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The vineyard produces winegrapes (Vitis vinifera) and grown 
varieties include Grenache, Mourvedre, Merlot, Syrah, 
Marselan, Viognier, Chasan, Aranel, Caladoc, Petit Verdot 
and Terret blanc. The field areas vary, being as small as 
0.02 ha and as large as 1.89 ha, with plantation years spanning 
1998 to 2017. Row spacing is consistent at 2.5 m and vine 
spacing at 1 m or 1.2 m. Specific information for each field is 
available in the supplementary data. All vines were trained in 
the short-spur cordon de Royat system, supported by a three-
wire trellis system. Vines are all pruned using a mechanical 
pre-pruning operation performed as early as possible after 
leaf fall (November-December). The mechanical pre-pruning 
was followed by a traditional manual pruning carried out 
during January, February, and the first 15  days of March. 
Weeding was primarily mechanical, with the use of an under-
row weeding machine in October, March and April, as well 
as middle row plowing in October, December and April. 
Only two fields were weeded chemically in March.

For each of the 29 fields, ancillary data providing 
supplementary information were acquired. To characterise 
vegetation cover, the commercial service Oenoview (ICV, 
Lattes, France) was used to provide FCover (Fraction 
of vegetation Cover) maps at 1.5  m² pixels resolution 
(Tondriaux  et  al.,  2018) derived from SPOT 6-7 satellite 
images. Images were acquired in early July 2022. During this 
period, 24 out of the 29 fields had little to no weeds in the 
inter-row areas. Measurements of soil electrical resistivity 
were performed with a commercial service provider 
(Geocarta, France) in 2018. The measurements were taken 
with electrode Wiener devices giving a maximal depth of 
investigation of 1 m (Panissod et al., 1998). Data averaged at 
the field level can be found in supplementary data.

1.2. Indicators

For each field, the proportion of DMV was computed as the 
ratio of the number of observed DMV to the number of vines 

FIGURE 1. Location (A), representation (B) of the grapevine fields, and snapshot of the final dataset (C).
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initially planted in the field. The later value was calculated 
from the plantation density and the area of the field. 

      (1)

A second indicator of spatial autocorrelation was computed 
from the measurements. This indicator was based on 
variographic analysis. As variographic analyses are performed 
on quantitative variables, and not on qualitative variables 
such as productive vines vs. dead or missing vines, the data 
were re-rasterised for the sole purpose of computing this 
indicator. To achieve this, the fields were divided into 5m-by-
5m squares using the grid function in the QGIS software 
(QGIS; QGIS Association, http://www.qgis.org), and the 
number of DMV was retrieved for each pixel. The 5 x 5 m 
resolution was chosen as it represents a good compromise, 
capturing a significant portion of the spatial information 
without distorting its structure (Tisseyre  et al., 2018). This 
method draws inspiration from analyses commonly used in 
forestry (Bellehumeur et al., 1997) when studying planting 
densities. Variographic analysis was then performed based on 
the number of observed DMV in each pixel using the “gstat” 
package (Pebesma,  2004). This indicator represents the 
percentage of variance explained by a spatial phenomenon 
(hereafter referred to as “Spatial autocorrelation”) and was 
computed from    (i.e., the nugget effect that represents the 
variance share that is not spatialised) and  (i.e., the partial sill 
that represents the variance share that is spatialised) as shown 
in Equation 2:

        (2)

1.3. Simulated data
Simulated data were used to better understand the effect 
of spatial autocorrelation on the DMV estimation error. 
The distribution of estimation errors is conditioned to 
the independence of measurements when sampling 
(Thompson, 2012). In crop production, this independence may 
be compromised by the spatial organisation of measurements 
(spatial autocorrelation). This is often driven by spatially 
structured environmental factors (soil and elevation, etc.); i.e., 
environmental factors that are not randomly distributed over 
space. This results in geographically close measurements that 
are more similar to each other than distant ones. In viticulture, 
soil factors related to vine decline (Desassis et al., 2005) and 
vine mortality (Vaudour et al., 2017) have been shown to be 
spatially structured. Therefore, the experimental dataset was 
supplemented with simulated data to isolate and identify the 
effect of a factor by ensuring that all other field parameters 
remained constant. The simulated data are therefore a good 
complement to the real data set, which did not allow this kind 
of comparison to be carried out.

Four 100 m × 100 m (1 ha) fields were simulated. The row 
spacing was set at 2.5 m and the vine spacing at 1 m, resulting 
in a plant density of 4,000 vines/ha. The objective was to 
generate fields with two levels of spatial auto-correlation (10 % 
and 30 %) and two levels of proportion of DMV (10 % and 
30 %). As proposed by Oger et al. (2023), a spatially structured 
quantitative variable was generated for each field using a two-
step approach. First, Gaussian fields with no nugget effect 
were simulated using the “gstat” package (Gräler et al., 2016). 

Their sills were respectively set at 10 % and 30 % of the total 
variance. These Gaussian fields represented the spatialised 
part of the simulated fields. Second, to obtain the unstructured 
variability of the simulated fields, a random nugget effect was 
then added to each Gaussian field. The nugget effects were 
added by using a simple centred normal distribution of variance 
that was 90 % and 70 % of the total variance (σ2). Finally, the 
10 % or 30 % of the vines with the highest spatially structured 
quantitative values were considered as dead or missing in the 
simulated fields. 

2. Data analysis and explanatory factors for 
vine mortality

2.1. Linear regression 
Linear regressions were performed to relate the observed 
proportion of DMV in the fields to the age of the vines. 
Twelve of these models were calibrated: one general 
model integrating the data from all eleven varieties and 
one model per variety. All the models were set to cross the 
same point to i)  exclude unrealistic models, which present 
negative theoretical proportions of DMV or already positive 
proportions at planting (age = 0), ii) improve the robustness 
of the approach for varieties with few repetitions, and 
iii) facilitate the comparison of different models by focusing 
on the regression coefficient as the sole parameter. Given 
that mortality is low in the early years and dead vines were 
most often replaced within the first ten years, the point with 
coordinates [0,10] was selected. The two youngest fields, 
planted in 2014 and 2017 and showing very few missing 
vines, were therefore not included in the models. Additionally, 
this approach allowed for an easier comparison of varieties 
using a single parameter (the regression coefficient), instead 
of two parameters. The models were programmed using the 
“lm” function from the “stats” package (R Core Team, 2013).

2.2. Varieties classification based on mortality rate
To compare the variety effect with the effect of other variables 
that could explain mortality and overcome the small sample 
sizes associated with each grape variety, the grape varieties 
were divided into 3  classes of mortality: low, intermediate 
and high. Classification was performed based on regression 
coefficients obtained with the linear model.

Grape varieties with a regression coefficient that lay 
within the standard error of the average regression 
coefficient (with all varieties included) were considered 
as having “intermediate mortality”. Grapes varieties with 
a regression coefficient that was higher or lower than the 
interval  were 
considered to have “low mortality” or “high mortality” 
respectively.

2.3. ANCOVA model
An analysis of covariance (ANCOVA) was conducted to 
explain the differences in observed mortality among fields 
based on the available data. This statistical analysis was 
performed using the “anova_test” function from the “rstatix” 
package (Kassambara, 2023).
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3. Sampling estimation of DMV

3.1. Sampling protocol
To evaluate the sampling estimation of the proportion of 
DMV in the field, a Row-Based Random Sampling (RBRS) 
protocol was defined. This protocol randomly selects  rows 
out of the  rows of a field and the selected rows are then 
fully observed. The advantage of such sampling procedures 
is that they account for operational constraints encountered 
in viticulture and correspond to what is done in practice by 
grapegrowers (Oger  et  al.,  2021). In some specific cases, 
fields are intersected by paths that allow a change of rows in 
the middle of the field. In such situations in this study, the two 
parts separated by the path were considered as corresponding 
to two different rows.

3.2. Sample properties
Each sample was described by two attributes: the relative 
sampled area in the field and the estimation error. The relative 
sampled area in the field was determined by summing the 
lengths of the rows sampled and dividing it by the total 
length of all rows within the field. This metric enables the 
comparison of sampling efforts, particularly when vineyard 
fields are non-rectangular and rows vary in length. This is 
not the case for the simulated fields where all rows have 
exactly the same length, but the same approach has been 
applied to all fields, whether they were real or simulated.  
This metric is expressed as a percentage.

The estimation error associated with a sample is computed 
by comparing the proportion of DMV within the sample 
( ) to the actual proportion of DMV within the field 
( ). A relative error (%) is computed as described in 
Equation 3:

    (3)

RESULTS

1. Explanatory factors for vine mortality
Figure 2 shows a scatter plot of the different vineyard blocks 
according to plantation year versus proportion of dead and 
missing vines (DMV). The two fields planted > 10 years ago 
had a very low proportion of DMV and are not represented.

Out of the 29 available fields, the proportion of DMV 
varied from 0.2 % to 40.3 %. Figure 2 highlights the direct 
relationship between vine age and the proportion of DMV in 
the fields. The regression model, which relates the proportion 
of DMV with age, has a coefficient of 2.23 ± 0.17, meaning 
that the fields lost an average of 2.23 % of their vines each 
year after their tenth year. Beyond the age effect, some 
varieties, such as Petit Verdot and Merlot, were mostly below 
the regression model, while others, like Syrah and Aranel, 
were mostly above it. These observations could indicate the 
existence of a variety effect, but require further confirmation. 
This was consistent with the fact that not all varieties have 
the same mortality rate and may exhibit varying resistance to 
the different stresses that affect them. 

Table 1 shows the classification of the grape varieties 
according to the three mortality levels low, intermediate 
and high, as observed in the fields of the survey. Varieties 
with intermediate mortality corresponded to those whose 
regression coefficient fell within the standard error of the 
regression line (Figure 1). Low mortality varieties had a 
regression coefficient lower than the regression line, while 
varieties with a high mortality had a regression coefficient 
higher than the regression line.

Regarding the varieties Syrah, Caladoc, Grenache, Petit 
Verdot and Merlot, the classification was consistent 
with the scientific literature on vine mortality in France 
(Fussler  et  al.,  2008) and the sensitivity of different 
varieties to trunk diseases (Lade  et  al.,  2022), especially 
the fungal disease Esca (Borgo  et al., 2016). For example, 
Syrah has been described as being more sensitive to fungal 
diseases than Merlot in these three publications. To the 
best of our knowledge, there is no comparative study on 
the other varieties in the scientific literature; therefore, this 
classification represents new knowledge in this regard. As 
Viognier, Chasan, Mourvèdre and Terret blanc are represented 
less than three times in the dataset, clustering results of these 
varieties would require further confirmation.

Table 2 presents the result of the ANCOVA on the proportion 
of DMV per field using vine age, variety mortality 
(based on Figure 2) and available ancillary variables. As 
expected, and according to Figure 2, the primary factor 
explaining the differences in the proportion of DMV 
in the fields was vine age. The older the vineyard field, 
the more DMV there were. In total, vine age accounted 
for 47.4  % of the variance explained by the ANCOVA, 
which was followed by variety, categorised as either 
“high”, “intermediate” or “low” mortality. This result was 
also expected, since this effect was already highlighted 
by the regression shown in Figure 2 and the resulting 

FIGURE 2. Proportion of DMV per field as a function of 
age. The varieties are represented by different colours. 
The red dashed line represents a linear model assuming 
negligible mortality before 10 years, the grey area 
represents the standard error of the linear model.
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classification. Overall, variety type represented 29.6 % of 
the variance explained by the ANCOVA. Additionally, the 
ANCOVA revealed that the proportion of DMV tended to 
be higher when the field had a low Fraction of Vegetation 
Cover (FCover). The Fcover represented 18.7  % of the 
variance explained by the ANCOVA. This result was also 
expected (Vélez  et  al.,  2020). DMV necessarily leads 
to a local decrease in biomass. Beyond a certain level, 
this was naturally detected by a decrease in the average 
Fcover values at the field level. Note that the average 
soil electrical resistivity of the field did not explain 
any differences in the proportions of DMV between the 
fields in these conditions. Despite being associated with 
soil properties and developmental conditions, such as 
soil water availability, soil resistivity was an integrative 
indicator that was not a priori sufficient to explain the 
differences in vine mortality between the fields in these 
conditions.

2. Sampling estimation of DMV
The first part of the results provided information on the 
relationship between the proportion of DMV in the fields and 
readily available data, such as the properties of these fields 
and ancillary biomass and soil data. This second part focuses 
on estimating this same proportion through field observations 
made by sampling.

Figure 3 represents the estimation errors of the proportion of 
DMV resulting from a row-based random sampling (RBRS). 
Considering a field with  different rows, the figure shows 
results with  repetitions (1000 repetitions with  
row RBRS, 1000 repetitions with  rows RBSR, 1000 
repetitions with  rows RBSR, […], 1000 repetitions 
with  rows RBSR.). Each repetition was then plotted 
based on relative sampled area and its resulting estimation 
error (Equation 3). Light pixels contain a large number of 
repetitions, while darker pixels contain fewer repetitions.

Low mortality Intermediate mortality High mortality

Merlot Grenache Syrah

Viognier * Marselan Aranel *

Chasan * Caladoc *

Petit Verdot * Mourvèdre *

Terret blanc *

TABLE 1. Classification of variety mortality over time. Low, intermediate and high mortality are defined by comparing 
the regression coefficient of the variety to the regression coefficient, including all varieties and its standard error. 
Asterisk (*) indicates varieties represented only once or twice in the dataset.

Effect Degree of freedom F p-value Generalised Eta Squared

Vine age 1 18.887 0.0003 0.474

Variety mortality type 2 4.415 0.0250 0.296

Field average soil 
resistivity 1 0.211 0.6500 0.010

Field average Fcover 1 4.837 0.0390 0.187

TABLE 2. ANCOVA of the proportion of DMV. Explanatory variables are vineyard age, variety mortality type, field 
average soil resistivity and field average GLCV.

FIGURE 3. Distribution of errors when estimating the proportion of DMV with row-based sampling depending on the 
relative sampled area. Results are shown for Fields 20 (left) and 21 (right).
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Logically, for both fields, the magnitude of variation of 
estimation errors was larger when a small area of the field 
was sampled. As the relative sampled area increased, the 
magnitude of variation of errors decreased until the relative 
sampled area reached the whole field (100  % of the field 
area). At this point, the error was systematically zero, as the 
entire field had been sampled and the DMV exhaustively 
counted. The overall distribution thus takes the form of a 
narrowing beam centered on 0 %. Regardless of the relative 
sampled area, more repetitions were closer to a 0  % error 
than to the border of the beam. This result shows that the 
estimation based on random sampling was unbiased; i.e., 
that the distribution of the estimation errors was centred 
on 0. These characteristics regarding the distribution of 
estimation errors were consistent across all 29 real fields and 
all simulated fields in this study (results not shown).

The results in Figure 3 show that, although the fields were 
geographically close and the general shape of the two error 
distributions was similar, a higher magnitude of variation of 
errors was observed for Field 20 than for Field 21; i.e., the 

“beam of errors” was wider for Field 20. This result may seem 
surprising at first glance since the number of missing vines 
was higher for Field 21. Beam width (i.e., the estimation 
uncertainty) can be expected to be greater when the proportion 
of DMV is higher. The following section delves deeper into 
these aspects through a specific study conducted on simulated 
fields in order to better analyse how the estimation error was 
affected by some field characteristics.

Figure 4 shows the estimation errors of the proportion of 
DMV obtained through RBRS in simulated fields. The 
fields under consideration had 40 rows and the distribution 
of errors resulted from 40,000  repetitions for each graph. 
Figure 4 focuses on four chosen simulated fields whose 
number of DMV and level of spatial autocorrelation were 
controlled. The distributions obtained were very similar to 
those obtained from the real data (Figure 3).

In Figure 4, the effect of the proportion of DMV is clearly 
visible. The ranges of errors in the graphs on the left (10 % 
DMV) are larger than in those on the right (30  % DMV). 
An increase in the proportion of DMV led to a decrease in 

FIGURE 4. Distribution of estimation errors when estimating the proportion of DMV with row-based sampling 
depending on the relative sampled area. Results are shown for four simulated fields with different amounts of DMV 
and different levels of spatial autocorrelation.
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the dispersion of errors regardless of the % of the sampled 
field area. The effect of spatial autocorrelation is also 
visible. The ranges of errors in the top graphs (10 % spatial 
autocorrelation) are lower than in the bottom graphs (30 % 
spatial autocorrelation). This result shows that, for the same 
relative sampled area, the estimation uncertainty was higher 
when there was more spatial autocorrelation. Based on 
extensive simulations (results not shown) in which spatial 
autocorrelation ranged from 1 % to 99 %, these results can 
be generalised to any spatial autocorrelation value and to 
proportions of DMV up to 50 %.

Figure  5 is composed of two scatter plots representing 
the effect of the proportion of DMV (left) and its spatial 
autocorrelation (right) on estimation errors for all of the real 
fields of the study. To be able to compare the error distributions 
observed in Figures 3 and 4, an indicator called the “Range 
of estimation error” was defined. This indicator corresponds 
to the difference between the maximum and minimum values 
when 50  % of the field area is sampled. This represents a 
significant sampling effort and may be somewhat unrealistic, 
but it was only used here for the comparison of fields based 
on the dispersion of estimation errors. 

FIGURE 5. Effect of the proportion of DMV (left) and the spatial autocorrelation (right) on estimation error distribution 
for real fields. Estimation error distribution is represented by the range of estimation error when 50 % of the field is 
sampled.

FIGURE 6. Average absolute estimation errors of the proportion of DMV with 10,000 random samples based on 
two rows. The errors are represented as a function of the gap (number of rows) or of the distance between the two 
sampled rows.
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In Figure  5, a clear decreasing trend is observed in the 
proportion of DMV plot (left). The higher the proportion 
of DMV, the narrower the range of estimation errors. This 
phenomenon was consistent with the simulated data in 
Figure 4. In the Spatial autocorrelation plot (Figure 5, right), 
the result is more nuanced, because the proportion of DMV 
has a dominant effect on the range of estimation error. 
However, by dividing the measurements into three broad 
classes, based on the proportion of DMV (0-15 %, 15 -30 % 
and >  30  %), a similar trend can be observed within each 
class. The range of estimation error tended to increase as 
spatial autocorrelation increased. This tendency was stronger 
when the proportion of DMV in the field was low (bright 
red line). Overall, these two results for real fields confirm 
the results that were obtained using the simulated data 
(Figure 4). The results of the statistical test using a regression 
model confirm the significance of the relationship between 
the range of estimation error and both the proportion of DMV 
and the spatial autocorrelation, with p-values of 2.39e-06 and 
0.0012 respectively.

Figure  6 shows the average absolute estimation errors 
obtained from 10,000  sampling repetitions based on  
RBRS for the two real fields and two simulated fields. For 
clarity, the same fields as those chosen for Figures 3 and 4 
have been used here. The absolute estimation errors were 
expressed as a function of the distance that separated the two 
sampled rows. Figure 6 focuses on the impact of the distance 
between sampled rows on estimation errors. Since all fields 
had the same row spacing (2.5 m), the gap between rows can 
also be expressed as a distance.

Field  21 and both simulated fields showed the same 
trend of absolute errors: error decreased with increasing 
distance between the two sampled rows. This effect was 
the most pronounced for the simulated field with 30  % 
spatial autocorrelation, with a decrease of average absolute 
estimation error of 32  % to 10  %. In the simulated fields, 
this effect was found to be more pronounced when spatial 
autocorrelation was high. This result was consistent across 
numerous simulations (results not shown). With all other 
parameters fixed, the higher the spatial autocorrelation, the 
greater the estimation errors when the two sampled rows were 
closer together. When spatial autocorrelation was high, DMV 
tended to cluster within specific areas. Therefore, the rows 
that were close to each other might not be independent, which 
may increase the risk of obtaining a sample that does not 
accurately represent the whole field. This trend was difficult 
to detect with real data since DMV spatial autocorrelation is 
not well known in advance. Moreover, in this context, each 
field had unique properties (shape, variety, age, proportion 
of DMV, etc.), thus it was even more difficult to assess the 
impact of a single factor, such as spatial autocorrelation.

Field 20 did not share the same trend: the average absolute 
estimation errors did not clearly decrease. Two factors can 
explain this difference. Firstly, the field had a low spatial 
autocorrelation (8 %), which means that the DMV were not 
very spatially structured. Therefore, the gap between the two 
sampled rows had less influence on the estimation. Secondly, 

this field only had 20 rows. Having fewer rows means that 
fewer row combinations were possible and the effective 
number of repetitions was lower than for other field that had 
more rows. The reduced number of possible combinations 
also explained the lack of curve smoothness for this field.

DISCUSSION

In light of the results from Figures 4 and 5, it is clear that 
obtaining an accurate estimation of the proportion of DMV 
(dead and missing vines) is easier for fields in which the 
proportion of DMV is high. Conversely, the assessment 
of this proportion within a field characterised by a lower 
number of DMV appears to be more challenging. Sampling 
rare events is known to be more challenging than estimating 
more common events. For example, in a field with only 
one missing vine, underestimating the exact proportion 
of DMV vines is highly likely, because the probability of 
sampling that single vine is low. Moreover, if the sampling 
does happen to observe this unique missing vine, it will 
necessarily lead to an overestimation of the proportion of 
DMV. These overestimations and underestimations, which 
are related to rare events, are exacerbated by the fact that, for 
practical reasons, errors are expressed as a percentage of the 
proportion of DMV. These are the phenomena that explain 
the patterns observed in Figures 4 and 5. 

From a practical point of view, it may be counterproductive 
to try to precisely estimate the proportion of DMV when 
there are very few DMV in the field. Having a precise 
estimation of a low proportion of DMV can be costly and 
may require a high sampling effort. In the specific context 
of yield estimations, where each component of the yield 
must be estimated (proportion of DMV, number of clusters 
per vine and average cluster weight), an additional factor 
reinforces this premise. An estimation of DMV is expected 
to have less impact on the total yield estimation when the 
proportion of DMV is low. Using the classical relationship 
of yield estimation (Laurent et al., 2021), a rapid estimation 
shows that a 10 % estimation error on DMV will only result 
in a 1.25  % error for the total yield estimation for a field 
with 10  % DMV. Meanwhile, the same 10  % estimation 
error in DMV will result in a 6.67 % error for the total yield 
estimation for a field with 40 % DMV. It is therefore more 
opportune to deploy significant sampling efforts when the 
expected proportion of DMV is high, because it is easier to 
estimate and has more impact on the yield estimation. To this 
end, explanatory factors for vine mortality presented in the 
first part of the results (Figure 1 and the ANCOVA results in 
Table 2) offer valuable insights that could assist in defining 
a priori estimates. Age and variety are two field properties 
that are always known and that can provide important initial 
information. An effect on vine vigour that was related to 
ancillary data was also revealed by the results of these 
analyses, although it was less significant than the age and 
variety effects. It highlighted that when the latter two effects 
were removed, there was a correlation between a decrease 
in vigour and the proportion of DMV. While these results 
need to be confirmed using more comprehensive datasets that 
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represent a greater diversity of grape production systems, 
they represent an interesting tool when comparing fields of 
the same variety and planted in the same year (assuming 
planting density and management are equivalent). More 
broadly, any information that can help to obtain a priori 
estimates would also provide insights that would contribute 
to defining the required sampling effort. Other ancillary data, 
even if imprecise or weakly correlated with vine mortality, 
could thus be valuable. 

The results presented in Figures 4 and 5 also reveal that, 
like other viticulture variables (Oger  et  al.,  2023), the 
proportion of DMV was more challenging to estimate 
when the distribution of DMV was spatially structured. 
One possible explanation for this can be found in Figure 6, 
which shows higher errors when the sampled rows are 
spatially close. Spatial autocorrelation, in fact, promoted an 
uneven distribution of DMV across the fields. Consequently, 
adjacent rows tended to exhibit similar proportions of DMV, 
potentially leading to overestimations or underestimations 
when both were sampled. Comparable results were found 
for most of the studied fields (results not displayed). 
Nonetheless, this effect was not systematically observed. 
While strong spatial autocorrelation is expected to increase 
the likelihood of encountering fields with significantly 
varying numbers of DMV per row, this did not invariably 
hold true. Several factors must be considered to interpret 
this result. First, in vineyards, the variability of DMV and 
its spatial autocorrelation can be broken down into two 
orientations: one aligned along the vine rows (intra-row) 
and another perpendicular to the rows (inter-row). This 
distinction is supported by vineyard management practices, 
where viticultural operations are typically performed row 
by row. From an epidemiological perspective, for example, 
grapevine trunk diseases often spread anisotropically 
along the rows, facilitated by pruning activities 
(Zanzotto  et  al.,  2013). Because the sampling method in 
this study examined entire rows, it was unaffected by the 
intra-row organisation of DMV. On the other hand, inter-
row spatial autocorrelation, which affects the number of 
DMV from one row to another, explains the observed effects 
on sampling estimation errors. The spatial autocorrelation 
measured in this study does not distinguish inter-row 
and intra-row spatial autocorrelation, nor does it address 
possible anisotropy. As a reminder, DMV are Boolean 
(absence-presence) data. Geostatistical analyses, which 
aim to study spatial autocorrelation, require the conversion 
of this Boolean data into quantitative data. The simplest 
approach to this transformation consists of averaging the 
number of DMV over a certain elementary surface area. 
This involves defining a regular grid that, when applied to 
the block, allows for the calculation of a mean number of 
DMV regularly distributed over the field. Further research 
focusing specifically on the spatial organisation of DMV 
and methods for measuring DMV autocorrelation could 
shed new light on the results presented here. This would 
also help define the best way to compute the proportion of 
DMV positions by using a grid with dimensions or shapes 
that differ from the 5 x 5 m squares employed in this study.

In the scientific literature, of the few studies that 
have focused on vine mortality (Fussler  et  al.,  2008, 
Merot  et  al.,  2023) and on estimating the proportion of 
DMV in vineyard fields (Robbez-Masson & Foltete, 2005; 
Desassis, 2005; Matese et al., 2019), none have dealt with 
sampling methods, even though sampling remains the 
primary means for growers to monitor mortality in their 
fields. The results presented in this article, based on both 
real and simulated data, provide new information that can be 
used to improve the estimation of this often poorly assessed 
phenomenon in commercial vineyard fields. However, 
some limitations must be considered. Despite being based 
on both real and simulated fields that encompassed a wide 
variety of conditions, the results may not be representative 
of all viticultural production systems. Additionally, only 
random sampling was applied here; it would be advisable 
to validate these findings with other sampling protocols, 
such as snowball sampling (Griffith  et  al.,  2016) and 
stratified sampling (Wulfsohn, 2010), which could be used 
to estimate the frequency of a binary qualitative variable 
using NDVI maps. In this article, only full rows were 
considered as the spatial sampling support. This choice was 
based on the fact that counting DMV is simple and quick, 
and can generally be done in a short time along the entire 
row. However, there may be situations where counting 
DMVs across an entire row is impractical, such as when 
other observational activities (like disease monitoring, yield 
estimation and maturity assessment) are being carried out, 
and there is a need for optimisation by combining the DMV 
estimation with (an)other variable(s) of interest. In such 
cases, it might be more appropriate to use smaller sampling 
sites, consisting of just a few vines each. These smaller sites 
could help to reduce the impact of spatial autocorrelation, 
provided they are spaced out. However, a drawback is that 
a larger distance (over a longer time) must be covered to 
obtain the same sampled area. Another drawback is that it 
can be counterproductive to consider the same sampling 
protocol for two variables with different characteristics 
and distributions. Oger  et  al.  (2023) showed that it was, 
for example, not relevant to combine the estimation of 
DMVs with a protocol designed to estimate the number 
and average weight of bunches per vine. It should also 
be noted that operator-related measurement errors were 
not considered here: the results relating to the sampling 
estimation errors assumed that the operator performing the 
observations perfectly discriminated between DMVs and 
productive vines. Furthermore, it is worth noting that these 
results are compatible with an automated detection tool 
(Fernandes et al., 2021). Whether the estimation is carried 
out by manual sampling or by other equipment, such as a 
vehicle equipped with cameras and image analysis tools, 
the results of this study remain relevant when choosing 
the rows to be observed. However, when the identification 
of DMVs is not totally accurate, combining measurement 
errors and estimation errors should be considered. Finally, 
these findings highlight the need for new sources of data 
that could provide a priori estimates of the proportion of 
DMV to define a suitable sampling protocol.
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The results of this study indicate that an ideal sampling 
protocol should be based on available data and knowledge 
of the fields, with which an initial rough estimate can be 
made to distinguish different types of fields based on the 
expected proportion of DMV (for example, <  10  %, 10-
30 %, > 30 %). If the expected proportion of DMV is high, a 
significant sampling effort should be deployed to accurately 
estimate the actual DMV proportion. For instance, in Field 
21 (Figure  3), observing 40% of the plot would result in 
an error of less than 10 % in 90 % of cases. If the expected 
proportion of DMV is low, sampling can be skipped, as 
it would add little precision to current knowledge. In 
intermediate cases, quick sampling can refine the estimate, 
but precise estimation requires a substantial sampling 
effort. For example, for Field 20, observing 70  % of the 
field was necessary to achieve an error of less than 10 % in 
90 % of cases. When sampling is based on complete row 
observations, attention should be given to row spacing to 
avoid spatial autocorrelation of the measurements. This is 
especially important for fields in which DMV are spatially 
structured (e.g., those affected by grape trunk diseases) and 
the spread of disease is spatial (Agustí-Brisach et al., 2015).

CONCLUSION

This article provides new information that is useful for 
estimating the proportion of dead and missing vines (DMV) 
through sampling. Based on an exhaustive set of data acquired 
from a 20 ha vineyard, it was shown that an average of 2.2 % 
of the total number of vines in each field over 10 years of age 
were affected by vine mortality each year. Age, variety and, to 
a lesser extent, vegetation indices averaged at the field level 
provided a first rough estimate of the proportion of DMV in 
vineyard fields and could therefore be used to guide sampling 
efforts. In this regard, the article introduces a classification of 
various grapevine varieties commonly cultivated in the South 
of France based on their mortality rates. In a second step, 
the study highlighted the link between sampling effort and 
estimation errors. The results show how the number of DMV 
and their spatial organisation affect the uncertainty associated 
with sampling; for example, it seems more opportune to 
aim for a low estimation error where the DMV proportion 
is high, and special attention must be paid to the distance 
between sampling rows (sites) when the DMV are spatially 
autocorrelated. These findings highlight the value of an initial 
estimate based on the known properties of the fields, in order 
to define a sampling effort adapted to the objectives pursued. 
In available fields, sampling 50 % of the total area resulted 
in estimation errors of up to 30 % in the worst cases, but was 
generally sufficient for obtaining estimates with errors of less 
than 10 %. Overall, this article provides guidelines for DMV 
sampling that could quickly find practical applications. 
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