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ABSTRACT

The purpose of this paper is to estimate a representative and detailed map of the harvest
value in wine using structured and unstructured open data sources. With climate change and
new environmental and ecological policies, wine producers are facing new challenges. The
ability to model the evolution of these risks is strategic for wine producers and research in
order to adapt. Many research projects require the values exposed to risk. For example, to
assess the economic impact of risks or the premium of crop insurance, or to choose between
different agroecological solutions in a cost-benefit approach. The high spatial heterogeneity
and complexity of wine characteristics add to the challenge of these production values and the
need to improve our spatial assessment of these harvest-expected values.

Structured, exhaustive and detailed historical data are collected by the customs services,
but they are not open. To achieve this, we combine the aggregate of the vineyard register and
the data of the Public Body for Products of Official Quality and Origin. There are several
techniques available to merge, combine or complete missing data. We have chosen to use
optimization methods to re-estimate the area by appellation and by county, which can then be
converted into expected harvest values using olympic average yields by appellation and crop
insurance prices. This approach allows us to capture the heterogeneity in production values
faced by different vineyards, thereby facilitating further research on risk assessment in the
wine industry.

1. Introduction

The French territory is endowed with a wide variety of lands, appellations, and winemakers’
expertise, making each of them unique. This diversity represents a significant cultural and
gastronomic wealth. The map of French wine regions and appellations is well-known to wine
lovers and experts all over the world and highlights this richness. Wine is also a major agri-
cultural product in France and accounted for 15.4% of all agricultural production with a value
of e 13.8 billion in 2022 Commission des comptes de l’agriculture de la Nation (2022). In
addition, the 2021-2022 campaign saw e 14.28 billion in exports.

With climate change and new environmental and ecological policies and agricultural in-
surance programs, many impact studies will be carried out. For example, the European Com-
mission Farm to Fork Strategy aims to reduce the overall use and risk of chemical pesticides
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by 50% and the use of more hazardous pesticides by 50% by 2030. These changes, breaking
with the past, drive research on their economic impacts and the evolution of risks. All of this
assessment works require a spatial definition of the value exposed to the risk, and this paper
deals with the estimation of a wine crop value map that is as accurate as possible.

Why mapping the crop wine value ? First, the heterogeneity of expected values of the
harvest in vineyards is greater than in other agricultural productions as cereals due to the
presence of appellations. In viticulture, these appellations designate vineyards with strict reg-
ulations on grape growing and wine production practices. These regulations include limits on
the maximum yield (measured in hectoliters per hectare, hl/ha) to ensure the quality and dis-
tinctiveness of the wine. In addition, wines from different appellations can command vastly
different prices in the market. The reputation of an appellation, its terroir, and the perceived
quality of its wines all contribute to these price differences. As a result, vineyards in pres-
tigious appellations with lower yield limits often produce higher-value wines compared to
those in regions with less stringent regulations or lower market recognition. This combina-
tion of diverse yield limits and price disparities leads to a significant variation in the economic
value of vineyard harvests.

Second, it is observed that statistics frequently present the value of wine rather than the
value of the grape harvest. This is due to the fact that these statistics are typically based on
sales made by vintners, a significant proportion of whom sell wine in bulk or bottled, rather
than selling grapes or must. Only a minimal fraction of the total grape harvest—approximately
8%—is marketed as fresh grapes, grape juices, or must (Alonso Ugaglia, Cardebat, and Jiao
(2019)). It is, however, important to note that grape production is directly impacted by major
climatic and agroecological challenges. Factors such as temperature changes, precipitation
patterns, and extreme weather events can significantly affect the quality and quantity of grapes
produced. In contrast, the processes of vinification (wine making) and aging are less directly
affected by them. The capacity to store and age wines provides vintners with the option to
optimize their product offerings over time, accommodating fluctuations in annual production
due to varying climatic and agroecological conditions. Even vintage wines, which are often
perceived as being composed solely of grapes from a specified year, do not necessarily include
100% of that year’s harvest. Regulations typically require that only a minimum of 85% of the
grapes used come from the designated year. The decoupling of links between harvest values
and bottle prices that results from stock and age management is beneficial for winemakers,
but presents a challenge for impact studies.

Third, only statistics databases are open, but they do not allow for a detailed mapping of the
wine value of production. Structured, exhaustive and detailed historical data exist, compiled
by customs services. However, the confidentiality committee website explains that ‘statistical
confidentiality gives people who provide information used to produce statistics the assurance
that this information will not be used in a way that might harm them.’

The combination of these three reasons, the difference between appellations, the impor-
tance of knowing the value of the harvest rather than the value of the bottle wine, and the fact
that detailed statistics are not available, makes this work necessary, especially for studies on
the economic impact of climate change and on the agroecological transition.

This paper aims to build and provide a detailed French map of wine values of the har-
vest using structured and unstructured open data. This database could also be interpreted as
an insurance portfolio for French vineyards, with appellation, location, surface area, quan-
tity, and insurable amount. We mainly use the vineyard registry statistics and data from The
Public Body for Products Under Official Quality and Origin Signs (INAO). This paper uses
constrained minimization optimization methods to combine the data.

2

www.inao.gouv.fr


2. State of the art

2.1. Winegrowers face to climate change and agroecological transition

The literature reviews by Ashenfelter and Storchmann (2016) and Wei et al. (2022) demon-
strate the dynamic nature of research on the impacts of climate change and the ecological
transition in wine. Researchers examine these impacts on the value of wine production, in-
cluding their components such as price, crop yield, and quality.

The literature on crop yield is quite extensive and diverse, with various studies on crop
yield models using growing degree days or hours (Gu (2015), Leolini et al. (2018), Corbeels,
Berre, Rusinamhodzi, and Lopez-Ridaura (2018)), on differences between grape varieties, on
fighting against frost, heat wave, drought or hail (King and Shellie (2016), Martínez-Lüscher,
Chen, Brillante, and Kurtural (2020), Ridder, Pitman, and Ukkola (2022), Lopez-Fornieles,
Brunel, Devaux, Roger, and Tisseyre (2022)), on inputs, and on farming practices in general
(Gutiérrez-Gamboa, Zheng, and de Toda (2021)). They are often motivated by the need to
adapt to climate change and ecological transition policies. Of course, to assess the economic
relevance of an agronomic solution to the winegrower, the value of the crop is necessary.
Similarly, to assess the overall impact, the geographic distribution of those values, expected
yields and surfaces will be necessary.

Price is often studied as a time series, as seen in the recent work of Cardebat and Jiao
(2018) on the world wine price index, or in the work of Paroissien (2020) on prices by appel-
lation provided by Conseil Interprofessionel des Vins de Bordeaux to forecast prices, or in the
work of Castillo-Valero and García-Cortijo (2015), which performs a cointegration analysis
on export price series. Papers explaining wine price heterogeneity typically examine the rela-
tionship between price, reputation, quality and age (see the meta-analysis of Oczkowski and
Doucouliagos (2014)1). Alonso Ugaglia et al. (2019) offer a valuable macro-level analysis of
the French wine industry, examining the trends in market prices and production. However,
they explain that the fresh grape sales are rare. The authors do not feel the need to separate
the value of the harvest from the value added by winemaking and aging.

Contrary to expectations, the previously referenced literature reviews by Ashenfelter and
Storchmann (2016) and Wei et al. (2022) do not appear to focus on the study of risk, as
the term is scarcely employed. Climate change, in its complexity, encompasses more than a
mere rise in average temperature; it also signifies an escalation in extreme weather events.
Nevertheless, numerous analyses tend to focus solely on average temperatures, neglecting to
fully account for extremes. As Ashenfelter and Storchmann (2016) note, many analyses fail
to take into account farmers’ potential adaptations, settling for a simplistic “dumb farmer”
scenario. History has shown that grape growers and winemakers have demonstrated remark-
able resilience and adaptability to shifting climatic and economic conditions over thousands
of years. As such, the evolution of climate risks, the selection of climatic adaptations, and the
impact of the agroecological transition will vary from one location to another due to differing
climatic conditions and from one appellation to another due to harvest values and winegrow-
ing regulations.

2.2. Wine mapping

The literature presents numerous instances of vineyard mapping exercises. Here, we high-
light a couple of notable contributions in the field of Precision Viticulture research. Taylor,

1 One of their results will certainly appeal to wine lovers: ’The most important consequence of the analysis is the relative
importance of the notoriety of a wine on its sensory quality, deducing that producers need to maintain the sensory quality of a
wine over time to extract Feedback.’
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Dresser, Hickey, Nuske, and Bates (2018) offers an in-depth study on spatial crop load map-
ping, while Gutiérrez, Fernández-Novales, Diago, Iñiguez, and Tardaguila (2021) delves into
the intricacies of vineyard water status mapping.

The advent of geo-referenced sensors on harvesting machines has opened up the possibil-
ity for high-resolution mapping. This detailed spatial scale allows for a nuanced depiction
of heterogeneity (via variogram estimation) within individual parcels, proving invaluable for
precision viticulture applications. However, the objective of our work is not to achieve such
intra-parcel precision. Our research primarily targets counties or agricultural regions2, re-
ferred to as RAs, which comprise a set of contiguous counties. There are 432 such zones in
France.

In a recent proposal, Bhardwaj, Tiwari, Olejar, Parr, and Kulasiri (2022) generated syn-
thetic data consisting of 1387 samples that mirrored the characteristics of the original data
set of 18 samples. To fit a wine quality prediction model, the authors used the Synthetic Mi-
nority Over-Sampling Technique (SMOTE, Chawla, Bowyer, Hall, and Kegelmeyer (2002)).
Obtaining a real-world database of comparable size would be prohibitively expensive and
challenging. While the challenge posed by their dataset differs from ours, the recent study
under discussion underscores the notion that the construction of representative data is critical
to the development of robust models. This body of literature will be the focus of the following
section of this manuscript.

2.3. Statistical methods for combining information from multiple data sources

In this section, we consider statistical methods for combining multiple data sources. An es-
sential skill in any programming course is the ability to merge datasets using a common key
variable. This concept, although fundamental, poses a considerable challenge in pedagogy,
largely due to the various merge types such as one-to-one, one-to-many, or many-to-many,
and join types such as inner or outer, left join, right join, or full join.3

The process of merging can indeed be fraught with complications. To illustrate, consider
the scenario of merging two datasets on the basis of ’name’. In the first dataset, the format
might be ’FirstName Name’, while in the second, it could be ’FIRSTNAME NAME’. Sim-
ilarly, complications may arise when merging datasets by ’zip code’ or ’phone number’, es-
pecially when the first dataset represents these as strings, while the second dataset represents
them as numbers with leading zeros and spaces. However, it is reassuring to note that these
complexities, while prevalent, are widely recognized, and effective solutions are available
across various programming languages.

In contexts such as ours, it is possible that a critical shared variable remains unidentified
or turns out to be irrelevant. This shared variable may have been altered or eliminated, or the
data sets may represent two different samples from an identical population. In such a scenario,
the inner join might fail to produce results even in the presence of the shared variable.

The Panel on Enhancing Federal Statistics for Policy and Social Science Research sug-
gested, ‘The amalgamation of data sources and the generation of statistical estimates for
desired characteristics can be achieved through the use of record linkage techniques, multi-
ple frame estimation, imputation-based models, and small-area estimation methods’ Groves
and Harris-Kojetin (2017).

The literature review by Lohr and Raghunathan (2017) provides an insightful examination
of methods applicable to microdata sets, such as survey data, where each row corresponds to
a specific entity, either a legal or natural person.

2https://agreste.agriculture.gouv.fr/agreste-web/methodon/Z.1/!searchurl/listeTypeMethodon/
3For example, see the pedagogical source https://guides.nyu.edu/quant/merge.
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Central to these methods is the concept of record linkage, a technique developed to merge
records from different data sources that correspond to the same entity. This process can be
deterministic, mirroring a straightforward data merge. However, an interesting scenario arises
when record linkage becomes probabilistic, referred to as PRL. In this case, an algorithm is
used to evaluate the similarity of the linkage variables between records from different sources
and then retain the most congruent match. This process involves the calculation of two prob-
abilities: one, the probability that two records exhibiting this match pattern are actually a
correct match, and two, the probability that the identical match pattern could occur by chance
between two different entities. In the realm of multiple frame estimation methods, various
data sources are amalgamated, even in the absence of sufficient identifying information or
when survey data spans multiple population sets, with the objective of enhancing the reliabil-
ity of statistical outcomes.

Imputation-based methods focus primarily on replacing missing data with estimated val-
ues. This technique, while seemingly simple, plays a critical role in maintaining data integrity.
Consider the example of the Farm Accountancy Data Network longitudinal survey, where ini-
tial data on the location of farms within a city are missing. In such cases, the earliest available
record for a unit is propagated to all preceding unrecorded data points. Given the low mobility
of farmers, this method introduces minimal error. Another approach is to replace missing data
with an average derived from aggregated data, thus maintaining statistical continuity.

Alternatively, a predictive model can be used to estimate the missing values. Such a model,
when trained on an available subset of the data, provides the ability to simulate or predict
a plausible value to fill in the missing data points. The Multiple Imputation technique, as
originally introduced by Rubin (1988), holds a prominent position in the realm of missing
data imputation. A nice illustration of its application in economics can be seen in the repro-
ducibility study conducted by Blundell, Pistaferri, and Preston (2008), where they generate
panel data on consumption for the Panel Study of Income Dynamics (PSID). They use an
imputation procedure based on food demand estimates from the Consumer Expenditure Sur-
vey (CES). The model is calibrated using the CES database, taking advantage of the common
variables with the PSID database. This model describes a conditional distribution of food con-
sumption, where the dependence is on the common regressors. This conditional distribution
is then simulated to serve as the input for the food consumption variable in the PSID database.

Alternative modeling techniques combine individual data points with aggregate statistics
to produce estimates for small geographic areas. This approach is particularly common in
agricultural research, where current individual and state-level aggregate crop yields are in-
tegrated with historical county statistics to predict current county crop yields. For example,
Bellow (2007) conducted a comparative study of the Stasny-Goel, Griffith, and simple ratio
methods for a variety of crops in ten geographically diverse states, using simulated data sets
provided by the National Agricultural Statistics Service, USDA. Similarly, the groundbreak-
ing work of Dombrowski, Ratnadiwakara, and Slawson (2020); Dombrowski, Ratnadiwakara,
and Slawson Jr (2019) on open data from the National Flood Insurance Program (NFIP) de-
serves mention. Their study underscores the complexity of merging anonymized databases,
such as policy and claim records, from a single vendor. It also highlights the value of merging
this data with information from other sources. For example, the researchers integrated NFIP
data with American Community Survey (ACS) data to create a visual representation of flood
insurance adoption rates.

The combination of multiple databases inevitably invites questions about the robustness
and potential bias of the estimators used in the models employed. A number of studies, for
example Cottrell, Cot, and Mary (2009), establish effectiveness through simulation-based
approaches. Conversely, alternative research, exemplified by Buchinsky, Li, and Liao (2022),
investigates the asymptotic properties of these estimators.
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3. Our model to combine multiple data sources

3.1. Used open data

In this subsection, we elucidate the open data sources that have been utilized to map the wine
harvest values. While there are additional open data related to the wine industry, these are
discussed in Appendix A.

3.1.1. The vineyard registry statistics

In the recent advancements of an open data framework, the customs service has made the
statistics from the vineyard register accessible (noted CVI). It has therefore provided annual
statistics (www.douane.gouv.fr) on area and production, categorized by appellation in one
table and by county in another.

The primary strength of this database lies in its reliability. The customs services, besides
gathering the data, also ensure its dependability. As every wine grower is mandated to reg-
ister their area, production, and stock, the customs service is furnished with comprehensive
data. However, some statistics are not publicly accessible due to the recommendations set by
GDPR (2 127 ha without ’appellation’ and 5 936 ha without county). In addition, a substantial
segment of the Champagne AOP vineyard parcel is excluded from the statistics.

Regrettably, we possess two ’marginal’ aggregate tables, but lack the matrix portfolio of
values for the harvest, insurable by appellation and county. Given the number of appellations
(3 687) and counties (12 645), and in the absence of supplementary information, the quantity
of unknown values escalates to nearly 46 million.

3.1.2. National Institute of origin and quality

The French Institute for Quality and Origin Product Labels (INAO), a public body, offers
access to its data via www.data.gouv.fr. Tasked with the recognition and protection of official
labels denoting the quality and origin of agricultural, food, and forestry goods, the INAO plays
a main role in certifying the geographical origins of wines through appellations. Notably, the
institute supplies an extensive catalogue of counties (alongside maps in .shp format) where
production of listed ‘Protected Geographical Indication’ (IPG) or ‘Protected Designation of
Origin’ (AOP) products is authorized. Such data is anticipated to significantly enhance our
model.

3.1.3. Other no structured information sources

It should be noted that the customs data excludes Champagne, a significant component of
the French wine industry. Representing 4% of the nation’s total vineyard area, Champagne
covers an expansive 34,200 ha as of 2023 and embodies a substantial 27% of the export
value for wines and spirits. More granular data detailing the distribution of vineyard area
in each county within this AOP can be found on the maisons-champagne.com website, a
uniquely comprehensive repository of such information. This site is key to our initiative to
gather information on champagne surfaces, a task impossible to achieve with other resources.

The French Ministry of Agriculture, in the ’specification applicable to insurance compa-
nies for the partial assumption of premiums and crop insurance contributions,’ establishes the
maximum crop scale value allowed to compute subsidized insurance premiums (Available at
https://info.agriculture.gouv.fr/). Over time, the level of detail and overall comprehensiveness
of the information has increased, and it has become more structured. This document states
that “the insured price is between 60% and 120% of the scale value or, in the absence of
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reference to the scale, of the actual selling price previously reduced by 17%”.
Some file manipulation allows us to create structured data that includes wine labels along

with their corresponding prices per hectolitre. Recently, a specific nomenclature of wines
was introduced to facilitate subsidies controls work of insurer data Boucher, Duval, Phélippé-
Guinvarc’h, and Prudon (2019). In particular, each product is identified as conventional or
organic, with the suffix “C” or “B”, respectively. In the absence of specific information, the
conventional price is used. By choosing to create our own nomenclature rather than adopt
the INAO nomenclature, we are faced with the complexities of merging mentioned at the
beginning of this section.4

Despite the lack of a documented, comprehensive methodology for constructing this scale,
it has two advantages. The first is that the price source is officially recognized, which has no
equivalent, and the second is the level of detail. These labels provide scale prices per product,
per appellation, per color, or a combination of all, effectively showing the heterogeneity of
wine values.

3.2. Model to combine aggregated data

Our model aims to estimate a credible surface per county and per product/appellation and
converts these surfaces into amount exposed to risk using the listed price of French Ministry
of Agriculture specification and the ‘expected harvest yields.’

The customs services currently provide two distinct open-data sets. The first data set pro-
vides statistical information for 8,302 of the 34,839 counties in France, while data for 4,288
other counties remain confidential (the last concerns the harvest of 2022). In the absence of
supplementary data, the number of unknown values reaches nearly 9 million, the product of
1,100 appellations and 8,302 counties. The second data set comprises annual data on non-
secretized surfaces and volumes for 2,131 CVI products out of 5,246 wine products, as listed
in the INAO database. The last concerns the harvest 2023, while the 2022 data is used to
match with the first. The data set includes 2,247 hectares of secretized surfaces, which repre-
sent approximately 4.7% of the total surface area. Each CVI product code is a concatenation
of wine attributes, including the type of geographical area, wine color, geographical area ID,
the kind of wine, and, at least, a product numeric code. In order to facilitate analysis, we have
excluded this product numeric code and aggregated by the first part of CVI, which may be
referred to for simplicity in the following as appellation.

Given the limited historical data from 2018 to 2023, the ‘expected crop yield’ is computed
using the Olympic average, a method prevalent in multi-peril crop insurance policies. The
Olympic average can be perceived as a midpoint between the median and the mean, particu-
larly useful when dealing with small datasets. It is specified as follows:

ỹOn,a =

∑
(yn−5≤k≤n−1,a)−min(yn−5≤k≤n−1,a)−max(yn−5≤k≤n−1,a)

3
(1)

4For example, we have used the COMPGED function in SAS, which calculates the distance between two strings to find matches
with the INAO nomenclature. Manipulations and corrections were sometimes necessary. Contractions and acronyms were rewrit-
ten to be explicit using the TRANWRD function in SAS, such as CDR for Côte du Rhône. Conversely, some wine labels combined
several appellations, such as ‘’POMMARD 1er Cru’ ’Clos des Epeneaux’ ’Les Grands Epenots’, ’Les Petits Epenots’, ’Les
Rugiens Bas’, ’Les Rugiens Hauts”. The price has therefore been doubled, leaving only one name per row. It is also necessary
to remove accents and special characters, to standardize the case, and to eliminate meaningless recurring words in the merge
such as ’and’ or ’of’. In order to enhance the reliability of the merger, we utilized web scraping techniques on the website,
www.vin-vigne.com. The goal was to incorporate the wine-growing region into the INAO database, a key variable found within
the price scale of the insurance specification.
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In this equation, yn,a represents the harvest yields for the year n from appellation a.5

INAO has provided a list of counties where each appellation is authorized. As a result,
a significant portion of the 9 million unknown values must be set to 0. By using the INAO
database, only 127,645 surface values are unknown (represented by ’?’), significantly reduc-
ing the problem. On average, an AOP appellation can only be produced in 117 counties, and
a winegrower is permitted to produce an average of 16 products/appellations in their county.
The unknown values can be represented in a matrix with counties in rows and products in
columns. We have illustrated only a portion of the matrix in Figure 1. The sum by row and
column represents the sum of hectare by county and by product/appellation, respectively. The
black cells indicate unauthorized appellations in a county and have been forced to 0. The sign
⊞ is employed to indicate the possible aggregation of wines into categories or/and agricul-
tural regions (RA).
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154 82184 ? ? 25
425 46262 ? ? 4
386 64052 ? ? ? ? 10
380 64037 ? ? 9
394 46280 ? ? 4

...
...

...
...

...
...

...
...

...
...

Sum 79 3 341 529 113 380 · · · 1 247 879 205

Figure 1. Illustration of the recovering vineyard register data (except Champagne)

The aim of this paper is to investigate unknown values through a constrained optimization

5In the absence of statistics by appellation, a local Olympic average by type of wine was used. If the value is still missing, a
yield of 40 hl/ha has been used for practical reasons.
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program as follows:

maximize
∑

a∈A,c∈C
αasac

subject to
∑
c∈C

sac ≤ sa, ∀a ∈ A (Appellations)∑
a∈A

sac ≤ sc, ∀c ∈ C (Counties)

sac ≥ 0, ∀(a, c) ∈ A× C

sac = 0 {∀(a, c) ∈ A× C} ⋂ {INAOac = FALSE}

(2)

where A is the set of appellations, C is the set of counties, INAOac ∈ {TRUE,FALSE}
is worth TRUE only when the appellation a is authorized in the county c, sa is the total
surface area of appellation a, sc is the total surface area in county c, and sac is the estimated
surface areas of appellation a in county c. The weighted coefficient αa is designed to prioritize
AOP (αa = 1) and PGI wine (αa = 1/3). Non-PGI wines are assigned a coefficient of
αa = 1/4.

One solution to this problem exists. The real surfaces harvested by appellation and by
county produce exactly the marginal sums used in the model. However, it is counterproductive
to attempt to recover exact information about these surfaces, as this would demonstrate a lack
of data secrecy and force customs services to limit data openness. There is no presumption that
the solution is unique. The strong conditions imposed on the localization of appellations and
the computation of marginal sums enable the generation of plausible estimates for surfaces
by appellation and county. 6

The use of random initialization enables the execution of the algorithm from multiple initial
points, each with a random uniform value between 0 and the minimum of the two specified
values, Sa and Sc. This method facilitates the exploration of the solution space in a more
effective manner, mitigates the risk of bias by providing unbiased starting points, increases
the probability of identifying the global optimum, and avoids the potential for becoming stuck
in suboptimal regions.

Non-PGI vineyards are not included in the statistics by appellation. In order to have a
comprehensive view, a non-PGI pseudo-appellation is created by department. Each of these
pseudo-appellations is authorized to produce only in each county of the department, and the
area of the pseudo-appellation is added to the non-PGI area in the customs statistics.

4. Results and discussion

The result of the optimization model is a table of surfaces in hectares per appellation and
per county, consisting of 9 million rows, but 746 465 (less than 8.1%) values are potentially
greater than 0. The following table 1 illustrates this for only three counties in Alsace and five
appellations (Phélippé-Guinvarc’h, 2024, For the complete result, see). The surface area in
hectares is the result of the optimization model, the RMO is the historical crop yield Olympic
average in hectoliters per hectare from the custom service database, the price in euros per
hectoliter is from the insurance specifications, and the crop value is the product of these three
previous values.

It should be noted that even if convergence of optimization is achieved between itera-

6For this process, we employ the SAS proc optmodel, as detailed in the SAS PROC OPTMODEL documentation.
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tions 36 and 39, the objective value remains unaffected by the initial values. The Kendall
correlation coefficient between the solutions is greater than 99.8%. Restricting the county-
appellation dataset to solutions with a maximum area of 100 ha or more (1841 rows), the
Kendall correlation between solutions remains strong and greater than 61.49%. The retained
values are the average of solutions generated using 20 randomly selected starting values.

The French average of harvest yield is approximately 60.6hl/ha. AOPs have a lower mean at
46.5hl/ha in comparison to IPGs at 64.8hl/ha, non-IGP at 60.4hl/ha, and brandy at 121.2hl/ha.
Some wines, such as straw wine, have yields of less than 10 hl/ha, while others, such as
brandy and Cremant wines, can have yields of more than 70 hl/ha. These appellation-specific
statistics confirm the strong heterogeneity of yields in the wine industry.

County a Appellation & color Surfaces Expected Yields Prices Harvest Values
(ha) (hl/ha) (e /hl) (e )

67003 1B001M Crémant d’Alsace blanc 13.5 73.16 260 256,902
67003 1B001S Alsace rouge (Pinot noir) 19.0 64.60 260 318,670
67003 1B070S Alsace suivi d’un nom de lieu−dit blanc 3.6 44.72 260 41,939
67003 1R001S Alsace rouge (Pinot noir) 1.7 46.46 265 20,365
67003 1S001M Crémant d’Alsace rosé 4.3 63.59 260 70,481
67003 1S001S Alsace rosé (Pinot noir) 6.6 64.36 265 112,634
67051 1B001M Crémant d’Alsace blanc 27.5 73.16 260 523,163
67051 1B001S Alsace rouge (Pinot noir) 67.3 64.60 260 1,130,990
67051 1B053S Alsace grand cru Kaefferkopf 1.0 44.14 265 12,236
67051 1B070S Alsace suivi d’un nom de lieu−dit blanc 4.1 44.72 260 48,043
67051 1R001S Alsace rouge (Pinot noir) 1.8 46.46 265 21,609
67051 1S001M Crémant d’Alsace rosé 5.0 63.59 260 83,013
67051 1S001S Alsace rosé (Pinot noir) 8.7 64.36 265 147,972
67155 1B001M Crémant d’Alsace blanc 28.5 73.16 260 543,080
67155 1B001S Alsace rouge (Pinot noir) 68.6 64.60 260 1,152,186
67155 1B070S Alsace suivi d’un nom de lieu−dit blanc 4.2 44.72 260 48,566
67155 1R001S Alsace rouge (Pinot noir) 1.8 46.46 265 21,707
67155 1S001M Crémant d’Alsace rosé 5.1 63.59 260 84,120
67155 1S001S Alsace rosé (Pinot noir) 8.9 64.36 265 151,281
· · · · · · · · · · · · · · · · · ·

a Albé, Blitenschwiller and Gertwiller counties respectively.
Table 1. Short extract of the optimization model result

The selection of the counties of Albé, Blitenschwiller, and Gertwiller is justified by their
red wine production, in contrast to their predominantly white wine-growing region. The ta-
ble 1 reveals that the model is capable of capturing this specificity.

Nevertheless, the model is unable to accurately reflect the diversity observed at the county
level. This is evidenced by the fact that changing the starting values does not result in the same
solution. Conversely, if the opposite were to be true, it would cast doubt on the confidentiality
of the data shared by customs services.

Ideally, we would have compared our results with the undisclosed surface areas of the
vineyard register. However, if we aggregate our results by department and wine type, we can
compare them with the available statistics in order to obtain a relevant control of our work.
We found that the Kendall rate is approximately 88.8%, and for departments and wine types
with a surface area of over 1000 ha, the Kendall rate reaches 89.6%. This result is illustrated
in Figure 2 on a logarithmic scale. For PGI vineyards, the level of precision is lower due to the
very large authorized geographical production areas, which often extend beyond the depart-
ment scale. Conversely, for AOP vineyards, errors are lower due to more restrictive production
zones, which are often intra-departmental. For Non-PGI vineyards, the aforementioned errors
are reduced at this scale of analysis due to the establishment of pseudo-appellations by de-
partment, which compensates for the logical absence of this type of wine in the INAO data
set. This method of comparison, although less accurate than using the vineyard register, en-
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abled the display of a reasonable level of confidence in the results and the validation of the
methodology.

Figure 2. Comparison of aggregated areas with more aggregates statistics

Figure 3 presents a cartographic representation of the average harvest value per hectare
delineated by each agricultural region. Figure 4 provides a visual compilation of these val-
ues. The adoption of this geographical scale, which is approximately four times finer than
that of a department, allows for more agronomic coherence and enhanced legibility. These
harvest value maps can be merged with climate data to facilitate modeling that assesses the
economic impact of current and future climate hazards, to test insurance or finance policies or
to investigate economically sustainable change in growing practices. It should be noted that
the financial feasibility and relevance of investments can vary substantially between a crop
valued at e 5,000 per hectare and one valued at e 40,000 per hectare.

Not surprisingly, the highest values per hectare are associated with Champagne. However,
wines from Alsace have the highest average yield per hectare, suggesting that the region may
be more productive than Champagne. In contrast, wines from Corsica, the Southwest, and
Languedoc-Roussillon have lower harvest values.

Comparing these values with the cumulative harvest value completes our interpretation.
We find agricultural regions that produce Champagne or Alsace wines. However, Cognac, in
particular, and Languedoc-Roussillon also emerge as areas with significant sum of harvest
values; these large agricultural regions compensate the harvest value per hectare with the
cumulative area.

The model result, which amounts to e 7.57 billion, can be juxtaposed with the e 13.8
billion reported by the National Institute of Statistics and Economic Studies (INSEE) in ‘Pre-
vision accounting of agriculture’ report.7 However, a direct comparison is challenging due to
the existing decoupling between the values of the harvest and the prices of the bottles. Insur-
ance specifications present prices based on harvest values, while the INSEE reports values
based on vine production. Consequently, the values reported by the INSEE serve solely as a

7Table Insee 2022. A distinctive feature of the data provided by the French National Institute for Statistics and Economic
Studies (INSEE) is the presentation of annual production values, segmented by the type of wine. In the context of vineyards, the
annual total value of Appellation d’Origine Protégée (AOP), brandy, and other wines (including specific totals for champagne
and cognac) is provided.
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Figure 3. Map of the harvest values of wine per hectare by agricultural region
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Figure 4. Map of the cumulative harvest values of wine by agricultural region
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reference point to verify the consistency of the estimated expected values of the harvest. It is
reassuring to infer that the overall value of French wine production surpasses the value of the
harvest significantly.

Harvest Expected Value Surfaces
AOP vineyards 5,208.2Me 69.19% 429.7Kha 57.04%
AOP Vine brandy 1,002.3Me 13.32% 81.8Kha 10.86%
PGI Vineyards 1,174.6Me 15.60% 202.0Kha 26.81%
Non-PGI Vineyards 141.9Me 1.89% 39.9Kha 5.29%

Total 7,527.0Me 100.00% 753.3Kha 100.00%

5. Conclusions

Combining data can be challenging. This study highlights the importance of integrating mul-
tiple data sources to map harvest values most effectively. The optimization algorithms im-
plemented in the study, combined with the strict constraints imposed by INAO, enabled the
production of relevant and useful results. The study led to the creation of an open database,
which is highlighted in the article with two maps. The first map shows crop values per hectare,
while the second map shows the sum of crop values. This allows us to capture the heterogene-
ity of vineyard characteristics in different regions and to envisage numerous microeconomics
studies.

The increase of open data sources represents significant opportunities for research pro-
grams dealing with major challenges in the wine industry. However, the implementation of
n (GDPR) restrictions limits the level of information, particularly the identifying variables,
making it difficult to merge multiple relevant data sources to fit models. This model serves
as a further illustration of the potential for overcoming these restrictions and for the efficient
combination of multiple data sources.

This study could be enriched in two ways. Firstly, by integrating multi-year data and more
recent data or surfaces by counties (not yet available), although this could increase the volume
of data during the optimization process and pose difficulties in ensuring consistency between
years. Secondly, it would be beneficial to consider incorporating production volumes in addi-
tion to surface areas as a maximization criterion, although this would increase the complexity
of the problem.

Overall, the study provides a valuable demonstration of the potential benefits of combining
multiple sources of aggregated data to produce enriched datasets. The results obtained here
using this approach have important implications for the agricultural and insurance sectors,
where accurate estimates of crop values are essential for efficient decision-making.
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Appendix A. Wine open sources overview

This section presents available open data pertinent to the wine industry, accompanied by an
analysis of the advantages and limitations of such data.

The FADN open data: In 2022, this dataset contained information on 1,100 individual ac-
counts of wine growers and survey results on their agronomic practices. French viti-
culture is home to around 59,000 wine-growing professionals, as per the data provided
by the 2020 agricultural census (agriculture.gouv.fr). Although this annual database is
highly useful for researchers as it provides various farm-related variables dating back
to 2000, it lacks information on the color of wines, varieties, or appellations. In wine,
crops are only distinguished as AOP, Vine brandy, PGI Vineyards, Non-PGI Vineyards,
and Grapes. Additionally, key variables such as production surface, crop yields, and
values were transformed into categorical variables using value ranges for anonymiza-
tion purposes, and the location variables were removed.

Annual Agricultural Statistics: Annual Agricultural Statistics (known as SAA in French)
collects annual data on agricultural production, livestock numbers, and areas. Unlike
the FADN open database, the SAA data is not anonymized but is aggregated by crop
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or species, as well as by department. While the FADN and SAA share extensive histor-
ical coverage since 1989, the latter does not include more information on wine color,
varietals, or appellations.

The graphic land registry database: The graphic land registry database (RPG) has been
provided by the service and payment agency (ASP) since 2007 (geoservices.ign.fr).
It is used to calculate public European Common Agricultural Policy (CAP) aid, with
greater reliability than a survey. It offers an incomparable level of geographical detail
on sowing. Even though crop specifications are often more precise than those of the
FADN, there are some differences. For example, RPG codes CZH and CZP represent
winter and spring rapeseed, respectively, while the FADN code 222 represents both
types of rapeseed. In the case of wine, the codes do not distinguish between PGI, AOP,
and Non-PGI wines. Although the information provided is very precise and extensive, it
only applies to farms that receive CAP aid. However, only a few winegrowers apply for
such aid, so the information gathered may not be representative of the entire vineyard
plot.

Governmental websites :
• www.data.gouv.fr,
• www.insee.fr,
• www.douane.gouv.fr/la-douane/opendata,
• www.agreste.agriculture.gouv.fr
• geoservices.ign.fr
• www.geoportail.gouv.fr
• statistiques.msa.fr
• stats.agriculture.gouv.fr

Other data repertory :
• www.aspexit.com
• www.inao.gouv.fr,
• www.theia-land.fr
• www.liv-ex.com
• infoterre.brgm.fr
• donneespubliques.meteofrance.fr,
• www.drias-climat.fr,
• agri4cast.jrc.ec.europa.eu
• hubeau.eaufrance.fr
• Each quality sign has specific production rules, such as a list of vine varieties and

a cut-off yield. Additionally, each specific production rule for a PGI or an AOP
is established through a decree published in the official bulletin of the Ministry
of Agriculture and Food. For example, web scraping techniques could be imple-
mented to extract a database of cut-off yields by appellation.

At the same time, we are witnessing the enforcement of laws related to privacy protection
with regards to personal data. The General Data Protection Regulation (GDPR) recommends
pseudonymising personal data whenever possible, and anonymising it when necessary. How-
ever, this can result in a significant reduction in the richness of the source data.

Appendix B. Code SAS

The presented an extract of paper SAS code initiates by incorporating datasets retrieved
from customs services and INAO. Subsequently, these datasets are combined using the PROC
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OPTMODEL method, as depicted in equation 1.
DATA LINAO;
INPUT INSEE_COM CVI AUTHORIZED SINIT;
DATALINES;
01001 3B011 0.33 0
01001 3B011M 0.33 0
01001 3B012 0.33 0
01001 3B012M 0.33 0
01001 3B013 0.33 0
....
;;;;
RUN;

DATA LA;
INPUT CVI S;
DATALINES;
1B001D 78.714523339
1B001M 3064.7940186
1B001S 9474.2135637
1B002D 3
1B002S 12.987045088
....
;;;;
RUN;

DATA LC;
INPUT INSEE_COM SDC;
DATALINES;
01001 0.2
01002 5.0859
01003 0.2
01004 1.0499999999
01005 0.2
....
;;;;
RUN;

ODS OUTPUT SolutionSummary=SolutionSummary;
PROC OPTMODEL PRESOLVER=AUTOMATIC ;
SET <STR> Icvi;
SET <STR> Icom;
SET <STR,STR> Iinao;
NUM Authorized {Iinao};
NUM SInit {Iinao};
NUM S {Icvi};
NUM SDC {Icom};
READ DATA LA
INTO Icvi=[cvi] S;
READ DATA LC
INTO Icom=[Insee_com] SDC;
READ DATA LINAO
INTO Iinao=[cvi Insee_com ] Authorized SInit;
SET NODES = union {<cvi,Insee_com> IN Iinao} {cvi,Insee_com};
VAR SurfModel {<cvi,Insee_com> IN Iinao} INIT SInit[cvi,Insee_com] >= 0 <= MAX(0, MIN(S[cvi],SDC[Insee_com])) ;

MAX obj= SUM {<cvi,Insee_com> IN Iinao} SurfModel[cvi,Insee_com]*Authorized[cvi,Insee_com];
CON SurCVI {cvi IN Icvi}:
SUM {<(cvi),Insee_com> IN Iinao} SurfModel[cvi,Insee_com] <= S[cvi];
CON SurCom {Insee_com IN Icom}:
SUM {<cvi,(Insee_com)> IN Iinao} SurfModel[cvi,Insee_com] <= SDC[Insee_com];
SOLVE WITH NLP;
CREATE DATA optmodel(RENAME=(SurfModel=SurfModel&i))
FROM [cvi Insee_com] SurfModel;
QUIT;
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