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Abstract: Valencian citriculture is oriented towards fresh production, which requires fruits with few
seeds or seedless fruits. Consequently, parthenocarpic and self-incompatible varieties are mainly
cultivated. However, some mandarin varieties, under favorable circumstances, induce seed formation
in other mandarins by cross-pollination. This phenomenon depends on the germination capacity
of the pollen of the pollinating variety, the number of ovules of the pollinated variety, the distance
between them, and the abundance of pollinating insects. Previous studies in Instituto Valenciano
de Investigaciones Agrarias (IVIA) have determined the ability to pollinate and be pollinated by
all commercial varieties in Europe. Moreover, the Regional Government, Generalitat Valenciana,
has georeferenced information on the cultivated varieties. We present two geostatistical models to
estimate the risk of plots to be pollinated, depending on the varieties present in their environment, the
number of plants, and their distance. Models are used to generate local and regional cross-pollination
risk maps. Moreover, the robustness of these models to changes in the values assigned to their main
parameters is assessed using different similarity calculations.

Keywords: Google Earth Engine; seedless; apiculture; fruit quality; similarity

1. Introduction

Spain is the largest citrus producer in Europe and sixth in the world [1], with a
production of 6,257,696,000 kg in 2019 [2]. Comunitat Valenciana is the major citrus-
growing region at national level, both in terms of area, with 159,248 ha representing 53.7%
of the national total in 2019, and in terms of production, with 3,067,517,000 kg representing
49% of the national production in the same year [2,3]. Valencian producers have a strong
exporting vocation, mainly of products destined for fresh consumption and with high
quality standards. According to the Food and Agriculture Organization of the United
Nations (FAO), Spain is the world’s major citrus exporter [1]. In Spain, 43.8% of the 2019
production (2,743,791,000 kg) was destined to foreign markets [2].

Citrus orchards cover 29.1% of the agricultural land of the Valencian Community. The
Valencian citriculture is mostly dedicated to the production of orange and mandarins (45.9%
and 44.2% of the citrus production, respectively) for the fresh consumption market [3],
where seedless fruits have much higher prices. For this reason, parthenocarpic and self-
incompatible varieties, which prevent seed generation, have been traditionally cultivated.
Some of newly introduced varieties, most of them obtained by hybridization processes,
have the ability to pollinate already established orchards under favorable circumstances,
thus inducing the formation of seeds. This phenomenon is known as cross-pollination.
It depends, among other factors, on the germination capacity of the pollen grains of the
pollinating variety; the number of ovules of the pollinated variety; the distance between
plants; the presence of pollinating insects; the weather conditions before, during, and after
blooming; the coincidence in time of both blooming seasons; the orientation of the rows;
and the presence of hedges or barriers.

Wind pollination of commercial citrus is negligible as pollen is heavy and sticky [4].
Moreover, citrus produce nectar copiously that is secreted continuously for at least 48 h after
the flower opening [5]. Citrus nectar is a major attractant for bees (Apis mellifera), which
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have evolved to optimize the cost of searching for food, in terms of time and energy. Their
flight distance varies with weather conditions and the flowering of surrounding plants [6].

With the aim of making citrus farming compatible with beekeeping and with citrus
flower honey production, Generalitat Valenciana traditionally establishes temporal mea-
sures to limit cross-pollination between citrus plantations. These include the limitation
or prohibition of the settlement of beehives in the vicinity of crops in those areas and
municipal districts where a high risk of cross-pollination during the flowering period may
occur. Times and areas are currently estimated from the meteorological data recorded and
weather forecast for next spring. Likewise, it regulates the use of phytosanitary products
by farmers, so that only harmless products and practices are allowed and applied at times
when bees do not forage [7].

In this context, it is imperative to design new tools to manage citrus cross-pollination
risks impartially, using scientific knowledge and ground data. Contrary to citrus grown in
Spain, pollination or cross-pollination may be beneficial for many species, thus considered
an essential ecosystem service. However, they may also cause undesired effects for other
crops, for instance, pollination of surrounding cultivated or wild species by genetically
modified crops. Furthermore, sensible people suffer from allergies owing to the pollen of
different plant species and it is important to forecast their level in the atmosphere. Being
different applications, different approaches are found in the literature.

An example of the first applications (pollination as ecosystem service) can be found
in [8], with further development in [9], where the objective is to understand the contribu-
tions of landscape elements to pollinator populations and to crop pollination.

On the other hand, Lipsius et al. [10] proposed Lagrangian approaches to model pollen
dispersal from a genetically modified maize field. These models proved to be appropriate
for the simulation of the cross-pollination rates, but performances differed between years.

Suano et al. [11] reported a methodical review of methods to predict atmospheric
pollen level prediction, aimed at avoiding health burdens to the sensitive population.

At this point, we should remark the differences between risk and probability. Risk is
the level of possibility that an action leads to an undesired outcome. Risks may even pay
off and not lead to a loss but to a gain. On the other hand, probability is an estimation of
how likely is it that an event will occur.

This work focuses on spatially representing cross-pollination risks that affect citrus
orchards in Spanish conditions, because, once the orchards have been planted, it is highly
expensive to replant them. Cross-pollination risks of an orchard derive from the variety
that is planted, the amount of plan material, its location, and these same characteristics
of the surrounding citrus orchards and the presence or absence of pollinators. However,
the probability of pollination occurring depends on meteorological and climatic factors
combined with the abundancy of pollinators and landscape configuration.

The geostatistical models developed in this work to estimate the distribution of the
risk of cross-pollination in our territory were created taking advantage of current free
online services capable of easy modelling and fast data analysis, without increasing the
demand for local computing resources. One of them is Google Earth Engine. Our models
were developed in close cooperation with the stakeholders in such a way that the results
are visibly interpretable, and both the models and the results can be easily discussed and
improved. Two models were built using the same base hypothesis, as defined in Section 2.2.
One is developed at local scale, in which risks are calculated at individual orchard level,
and another is aimed at representing a regional scale, by aggregating such individual risks
into larger tiles to produce large scale maps. Their differences are described in Section 2.3.

As models must demonstrate their robustness, a complementary objective of this work
is to analyze the sensitivity of the developed models to changes in the values of the main
variables (those linked to the fundamental hypotheses). Robustness is examined for both
models (Section 2.4) by analyzing similarities in terms of data or image correlation and, in
the case of images, also in terms of structural similarity, via the structural similarity index
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measure (SSIM) described in [12]. Section 3 describes the obtained maps and the results of
robustness analysis, while Section 4 discusses the novelties and implications of the work.

2. Materials and Methods
2.1. Data Sources and Pretreatment

Models are based on two data sources:

• An official database containing geo-referenced information of 219,239 citrus plots and
the declaration of the citrus variety grown (hereinafter named REGEPA).

• Studies carried out by the IVIA for more than 25 years, assessing (a) the capacity
of each commercial variety to induce seeds in the others and (b) their sensitivity to
pollination by other citrus [13]. An example of how these data are represented is
shown in Table 1.

Table 1. Example of pollination data generated by IVIA for two common varieties.

Variety Name Germinative Power Viable Ovules
(Seeds)

Nulessin 6 8
Ortanique 65 24

A preliminary study of the REGEPA database revealed some incoherencies (i.e., du-
plicated geometries, null area geometries) in a negligible amount (0.5%) of the records.
These incoherencies were filtered using open GIS software (QGIS [14] and MapShaper [15]),
resulting in 218,203 valid records, which represents approximately 53% of current citrus
orchards cultivated in Comunitat Valenciana.

Furthermore, synonyms were detected (records referring to the same variety but
having the field ‘variety’ with different codes). Synonyms were resolved by changing the
field ‘variety’ of these records to a single code.

2.2. Basis of Both Geostatistical Models

As noted earlier, two models were built, one representing local scales and another at
representing regional scales. Both are based on the hypothesis that, for a particular citrus
plot, the risk of its trees being pollinated depends on the following attributes of its own
and surrounding citrus plots:

1. Plant material (varieties) involved;
2. Amount of susceptible plants;
3. The ability of bees and other pollinating insects to fly from one plot to another.

Consequently, the following assumptions were made:

• Related to the plant material:

(a) Related to the ability of bees and other pollinating insects to reach both plots
Clementines and other varieties have self-incompatibility, their pollen does not
induce seeds to themselves, as reported in [13].

(b) Spring blooming of lemons is lower than that of oranges and mandarins, so
their germinative power is divided by 2.

(c) The capacity for a variety to pollinate (pol_ab) another variety is proportional
to the following:

pol_ab = germinative power (pollinator) ∗ viable ovules (pollinated)/100 (1)

• Related to the amount of plants:

(d) The quantity of vegetation is proportional to the area of affected plots (the
pollinator and the pollinated).

• Related to the ability of bees and other pollinating insects to reach both plots:
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(e) The ability of bees and other pollinating insects to pollinate decreases propor-
tionally with distance until it becomes zero.

(f) The maximum flight distance of bees (Mf) is 3000 m, a value consistent with [6].

The model is implemented as follows:

1. Filter all of the sensible plots (plots having a variety that can be pollinated).
2. For each of such plots:

a. Find all the neighbouring plots in a 3000 m radius. The risk induced by each of
these plots (rn) is calculated using the following equation:

rn = pol_ab* f2 ∗ a* ai ∗ (1 − d/Mf) (2)

where pol_ab is the pollination ability of the neighbor plot (Equation (1)); f
implements assumption (d), a proportionality factor related to plot surface (it is
squared as it is the same for both orchards); a is the area of the sensible plot, a1
is the area of the neighbor plot, d is the distance between plots, and Mf is the
maximum flight distance of bees.

b. Calculate the risk score of a particular plot i (Ri), which is the sum of the risk
induced from each of its neighboring plots.

Ri = ∑ rn (3)

2.3. Differences between the Local and Regional Model: Respective Map Generation

Once the risk score of each individual plot is calculated, the local model is constructed
and directly represented as a vector layer in low scale maps. These maps are aimed at taking
measures at the local level (municipality, cooperative, farmer or beekeeper association,
large enterprises, and so on). Calculated risk scores of plots are directly represented in a
linear scale from green (lower risks) to red (higher risks).

The regional model is aimed at locating the hot spots at the regional level. It requires
the following further processing steps:

1. Generate a squared 3 km × 3 km grid at the regional level.
2. Sum risk scores of plots located under each of the grid elements and generate a pixel

gray level of a raster layer, hereinafter referred as a raw image.
3. Normalize gray levels by dividing them by the 95th percentile of the dynamic range.

This percentile value was selected instead of the maximum gray level to avoid the
effect of excessively large gray levels that would reduce the dynamic range of the
normalized image. The resulting image is hereinafter referred as the normalized image.

Finally, in order to provide a smoother view of this layer, a moving average filter is
applied to the raw image to generate the hereinafter called smoothed image. Risks are
represented in the smoothed image using a palette from green (lower risks) to red (higher
risks) in a stepped scale:

(1) Values from the 0 to 20th percentile are represented as maximum green (hexadecimal
value 00FF00h).

(2) Values >20th percentile and <95th percentile are represented in a linear scale from
maximum green to maximum red (hexadecimal value FF0000h).

(3) Values higher than the 95th percentile are represented as maximum red.

2.4. Robustness Assessment

Robustness assessment assumed that both declared varieties of the plots and orchard
surfaces are correct, as they are inspected by the regional government. Therefore, if we look
at Equation (2), two variables influence the risk score of a plot: f, a proportionality factor
related to plot surface, and Mf, the maximum flight distance of bees.

Subsequently, arbitrary different values for these variables were used to recalculate
risks, which were then compared with the original reference values (f = 1/2.5 per ha and
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Mf, = 3000 m). Arbitrary values of f were determined by multiplying the reference value
by 0.5, 0,82, 1.15, and 1.29, which represent 1/4, 2/3, 4/3, and 5/3 changes, respectively,
in the effect of the amount of vegetation in Equation (2) (because f is squared) from the
original model. Arbitrary values of Mf were 2000, 2500, 4000, and 5000 m, which represent
2/3, 2.5/3, 4/3, and 5/3 changes, respectively, in the effect of the amount of vegetation in
Equation (2) from the original model.

In the case of vector and raster representations, comparisons were made by calculating
the Pearson’s correlation coefficient (r) and the root mean squared error (RMSE) between
the reference and recalculated scores or gray level values.

However, in raster representations, these metrics use absolute or relative differences
of pixel gray level values that do not consider differences in the structural information
present in the images, which are of relevant importance for human visual perception. For
this reason, we used the structural similarity index (SSIM) described in [12]. This index
is the combination of three functions that independently compare the luminance (l(x,y)),
contrast (c(x,y)), and correlation (s(x,y)) of both images:

SSIM(x,y) = [l(x,y)]α · [c(x,y)]β · [s(x,y)]γ (4)

The index was implemented assuming α = β = γ = 1 and coefficients C1 = C2 = C3 = 0
(not shown in Equation (4)), because sums of squared means and sums of squared standard
deviations are far from being 0 in our images. As a consequence, we used a particular case
of SSIM implementation that corresponds to the universal quality index described in [16].
Values of SSIM, l, c, and s were calculated for each raster comparison.

Robustness assessment of the local model was performed by calculating r and RMSE,
on raw and normalized (divided by the maximum value) risk scores. In order to reduce
the effect of zero risk orchard scores in the results, only orchards planted with sensitive
varieties were considered in this analysis.

Robustness assessment of the regional model was performed by calculating RMSE,
SSIM, l, c, and s on normalized risk gray level images, masking pixels outside the citrus
growing area in order to avoid excessive 0 gray level pixels that will hide differences in
these parameters.

3. Results
3.1. Graphical Representation of Models

Figure 1 shows the calculated risk scores of individual orchards in a vector layer of a
map resulting from the local model described in this work. Orchards without risk scores
are either not planted with citrus or non-declared in REGEPA.
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Figure 2 shows the raster representation of the regional model at Comunitat Valenciana
scale. Areas painted in gray represent regions where citrus production is negligible.
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3.2. Robustness Assessment of the Local Model

Table 2 summarizes the distribution parameters of raw risk scores calculated using
the reference parameters (f = 1/2.5 and Mf, = 3000 m). A very high variability of data
can be observed, with a variation coefficient (standard deviation divided by mean) of 3.2.
Moreover, higher values make a clearly biased distribution (the mean is more than four
times larger than the median).
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Table 2. Reference risk data statistics. Max: maximum risk score. Mean: average risk score. Median:
median risk score. σ: standard deviation of risk scores. CV: variation coefficient.

Max Mean Median σ CV

643,064 4312.2 925.2 13,747.8 3.2

Table 3 describes the effect of modifying the estimated maximum flight distance of
bees. As expected, the higher the distances, the higher the calculated raw risk gray level
values (higher maximum and mean gray level values and higher standard deviations).
Similarly, the more distinct the parameter Mf with respect to the reference, the higher
the RMSE and RMSEn and the lower r. However, it can be observed that all correlation
coefficients are extremely high, ranging from 0.988 to 0.999, thus revealing that relative
changes due to variations in this parameter are minimal and they are almost visually
negligible if we use either raw or normalized data and a linear palette to represent risk
scores at the local level.

Table 3. Effect of arbitrarily changing the Mf on risk scores. r: Pearson’s correlation coefficient with
respect to reference risk scores. RMSE: root mean square error difference using raw scores. RMSEn:
root mean square error difference, normalized scores (divided by Max).

Mf Max Mean σ r RMSE RMSEn

2000 419,794 2268.4 7607.8 0.989 1115.3 0.003

2500 529,290 3221.6 10,492.7 0.998 682 0.001

4000 908,041 6840.7 21,191.6 0.999 1980.8 0.002

5000 1,259,671 9797.6 29,811 0.988 4606.8 0.004

A study of the effect of modifying the area factor, f, was not conducted as it is a
proportional, common factor in Equation (2) and subsequently in Equation (3).

3.3. Robustness Assessment of the Reginal Model

Table 4 shows the statistics of the gray levels of the normalized image (prior to
smoothing) used for the regional model. As the maximum value is around 6.8, there is
at least one pixel whose value is extraordinarily high (more than six times the ratio of
conventional normalization obtained by dividing by the maximum value). Furthermore,
the mean is far from being close to 0.5, both facts indicating that large values are scarce,
which reinforces the approach of normalizing by the 95th percentile.

Table 4. Reference normalized image gray level statistics. Max: maximum gray level. Mean: average
gray level. Median: median gray level. σ: standard deviation of gray levels. CV: variation coefficient
of gray levels.

Max Mean Median σ CV

6.767 0.193 0.004 0.584 3.026

Table 5 depicts the effect of modifying the assumption of higher and lower bee flying
distances. The parameters Max, Mean, and σ refer to the generated image, while SSIM is
the similarity index obtained when comparing recalculated and reference images, and c, r,
and l are the parameters used to calculate this similarity index.

As expected, the higher the differences in Mf with respect to the reference, the higher
the RMSE. However, modifications of Mf strongly affect the maximum gray level in an
unclear way: decreasing Mf by 1/3 (Mf = 2000) increases Max much more than increasing
Mf by 1/3 (Mf = 4000). Apparently, a reduction in Mf has a greater effect on the maximum
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gray level than increasing Mf. On the other hand, modifications of Mf did not consistently
affect the mean. The highest values of σ were obtained by decreasing its value.

Table 5. Effect of modifying Mf on normalized images. Max: maximum gray level of recalculated
normalized image. Mean: average gray level. Median: median gray level. σ: standard deviation.
RMSE: root mean square difference with respect to the normalized reference image. c: contrast
parameter in the SSIM model. r: correlation coefficient in the SSIM model. l: luminosity parameter in
the SSIM model. SSIM: c ∗ r ∗ l.

Mf Max Mean σ RMSE c r l SSIM

2000 8.1 0.2 0.6 0.096 0.985 0.990 0.990 0.966

2500 7.6 0.2 0.6 0.053 0.995 0.997 0.997 0.989

4000 6.7 0.2 0.6 0.051 0.992 0.996 0.995 0.983

5000 7.5 0.2 0.6 0.073 0.987 0.992 0.990 0.969

Modifying the bee flying distance did not produce relevant dissimilarities between the
generated and reference images, with SSIM ranging from 0.966 to 0.989. Major differences
were due to contrast (c ranging from 0.985 to 0.995), while r and l were very high (ranging
from 0.990 to 0.997).

Table 6 reflects the effect of modifying parameter f on raw normalized images. Negli-
gible variations are observed when modifying it in the selected arbitrary range (0.5 to 1.29),
which is equivalent to changing the raw risk by a factor in the range of 0.25 to 1.66. Again,
major differences are found in maximum gray level values of the recalculated images and
in contrast with respect to the reference.

Table 6. Effect of modifying f on raw normalized images. Max: maximum gray level of recalculated
normalized image. Mean: average gray level. Median: median gray level. σ: standard deviation.
RMSE: root mean square difference with respect to the reference image. c: contrast parameter in the
SSIM model. r: correlation coefficient in the SSIM model. l: luminosity parameter in the SSIM model.
SSIM: c ∗ r ∗ l.

New f Max Mean σ RMSE c r l SSIM

0.5 ∗ f 7.2 0.2 0.6 0.038 0.999 0.998 0.999 0.997

0.82 ∗ f 7 0.2 0.6 0.022 1 0.999 1 0.998

1.15 ∗ f 6.9 0.2 0.6 0.018 1 0.999 1 0.998

1.29 ∗ f 6.9 0.2 0.6 0.020 1 0.999 1 0.998

4. Discussion

The main reason for our work was to provide tools for helping in the solution of a long-
lasting conflict of interests between citrus growers and beekeepers in Comunitat Valenciana.
Our objectives were twofold: (a) to propose methods to determine cross pollination risks in
Valencian citrus orchards, in order to guarantee the production of seedless fruits, and (b) to
analyze the sensitivity of these models to changes in the input parameters.

We implemented two risk models for the regional and local representation of cross-
pollination risks using as inputs the planted varieties, their pollinating capability, their
sensitivity to pollination, the maximum flight distance of bees, the amount of sensible
vegetation (by means of a factor associated to the area of the orchards), and a damping
pollination function related to the distance between plots. Moreover, we analyzed the
sensibility of these models to modifications in the values of the major variables. Risk
scores in the context of this work are a representation of the relative assessment of actual
cross-pollination risk (orchards having higher scores have higher risks).

The models presented in this study are backed by a huge sample (more than 53% of
orchards of Comunitat Valencina) of actual field information from citrus orchards, which
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provides the results with a high degree of robustness. Our approach provides stakeholders
(lawmakers, farmer unions, honey industry, cooperatives, municipalities, and so on) with
geo-referenced tools for objectively determining ideal land use.

The results demonstrate that, in the case of vectorial representation of local maps,
normalized scores and raw scores provide similar results if a linear scale palette is used
for representation, even if Mf and f values change. They also show, in the case of raster
representation of regional maps, the interest in normalizing gray levels by dividing by the
95th percentile, as such normalization maintains high correlation values and high image
similarity with respect to the reference image, thus reducing the effect of changes in Mf
and f values. This image similarity effect is probably caused by the risk score aggregation
in 3000 × 3000 m pixels and would be further reinforced by the smoothing procedures
applied to the resulting normalized image to build the final map.

The presented regional model is capable of identifying specific large areas (set of mu-
nicipalities or municipality areas where the presence of bees will not pose cross-pollination
risks to citrus), thus providing means for optimal hive location and management. Con-
sidering that approximately 99 mandarin-type varieties and 60 orange-type varieties are
currently cultivated in our region, the proposed local model is a powerful instrument
for the future planning and development of the Comunitat Valenciana varietal location
distribution. Finally, our work demonstrates the interest in exploiting existing databases for
generating tools for land management at different scales and assessing the actual impact of
agricultural and environmental policies.

Cross-pollination can be positive for citrus cultivated in other areas in the world and
for many other plant species. The geostatistical approaches presented in this work can
also be applied to improve pollination when and where required. Worldwide benefits
and problems related to citrus cross-pollination have been illustrated in the literature [17].
However, the presence of seeds in citrus fresh fruits as a result of cross-pollination poses
serious problems to marketing in Western countries, in which consumers are accustomed to
seedless fruit. This has been thoroughly addressed not only in Spain [13], but also in South
Africa [18]. However, such works refer basically to the possibility of commercial varieties to
induce seeds in laboratory tests. One important novelty of this work resides in the proposal
of objective, data-driven geostatistical methods to assess risks in field conditions at local
and regional scales.

Taking into consideration the classification of Suanno et al. [11], the models proposed
in this work can be classified as observation-based, like those reported by [8,9], which
differ from those denominated as process-based, like Lagrangian approaches [10] built
on individual kernel functions [19] or semi-empirical models [20]. The reason for us not
selecting this approach is that this last group is focused on the fate of pollen and the
probability of pollination rather than on the risk assumed by a plot during its lifespan.

With respect to data used as input in these models, the large number of orchards
with respect to the total citrus orchards in Comunitat Valenciana (53%) used to build the
models makes it unnecessary to use interpolation techniques, like kriging, commonly
used for airborne pollen forecasting [21]. According to the typology of data, the authors
of [9] employed those related to pollinator nesting resources, floral resources, foraging
distances, landscape configurations, and even farm management (to study the influence of
agricultural practices). Contrary to our objectives, their models were aimed at predicting
the relative abundance of pollinators and, subsequently the pollination services required.
However, we share the idea of introducing information about the neighboring species
and foraging distances in order to assess the possibility of pollination. Nevertheless, the
work of [10], focused more on pollen fate, includes meteorological information, which we
consider unnecessary for our work, which is focused on risks, not on probabilities.

Most of the above-mentioned literature understands the importance of conducting sen-
sitivity analysis to determine the influence of data variations in the results. Lonsdorf et al. [8]
studied the sensitivity of the model’s prediction dependence on the input variables by
analyzing linear regression coefficients between different models obtained from random
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samples of the input parameters assumed to be uniformly distributed. Kennedy et al. [9]
used different mixed models and the Akaike information criterion [22] for comparing the
adequacy of the models. However, if we consider that their results are raster images, these
methods basically account for relationships between pixel gray levels of different resulting
images, but ignore variations in their structural information. For this reason, we preferred
to use the structural similarity index that independently compares luminance (related to
average gray levels) and contrast (related to standard deviations of gray levels), and not
only correlation between gray levels. Alternatively, Lipsius et al. [10] studied the sensibility
of their models to the quality of meteorological data by a step-by-step reduction of the
information, but we consider that the input information that we use will be easily available
and that testing its reduction is not necessary.

Apart from this, it must also be recognized that the small influence of variations in
parameter f in the results during sensitivity analysis could be attributed to the chosen
reference value. Furthermore, in relation to risk, probability can be used to figure out
the chance that taking a risk will pay off, which has not been undertaken in the present
work. Besides, new relevant tools can be generated from our work to (a) simulate the
risk of cross-pollination that a new orchard planted with a specific variety may induce to
its neighbors and (b) simulate the risk of cross-pollination that neighbors induce on new
orchards, depending on the variety that will be planted. All of these issues will require
further investigation.
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