiological time evolution
of moth abundance) and thus, use a Dirichlet process as the prior for the target distribution
which is further used as priors for Bayesian analysis. The replication of each Bayesian
bootstrap generates a posterior probability for each sampling set by considering that the
prior unknown distribution is Dirichlet distribution with parameter weights 1, . . . ,1 [51].

Let d = (d1, d2 . . . , dm) denote a vector of all possible distinct values observed
each time the distinct values of x = (x1, x2 . . . , xm ) are observed having an unknown n
distribution. Each value of d is further associated with a random probability vector with m
elements π = (p1, p2 . . . , pm ) so that [51]:

P(x = dm | π ) = πm (5)

and
∑ pm = 1 (6)

The Bayesian Bootstrap, infers the distribution of d by resampling x1, x2 . . . , xm with
Dirichlet weights of coefficients 1, . . . , 1 yielding to the following hierarchical Bayesian
statistical model [52]:

(d1, . . . , dm)|(p1, . . . , pm) ∼ ⊗Cat(m, (p1, . . . , pm)), (7)

for m times. With
(p1, . . . , pm) ∼ Dir(m, (0, . . . , 0). (8)

Bayes’ theorem yields the posterior distribution:

(p1, . . . , pm)|(x1, . . . , xm) ∼ Dir(m, (1, . . . , 1)). (9)

Since p1 + . . . + pm = 1,

π(p1, . . . , pm)|(x1, . . . , xm) ∝ π(x1, . . . , xm) | (p1, . . . , pm)× (x1, . . . , xm) | π(p1, . . . , pm)

∝
m

∏
k = 1

pk ×
m

∏
k = 1

1
pk

= 1 ∼ Dir(m, (1, . . . , 1)).
(10)

Thus, the Dirichlet is a multivariate distribution over proportions which has support
over vectors of real numbers between 0 and 1 that together sums to 1 and puts most of the
density over combinations of proportions where most of the probabilities are zero and only
few are large.

Using this type of prior will make the model consider it very likely a priori that most
of the data are produced from a small number of the possible values (i.e., most of the
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data are produced from a small number of possible values of d). In other words, the
Bayesian bootstrap considers values already seen in the moth capture data as possible
and the proportion of time a datum occurs in the resampled data set should be roughly
proportional to the data point’s Dirichlet weights.

2.3.3. Dirichlet Sampling to Weight the Data and Estimate the Prior

To sample the Dir(m, (1, . . . , 1)) the Bayesian bootstrap procedure considers u1, . . . , um−1
realizations and assume that they are ordered as u1 ≤ . . . ≤ um−1. Then u0 = 0 and
um = 1 are set and the differences gk = uk − uk−1 for k = 1, . . . , m are estimated to
generate g1, . . . , gm realizations of Dir(m, (1, . . . , 1)) [51].

The impute parameters of the model are determined for each resampling (x1, . . . , xm)
with Dirichlet weights of coefficients (1, . . . ,1) using a least-squares fitting operator, where
Cat is the Categorial distribution on {x1, . . . , xm } and Dir the Dirichlet distribution, which
is a conjugate prior. The inherent advantage of the Bayesian Bootstrap over the simple
bootstrap is in terms of inferences about the parameters since the BB generates likelihood
statements rather than frequency statements about statistics under assumed values of
parameters [51]. Moreover, The Dirichlet distribution is ‘smoother’ than the multinomial
distribution of the simple Bootstrap, so the Bayesian bootstrap may be considered as
a smoothed bootstrap. The Dirichlet distribution is sometimes called a “distribution
over distributions” since it can be thought of as a weighted distribution of probabilities
themselves [53].

Finally, to validate the pest risk thresholds (data of 2021) we applied the Bayesian
bootstrap using a new data set (2022) and used the resulting sample to calculate the posterior
difference between the two risk thresholds expressed in terms of heat summations.

2.3.4. Confidence Intervals and Percentiles

Since the bootstrap distribution is approximately symmetric, we have estimated
the confidence intervals of the mean and constructed confidence interval of median by
finding the percentiles in the bootstrap distribution. The confidence intervals are given as
follows [48,49]:

CI =
(
2θ̂n − θ̂∗1−α/2, 2θ̂n − θ̂∗α/2

)
(11)

where θ̂n is the mean, θ̂∗ the bootstrap means and α the significance level.
Instead of computing the differences, the bootstrap percentile method used the distri-

bution of the bootstrap sample statistics as a direct approximation of the data sample statis-
tic:

PC =
(
θ̂a/2θ̂∗1−α/2

)
(12)

2.4. Meteorological Network, Whether Data and Software

In order to have real time weather data to be further used for the DSS as inputs for
initiating the above defined risk action thresholds, we have established seven telemetric
meteorological stations which collect real time data. The weather data are delivered
to a cloud server using the Adcon®(advantage 6.x) telemetry software and generates
region specific predictions for H. armigera. Conceptually, the software works in a cloud
environment, collecting data and exploits large data sets on a remote server to be used later
on as inputs for generating pest risk thresholds and some default plant disease models.
To generate real time pest risk alerts the software was parameterized on a Graphical User
Interface (GUI) environment using the aforementioned phenology metrics. The particular
software was chosen because it is easy to operate and can be configured without needing
programming knowledge. In addition, it consists of a pilot for testing the thermal thresholds
performance in the particular area of interest since a wider Internet of Things (IoT) Decision
Support System (DSS) is still under development.
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3. Results
3.1. Moth Phenology and Population Density

During both observation years, 2021 and 2022, H. armigera had a consistent abundance
throughout the dry bean growth season and completed three flights per year (Figure 1).
Moth flights of spring moth emergence (1st flight) occurred in early to late May, while
in most cases the 2nd flight started in June, peaked in July and was characterized by
bimodal patterns. The 3rd flight was observed during the physiological maturation of
bean production. This flight began in late August and lasted through early September,
was characterized by consent moth observations but was quite abrupt. Due to this trend,
the definition of discrete moth generations, especially for the third flight, proved quite
challenging and especially in the cases where the number of moths captures was low.
Therefore, we decided to pool the available data of each observation year for having an
improved sampling space to generate the moth density for each H. armigera flight generation
and estimate the related for each case bootstrapped pest risk thresholds (Figure 2).
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Figure 1. Seasonal flight patterns of H. armigera (black line) as observed with eight pheromone traps
(dashed lines) placed in four experimental dry bean fields in the Prespa region of Northern Greece.
Sampling intervals are 3-day observations starting from mid-April till end of August 2021 (a) and
2022 (b).
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Figure 2. Description of moth capture data distribution frequencies, densities and empirical quartiles for
the first, second and third flight of H. armigera moths in respect to accumulated degree-days > 10.1 ◦C
after 1 January 2021.

The moth density of the first flight showed a clear moth peak representing the time
where moth emergence is more likely to appear and without strong deviations from nor-
mality, while the second and especially the third flight, were characterized by multimodal
patterns with strong deviations from normality. This was also the reason that we have
decided to use straightforward non-parametric procedures to estimate the degree-day risk
thresholds for H. armigera rather than estimating phenology metrics based on parametric
distribution functions.

The description of moth capture data distribution frequencies, densities and quartiles
for the first, second and third moth flight of H. armigera are shown in Figure 2. Despite
the relatively large, for insects, data sets of all three flights were characterized by slight
deviations from normality as it shown by the histograms, the density of moth captures as
well as the relative boxplots.

3.2. Bootstrapped Phenology and Bayesian Degree-Day Thresholds

The bootstrap procedure improved considerable the distribution of phenological
data. The effect of different bootstrap sampling sizes n = 50, n = 100, n = 5000 and
n = 10,000 on the sampling distribution of the first flight of H. armigera are shown in Figure 3.
Importantly, as the bootstrap sample size increases, bootstrapping converges on the true
sampling distribution for all three flights. Hence, increased bootstrap samples improved
considerably the distribution patterns of H. armigera phenology although practically there
was strong consistency of all estimates for n = 10,000 and afterwards. The simulation of
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10,000 bootstrapped means of a random samples taken with replication from the vector of
moth phenology for the first, second and third flight of H. armigera are shown in Figure 4.
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Figure 3. The effect of different bootstrap sampling sizes n = 50, n = 100, n = 5000 and n = 10,000 on
the sampling distribution of H. armigera first flight.
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Figure 4. Simulation of a sample of n = 10,000 bootstrapped means, θ̂∗(1), . . . , θ̂∗(10,000), of random
samples taken with replication from the vector of moth phenology for the first, second and third
flight of H. armigera.

The Bootstrap-simulated densities for the first, second and third flight generations of
H. armigera are illustrated in Figure 5a–c and the respective to each moth flight posterior
distributions, conditioned over the Dirichlet weights, are shown in Figure 5d–f. The highest
number of H. armigera moth captures were observed at 132DD, while the subsequent
second and third flights peaked at 552DDs and 1022DDs, respectively and according to the
average method of heat summation. These values are the result of various combinations of
simulated non-parametric Bayesian samples that collectively provide an estimate of the
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variability between random samples drawn from the same moth populations. The range
of these potential samples allowed the procedure to construct confidence intervals and
estimate the quantiles of moth population distributions (Table 1). Moreover, these values
and especially, the mean or the median, consist of the pest risk thresholds since they are
expressed in terms of physiological time and thus define the period of highest pest activity.
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Figure 5. Some simulated bootstrapped densities (n = 50), for the first (a), second (b) and third
(c) flight generations of H. armigera. Posterior frequency distributions according to the Bayesian
bootstrap procedure (n = 10,000) for the first (d), second (e) and third flight (f) of H. armigera. Means
represent the degree-days of the highest pest activity (i.e., peak in moth abundance) and HDI the
related 95% high density intervals.

Table 1. Degree-day risk thresholds and related phenological metrics for H. armigera flight generation
according to the non-parametric Bayesian boostrap approach (n = 10,000 replications).

Summary Statistics of the Posterior

Flight Generation Draws HDI *. Low Mean HDI. High sd Midrange

First (F1) 10,000 113.13 132.13 149.75 9.32 170

Second (F2) 10,000 527.78 551.72 579.27 13.2 531.9

Third (F3) 10,000 992.2 1021.6 1049.6 14.8 1020.3

Quantiles and tendencies

Q2.5% Q25% median Q75% Q97.5% mode

First (F1) 114.04 125.76 131.83 138.21 150.96 79.4

Second (F2) 525.83 542.56 551.72 561.05 577.6 675.6

Third (F3) 992.7 1011.5 1021.56 1031.82 1050.09 1049.8
* HDI: High Density Intervals.
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Moreover, based on the quantiles diagnostics we estimated the 2.5%, 50% and 97.5%
percentiles of the median for each generation flight (Table 1). The quantiles consist of the
requested degree-day risk thresholds since they represent the physiological time at which
the peak in moth abundance is more likely to appear under field conditions. Based on
the current analysis the first captures of a high density of H. armigera moths early in the
season were observed at 114DD, peaked at 131DD and ended at 150DD. The second flight
generation was observed at 525DD, peaked at 551DD and ended 577DD, whilst the third
started at 992DD, peaked at 1021 and ended at 1050DD, respectively (Table 1). From a pest
forecasting standpoint, these values consist of the basis of thermal time decision rules of
the plant protection decision support.

The moth capture phenology data of the 2022 growth season were used to validate
the pest risk thresholds. In most cases, the moth frequencies for each generation flight
were very similar between the 2021 and 2022 growing years as shown by the posterior
differences between the two data sets (Figure 6). Low difference indicates good fit between
the proposed risk thresholds for 2021 and those observed in 2022. The slight deviations that
were observed between predicted and observed phenology metrics should be attributed to
the general appearance of H. armigera phenology which was characterized by a relatively
low level of moth captures. This tendency was particularly higher for the third flight.
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Figure 6. Posterior difference (V1) according to the Bayesian bootstrap procedure (n = 10,000)
between predicted (2021) and observed degree-day risk thresholds (2022) expressed in terms of heat
summations (i.e., peak in moth abundance) and the related 95% high density intervals (HDI), for the
first (a), second (b) and third flight (c) of H. armigera.

The posterior difference between the Bayesian degree—day thresholds developed with
phenology data of 2021 and the observed with data of 2022 for the first flight generation
of H. armigera were 5.71DD, which is remarkable low (Figure 6a). Thus, we can be fairly
confident in choosing this threshold for predicting the appearance and peak of the first
overwintering generation of H. armigera in the region of Prespa Lakes. Moreover, the
degree-day thresholds posterior difference between 2021 and 2022 for the second flight
generation is 77.8DD (Figure 6b). This difference can be characterized as being within
acceptable levels given that during the summer it corresponds to a deviation of about 3 to
5 days. The posterior difference for the third flight generation of H. armigera was 114DD
and was the highest compared to the two other flight generations (Figure 6c).

3.3. Decision Support System and H. armigera Forecasts

Figure 7a illustrates one of the meteorological weather stations (station code:
deuterevon1) that were installed in the bean cultivation area of interest over the Prespa
lakes in the prefecture of Florina. Figure 7b shows the location of the weather station
based on the graphical user interface (GUI) of the digital plant protection decision support
system. Figure 7c,d show the temperature indications and the respective heat summa-
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tion recordings as illustrated in the graphical interface of the decision support system.
Thus, overall, the implemented digital plant protection decision support system provides
a variable information including the geolocation of the station through a google maps
application, information of the weather sensors functioning as well as the illustration of real
time weather recording i.e., mean, max and min temperatures, duration of risk thresholds
and related accumulated degree-days) (Figure 7e,f). We have set as Biofix for heat recoding
and related degree-days heat summation, the 1st of January. Temperature recordings that
are higher than 9.42 ◦C, which is the lower developmental threshold of H. armigera, have
been mostly recorded after the end of March for 2021 and the start of April for 2022.
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Figure 7. A representative meteorological station (a) and its location in the Prespa lake area in the
prefecture of Florina (b). Graphical User Interface (GUI) and real time software outputs of: mean,
max and min temperature online sensor indications (c), mean (blue), max and min (green) daily
temperature recordings (1 January 2021 so far) (d), pest risk thresholds indications and their duration
for the first flight of H. armigera (e) and accumulated degree-days from 1 January 2021 (f).
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The system creates alerts indicating the day and time period when the population
activity of H. armigera is maximum by using the real-time weather data as input and the
predefined pest risk threshold. (Figure 8). According to the generated alerts the first flight
of H. armigera was predicted on 23 May, the second on 3 July and the third on 16 August.
This is the most essential part of the plant protection decision support system since it
can be used to initiate control methods. Apart from that, other information delivered
by the decision support system through the meteorological network (not shown) is quite
important for indicating the time period where the weather conditions are more favorable
for crop development as well as pest increased activity and development.
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Figure 8. GUI event list output and the real time H. armigera thermal risk thresholds generated by
Adcon®telemetry software plant protection decision support system used in the current study. Note
that the default software output of 1,021.0 DC corresponds to 1021 accumulated DDs and so on.

4. Discussion

Quantifying and predicting pest phenology is a difficult task due to the inherent
characteristics of abundance data which are collected under field conditions. For short and
noisy data sets the estimation of the first and last events (i.e., moth emergence and end of
generation) are very sensitive to changes in population abundance and often biased [54–56].
More data points might increase the probability of observing rare phenological events and
estimate the parameters of the underlying distribution, but usually are not available in
insect surveys.

In this work we present how robust phenological metrics for H. armigera in terms of
degree-day heat summation thresholds can be obtained using non-parametric bootstrap
methods. Particularly, we apply for the first time the Bayesian bootstrap, initially proposed
by Rubin [51] as a Bayesian analogue of the Bootstrap proposed by Efron [48], to model
phenology data of H. armigera and to develop degree-day risk thresholds. Although
bootstrapping has become widely used in statistical analysis [57], there has been little
reported concerning bootstrapped Bayesian analysis in phenology studies. Actually, to the
best of our knowledge, there are no related studies which estimate essential phenology
metrics of H. armigera in bean cultivation such as the time of its highest density.

It is important to note some conceptual variations between the Bayesian and the
ordinal bootstrap. While the Bayesian bootstrap is probabilistic and assumes that the
sample distribution is itself random and has a prior distribution, the ordinal bootstrap is a
frequentist statistical technique that assumes that the sampling distribution is unknown but
nonrandom [29–32]. According to the central limit theorem a high number of simulations
yields to a reasonable approximation to the unknown normal population distribution and
its parameters of interest. Placing a Dirichlet prior on the unknown distribution corresponds
to Bayesian bootstrap [51]. The Bayesian perspective is more comprehensive to ordinal
bootstrap since it produces no single value, but rather a whole probability distribution
for the unknown parameter θ (e.g., moth peak) conditioned over the available phenology
data (e.g., moth abundance). Thus, a conceptual standpoint of the Bayesian bootstrap,
compared to traditional bootstrapping, is that the sampling distribution for the observations
is multinomial and the prior for the weights is a limiting Dirichlet distribution. In simple
terms the Dirichlet puts all its weight on the vertices of the simplex that correspond to
the vectors of the bootstrapped probabilities of moth occurrence. This means that the
proportion of times a data point occurs in the resampled moth data abundance set is
proportional to that data points weighted according to the Dirichlet distribution.
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Many applications of statistical models in entomological research require a vast
amount of data to extract the parametric specifications of the probability distributions
of interest that best describes insect phenology [58]. However, in most situations there will
be insufficient data and prior information to justify such parametric assumptions [23]. The
current work overcomes this problem proposing a non-parametric method as a flexible
and robust tool to specify distributions of insects under field conditions and extract devel-
opmental parameters of interest. If, for instance, insect phenology is heavy tailed and/or
explicit strong deviations from normality, and/or, a wrong family of distribution is chosen,
this can lead to biased estimates of phenological events.

In this context, the current work is a different approach from most traditional ways of
predicting moth dynamics having the advantage of accounting the non-parametric nature
of phenology data. From an ecological standpoint, in the proposed Bayesian bootstrap
approach, essential futures of the pest phenology patterns and the related distributions
(i.e., central moments), can be ‘learned from the data’ rather than specified in advance
from growth studies or by fitting parametric non-linear regression models. Moreover,
since in poikilothermic organisms, such as arthropods and plants, the time evolution of
phenological events is associated with changes in environmental temperature and the
phenology metrics are generated on physiological time scale rather than calendar date.
Thus, although we expect that the thermal requirements we have estimated for H. armigera
to be constant, the dates of its highest density may change from year to year depending on
the prevailing temperatures.

Concerning the number and duration of H. armigera generations, they depended upon
the particular location of the research [59]. The time of the first generation of H. armigera was
short, approximately 30 days in the field, and this is in accordance with other studies [60,61].
Moreover, in other regions of northern Greece H. armigera usually completes three gen-
erations per year as observed in the current study [61]. In Australia the pest completes
at least three flights per year and catches in pheromone traps suggested a major peak in
(male) numbers of H. punctigera in early spring [62]. In Israel, which is significantly warmer
than Northern Greece, it has been observed that the post diapause adult emergence of
H. armigera begins in late April, and 50% of females enclose before 6 May, which is 9 days
before 50% of the males do [63], while in central Japan, which is much colder, H. armigera
moths emerge in early June [64].

In this work the prediction for the overwintering generation peak is 132DD a value
which generally is in accordance with studies conducted in cotton cultivations where
adult emergence occurred usually between early and late May [61]. In other locations
and where information is available, such in the southeast of Caspian, the adults appeared
above 219DD, but temperature recordings were based on remote sensing [65]. Moreover,
there were no considerable differences of the first flight of H. armigera in early spring as
observed in 2021 and 2022. However, we observed deviations of about 70–100DDs, between
the years 2021 and 2022, for the second and third flights, respectively. These deviations
were indeed to be expected, considering that phenology data after the first and especially
second moth flights, are noisy and characterized by multimodal patterns. This is a general
trend, observed also in other moth studies and justified, to some extent, by the fact that,
as temperatures are favorable for growth, populations increase causing an overlapping of
generations [20,46]. In addition, harvesting crops with a shorter biological cycle in nearby
areas may cause moths to move to the longer-lived bean cultivation in order to secure food
for their subsistence and blurring the in-cultivation phenology patterns. Yet, there are no
related works that focus on dry bean cultivation and that provide information for all flight
generations of H. armigera to be compared with. Therefore, degree-day risk thresholds as
estimated in this work for all three generations is very important since bean cultivation is
exposed to the attack not only of the first flight generation but also of the succeeding.

However, despite the practical utility of the current degree-day thresholds some
limitations of the modeling approach should be also noted. For instance, the bootstrap
method does not improve point estimate, meaning the quality of bootstrapping depends
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on the quality of collected data and the assumptions being made when undertaking the
analysis [48]. Therefore, any field experimentation should be a good approximation of
the whole population data to get robust phenology metrics. One other disadvantage, as
well as of any degree-days modeling approach, is that apart of the thermal environment it
does not account on other factors that might affect pest occurrence. For example, when a
population experiencing unmeasured changes in abundance such as predation [66] and/or
interspecies competition [67], it becomes quite challenging to determine whether moth
changes, especially the first and last observations, are a consequence of changes in actual
phenology, or changes in population abundance. Migration and host range might be an
additional factor affecting moth abundance and phenology. The species can migrate over
long distances (>100 km) and aided by wind up to 2000 km [68], while the ability for long
distance movements of seasonal migration from low to higher latitudes in summer, usually
on warm winds preceding cold fronts, is a characteristic of H. armigera [69].

Nevertheless, in the current work we have observed a consistent presence of the
pest in all experimental fields and during both study years, supplying evidence that
probably a local population of H. armigera has been established in the region of Prespa
Lakes in northern Greece. Additionally, despite the factors affecting H. armigera abundance
environmental temperature is the predominate factor affecting its bio-ecology and related
phenology patterns [70]. It is known, for example, that abrupt changes in phenology and
population number of H. armigera occurred after abrupt temperature changes, while climate
change had a greater effect on the phenology of H. armigera at higher latitudes than at lower
latitudes and led to a greater increase in population size at lower latitudes than at higher
latitudes [71].

Despite any inherent ecological constrains that might affect insect abundance, tem-
perature is by far the most predominant factor and therefore, the current work provides
useful information for rational management of H. armigera. Moreover, our study provides
an alternative to parametric modeling approach for handling insect occurrence data and
extract vital phenology metrics. The Bayesian bootstrap particularly is powerful statistical
technique for posterior simulation especially working with small sample sizes (i.e., <40)
that cannot be handled by assuming a normal distribution [67,72–74]. From a pest man-
agement standpoint, the study demonstrates the importance of the developed pest risk
thresholds for the development and operation of real time decision support systems for
pest management. Currently, we are looking forward to improve H. armigera forecasts and
expand the functionality of the decision support system by including more pest threats and
validate its functionality into more areas.

Finally, the developed pest risk thresholds will be integrated into VELOS, a novel
cloud based smart ecosystem for precise farming and pest management of bean farms [75].
VELOS leverages Information and Communication Technologies such as Internet of Things,
Artificial Intelligence, Big Data analytics, and Unmanned Aerial/Ground Vehicles for
extracting knowledge in order to provide an integrated solution to effectively support
decision-making, efficiently managing pesticide application and its scheduling. The pest
risk threshold subsystem of VELOS will drive the activation of other VELOS subsystems
(e.g., UAVs and UGVs), while it will constitute a verification of the output of the pest
damage detection engine subsystem.

5. Conclusions

In the current study we applied non-parametric Bayesian bootstrap methods for esti-
mating problematic metrics of phenology patterns such as the moth peak emergence and
onset of successive generations of H. armigera. Conceptually, and without going into deep
mathematical details, the approach allows to estimate parameters of the unknown distribu-
tion of moth phenology data and adapted in terms of physiological time and without being
restricted to a family of predefined distributions such as the normal, Weibull etc.

Additionally, the approach resulted in the development of degree-day thresholds to be
used as a rational tool for predicting the most important phenological events of H. armigera
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including start, peak and end of each generation. Although, these thresholds have been
incorporated into digital plant protection systems their implementation should always
include the consideration of their consistence in terms of improving their performance.

Despite the inherent limitation of the current study, we expect that the present study
fills the gap of the absence of non-parametric approaches in analyzing insect phenological
patterns. Furthermore, it proposes degree-day thresholds utile for predicting occurrence
of H. armigera in bean cultivation and that are necessary to develop digital plant pro-
tection systems for rational management of H. armigera and reduce the hazardous of
synthetic chemicals.

Author Contributions: Conceptualization, P.D. and F.P.; methodology, software and r-scripts, P.D.;
experimentation, data collection and validation E.T., P.D. and F.P.; formal analysis and data curation,
P.D.; writing—original draft preparation, P.D.; writing—review and editing, P.D., F.P, T.K. and M.L.;
supervision, F.P.; project administration and funding acquisition, M.L. All authors have read and
agreed to the published version of the manuscript.
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