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Abstract: The vegetative development of grapevines is orchestrated by very specific meteorological
conditions. In the wine industry vineyards demand diligent monitoring, since quality and
productivity are the backbone of the economic potential. Regional climate indicators and
meteorological information are essential to winemakers to assure proper vineyard management.
Satellite data are very useful in this process since they imply low costs and are easily accessible.
This work proposes a statistical modelling approach based on parameters obtained exclusively
from satellite data to simulate annual wine production. The study has been developed for the
Douro Demarcated Region (DDR) due to its relevance in the winemaking industry. It is the oldest
demarcated and controlled winemaking region of the world and listed as one of UNESCO’s World
Heritage regions. Monthly variables associated with Land Surface Temperatures (LST) and Fraction
of Absorbed Photosynthetic Active Radiation (FAPAR), which is representative of vegetation canopy
health, were analysed for a 15-year period (2004 to 2018), to assess their relation to wine production.
Results showed that high wine production years are associated with higher than normal FAPAR
values during approximately the entire growing season and higher than normal values of surface
temperature from April to August. A robust linear model was obtained using the most significant
predictors, that includes FAPAR in December and maximum and mean LST values in March and
July, respectively. The model explains 90% of the total variance of wine production and presents
a correlation coefficient of 0.90 (after cross validation). The retained predictors’ anomalies for the
investigated vegetative year (October to July) from 2017/2018 satellite data indicate that the ensuing
wine production for the DDR is likely to be below normal, i.e., to be lower than what is considered a
high-production year. This work highlights that is possible to estimate wine production at regional
scale based solely on low-resolution remotely sensed observations that are easily accessible, free and
available for numerous grapevines regions worldwide, providing a useful and easy tool to estimate
wine production and agricultural monitoring.
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1. Introduction

Remotely sensed data provided by Earth Observation from satellites has been a key enabler of the
analysis and monitoring of vegetation dynamics on a global scale. The vegetation information that is
obtained from satellite data are used as input in models to assess hydrological patterns (precipitation,
runoff and soil moisture), climate effects and vegetation productivity and crop yields estimation.

In recent years, the potential of satellite products has sparked the interest of vineyards managers.
The geographical distribution and density of vineyards is predominantly determined by climate
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conditions [1,2]. The temperature and precipitation seasonality determines whether a region has
adequate weather characteristics for grape growing. The balance of these variables throughout
the vines growing season determines the wine type, quality and production [3,4]. Occurrences of
particularly low winter minimum temperatures, spring and fall frosts and short growing seasons will
definitely be an influential factor in the growth and productivity of wine grapes [5]. To preserve the
quality of the grapes, particularly under adverse meteorological conditions, wine producers invest
in methodological and technological adaptations. In this context, it becomes necessary to gather
information on the regional climate which can prove to be a difficult task as meteorological station data
are often unavailable. Using satellite data one can overcome this limitation, obtaining near real time
data (NRT) and a synoptic view of an entire vineyard region. Besides, by relying in satellite images it
is possible to generate a map of the vineyard health using the information of a vegetation product.

The Normalized Difference Vegetation Index (NDVI) is nowadays one of the most known
vegetation products obtained from satellite images [6]. Considering that the index is retrieved
from a multispectral image, it is based on the principle that the satellite sensor will detect less
reflected red light from vigorous vegetation (e.g., vines) which are photosynthetically more active,
and therefore greener and healthier. Generally speaking, NDVI is an indicator of the greenness of
the vegetation. However, satellite observations may also be used to derive variables which are more
directly related with vegetation health, such as the Fraction of Absorbed Photosynthetically Active
Radiation (FAPAR). FAPAR represents the fraction of photosynthetically active radiation absorbed by
the green parts of the canopy, and it is therefore an indicator of the status of the vegetation canopy,
since the absorption of the photosynthetically active radiation is related to leaf chlorophyll content [7].
Although the NDVI has been frequently used to address vineyards conditions [8,9] and therefore wine
production/productivity [10–13], the availability of FAPAR estimates from satellite data opens the
possibility to assess the state of the vineyard health via a variable closer to photosynthesis processes.
It is needless to say that FAPAR and NDVI are highly correlated as pointed by previous studies,
e.g., [14]. Currently FAPAR is often used to model terrestrial ecosystems for estimations of how much
carbon is assimilated by plants and how much water is released due to evapotranspiration [15–17].
Considering their definition, parameters such as NDVI and FAPAR express strong correlations with
soil moisture and precipitation [4] and can therefore be regarded as proxies of the soil water reserves.

In the wine industry, Portugal is one of the top 5 producers in European Union and is currently
11th worldwide [18]. The Portuguese Douro region is the oldest demarcated (XVIII century) and
controlled winemaking region of the world and is known worldwide as the source of the so acclaimed
port wine [12,13]. At the beginning of the century, the Douro Wine Region was added to UNESCO’s
World Heritage List. In this region grapes grow on steep hills with tough schist soils in vines laid out
in wired terraces built row upon row with retaining walls [13]. Due to these extreme terrain conditions,
the region is sparsely vegetated, although by well-adapted vegetation. It also endures a consistent
post-flowering water and thermal stress [19]. Budburst for grapevines in such climatic Mediterranean
conditions occurs typically in March, bloom in May, veraison in July and ripening to full maturation in
September [20,21]. During the growing season (April–September), the mean air temperature in the
Douro region is 18–21 ◦C and the precipitation during this period represents around 30% of the annual
total [5,19,21]. At the end of the ripening period the available water reserve is lower than 20% [19].

Given the significance of the Douro Wine region and its climate conditions, the wine production
variability of the region has been already addressed in several studies [1,5,12,19,21–23], although these
have mostly targeted the impact of the interannual variability of atmospheric circulation and climate
change on wine production. The impact of climate change on Douro Valley wine production has
also been assessed by Jones et al. [5] and Santos et al. [21,23] using projections from climate models.
The results indicate that the Douro Wine region will be exposed to higher and more frequent heat
stress events, a lower diurnal temperature range and higher temperatures during the growing season.

Gouveia et al. [12] have analysed the vegetative cycle of vineyards and the vulnerability of
Douro wine production to climate variability and change using NDVI data obtained from satellite and
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meteorological parameters from the Climatic Research Unit data sets. The results showed that the
production variability is linked to late winter-early spring precipitation and spring temperatures. The
statistical modelling of wine production for the Douro region was also performed by Gouveia et al. [12],
Santos et al. [21,23] and Fraga et al. [1], all leading to consistent results, namely: warmer than
normal conditions during flowering and berry development (May) tend to favour higher wine
production. Additionally, Gouveia et al. [12] highlighted the importance of the dormancy stage
of the vineyard (October to December) since it was found that the NDVI was a significant predictor for
wine productivity during this stage. The result gives an indication that it is important that grapevines
are in their best health condition during this period.

The purpose of the present work is to analyse the suitability of FAPAR as a representative index of
the vegetative cycle of vineyards and to develop a statistical model for wine production by combining
parameters exclusively obtained from satellite data, in this case FAPAR and Land Surface Temperature
(LST). In this way, we aim to highlight that remotely sensed observations and products alone constitute
a pertinent source of data for analysing vineyards conditions and to simulate their wine productivity.
The added value of the present work is to present a method for wine production estimation using
data that are easily accessible, free and available for numerous grapevines regions in alternative to in
situ measurements, which in turn are scarce, difficult to access and often associated with extra costs.
The study is focused on the Douro Demarcated Region (DDR) due to its being a controlled winemaking
region and to its high economic relevance in the wine industry sector.

2. Materials and Methods

2.1. Study Area

The study area of the present work is DDR (Figure 1a) in Northeast Portugal. The region is
very mountainous and is located along the hydrographic basin of Douro River with an extension of
around 250,000 ha. Spreading along deep valleys and protected by the surrounding mountains, the
region typically experiences cold winters and hot and dry summers. The mean annual precipitation
usually varies from 400 to 900 mm with higher values in December and January and lower in July
or August [5,24]. Mean monthly air temperatures range from 5 to 8 ◦C in January up to 24 ◦C in
July [19,23].
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Figure 1. (a) Douro region and its typical vineyards landscape (e), (b) pixels classified as vineyards
from the CLC map after resolution and projection matching to MSG images (example of the CLC06), (c)
location of the selected pixels after vineyard persistence analysis, and (d) zoomed identification of the
selected pixels used in this study.
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The typical vegetative cycle of the grapevines in the studied region is presented in Figure 2.
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2.2. Corine Land Cover Map

To identify the land cover which is related to vineyards within the studied area, the CORINE
Land Cover (CLC) maps were used (https://land.copernicus.eu/pan-european/corine-land-cover).
The CLC is an inventory of land cover comprising 44 classes and is freely available in both raster and
vector formats with 100- and 250-meter resolution.

In this study, we consider CLC maps versions of 2000 (CLC00), 2006 (CLC06) and 2012 (CLC12).
By combining the three versions, we aimed to select the land cover that had been consistently classified
as vineyards through the 2000–2012 version maps (dark orange pixels in Figure 1b). This approach
guarantees that the vineyards are being kept in the same locations throughout the period of study,
therefore providing an indication of persistence in the land use.

The CLC maps were re-projected from its inherent coordinate reference (EPSG:3035) to the
geostationary satellite projection of the MSG images to enable the identification of the pixels that relate
to the vineyards land cover classification. The resolution of the CLC maps was also processed to match
that of MSG products (Figure 1c,d). The mode rule was applied in the resampling method of the CLC
maps. The pixels that were retained as vineyard and, therefore, used in this analysis are represented in
Figure 1d.

2.3. Remotely Sensed Data

As mentioned previously, the data used in this work were exclusively obtained from satellite
observations. In the present case, FAPAR and LST were obtained from the Satellite Application Facility
on Land Surface Analysis (LSA-SAF) project that is part of the distributed EUMETSAT (European
Organization for the Exploitation of Meteorological Satellites) Application Ground Segment [25].
LSA-SAF is focused on the development and processing of satellite products that characterize the
continental surfaces (radiation products, surface temperature, vegetation, evapotranspiration and wild
fires). The data are freely available at https://lsa-saf.eumetsat.int. Here we will consider products
derived from SEVIRI on-board the geostationary satellite MSG, with a maximum spatial resolution (at
sub-satellite point) of about 3 km. Within the vegetation suite, besides FAPAR, also Leaf Area Index
(LAI) and Fraction of Vegetation Cover (FVC) are available.

MSG 10-daily FAPAR (LSA-408) and 15-minute LST products (LSA-001) are operationally
generated and distributed by the LSA SAF in near real time and/or off-line since 2005. However,
the need for providing homogeneous time-series of Climate Data Records (CDR) suitable for climate
variability and change detection studies justified the generation of a long-term datasets with the most
recent algorithm version used for Near Real Time (NRT) operational products. The corresponding LST
and FAPAR CDRs (LSA-050 and LSA-452, respectively) have been available since 2017, covering
the period 2004–2015. The validation exercises highlighted the stability and consistency of the
above-mentioned products [12,26,27] with those generated in NRT. Therefore, the available datasets,
including reprocessed and operation NRT products, resulted in almost 15 years of satellite information,
i.e., data for the period from 2004 until now.

https://land.copernicus.eu/pan-european/corine-land-cover
https://lsa-saf.eumetsat.int
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2.3.1. LST

The LST is controlled by the surface energy balance which depends on the thermal properties
of the surface and the atmospheric state. Although LST and air temperature result from different
conceptual concepts, there is a strong relationship between the two [28], and LST can be used as a
proxy of air temperature. Satellite-based LST products also add the advantage of being available with
high spatial resolution and coverage in comparison with meteorological in situ measurements.

The retrieval of LST from the satellite observations within the LSA-SAF relies on the generalised
split-window algorithm, which uses top-of-atmosphere brightness temperatures from the two adjacent
infrared channels at 10.8 and 12.0 µm. Further details on the algorithm can be found in Trigo et al. [25]
and Freitas et al. [29]. In 2017 LST was reprocessed for the entire period from 2004 to 2015 by LSA-SAF
with a temporal sampling of 15 minutes (product identifier LSA-050), using the version 7.14.0 for the
NRT product, LSA-001. The LST are freely available at http://lsa-saf.eumetsat.int.

The available LST dataset, considered here for the total 2004–2018 period, was post-processed
to obtain monthly mean values from the original 15-minute values, taking into account the
representativeness of the LST diurnal cycle. A spatial average of the pixels selected for analysis
(Figure 1d) was used in the statistical modelling of the wine production from the DDR.

2.3.2. FAPAR

FAPAR corresponds to the fraction of photosynthetically active radiation (i.e., within 400 to
700 nm), which is absorbed by vegetation, therefore quantifying the canopy’s ability to absorb radiation
for photosynthesis. The FAPAR product considered here is derived from SEVIRI red and NIR channels,
using as input information on the surface bi-directional reflectance distribution function (BRDF),
following the methodology first proposed by Roujean et al. [30]. A detailed description of the LSA
SAF FAPAR algorithm (MTFAPAR, LSA-426) is available in [16] and its validation in [27]. FAPAR
(LSA-452) was also reprocessed for the period from 2004 to 2015 using the most recent version
VEGAv3.0 algorithm and data are available from LSA-SAF with daily and 10-day temporal resolution.
As performed for LST, a time series of monthly mean FAPAR values from 2004 to 2018 is built using a
spatial average of the pixels previously identified as vineyards in the DDR (Figure 2d).

2.4. Wine Production

A wine production time series (Figure 3) was obtained from the Portuguese IVV—Instituto do
Vinho e da Vinha (www.ivv.gov.pt). Only the overlapping period between available LSA-SAF data and
wine production records was considered, i.e., production years between 2005/2006 and 2017/2018.
Since the wine year is defined as beginning in August of the current year and ending at the end of July
of the following year, the data gathered from IVV are in fact compared with the remotely sensed data
corresponding to the previous year. This means that a wine production record of a given period, year
i/year i+1, is related to temperature or vegetation index from year i-1/year i. Henceforth, all figures
related to wine production are labelled using the correspondence to the period of satellite data.

For the purposes of this work, only Protected Denomination of Origin (PDO) wine production
dataset was used, excluding liqueurs and port wines. The PDO wine is compliant with the requirement
that its quality and characteristics are essentially or exclusively due to a particular geographical
environment with its inherent natural and human factors and that the grapes from which it is produced
come exclusively from the defined geographical area as well as its production place [31]. By using this
dataset, it is assured a direct relation of the phenology information used from the remotely sensed data
to the natural canopy of the vines in the studied location.

Two classes of years, characterised by high and low wine production, respectively above the 3rd
and below the 1st quartiles, were identified. These two classes, respectively denoted by Wine+ and
Wine−, are represented by red and green circles in Figure 3.

http://lsa-saf.eumetsat.int
www.ivv.gov.pt
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2.5. Statistical Modelling

The relationship of monthly mean normalized values of LST and FAPAR with PDO wine
production on the DDR was assessed using a stepwise regression with both forward selection and
backward elimination. The PDO wine production data comprises 13 years of yearly production values.
The best set of predictors was selected from statistically significant variables (5% level) considering the
p-value for an F-test of the change in the sum of squared errors by removing or adding a term to the
regression model.

The resulting model was also evaluated using the cross validation leave-one-out approach.
The data are divided into learning (12 yearly wine production values) and validation data sets (here
‘validation’ refers to the year of data left out) and the model is fitted to the learning data and tested on
the validation subset [32]. The test datum value is selected in chronological order and the learning
data subsets are the remaining values. The resulting estimated values (i.e., the estimated test data
subset) are then used to obtain the correlation coefficient of the cross validation.

3. Results and Discussion

3.1. Douro Vineyards Phenological Cycle and Climate

The annual cycle of satellite data for the selected pixels from the DDR were evaluated to weigh
the representativeness of these parameters in a vineyard setting. In a first exploratory study, FAPAR,
LST monthly mean, maximum, minimum and amplitude were considered as possible predictors for
the PDO wine data but only mean LST (LST MEAN), maximum LST (LST MAX) and FAPAR presented
statistically significant correlations with wine production (95% confidence level). As such, only the
annual cycles for these parameters are presented here (Figure 4).

The FAPAR annual cycle (Figure 4a) shows a clear alignment with the vegetative evolution of
the vineyards in the DDR. Lower (higher) values were observed in December (June and July), and
higher variability is also found for December, March and May. The dormancy stage during winter
is evident in the low FAPAR values between November to February. Although dormant vines do
not photosynthesize, they still have to maintain basic metabolic functions. This stage is supported
by the energy stored in the roots and trunk of the vine, which are naturally related to local soil
conditions [33,34]. Good state soil conditions also potentiate the development of herbaceous elements
(e.g., grass) throughout the vineyard even during the dormancy stage, which are then reflected in
relatively high FAPAR anomalies during that period.

The photosynthetic activity increases substantially in May and continues throughout June. This is
the blooming stage of vineyards which is naturally marked by the development of new leaves. In July
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FAPAR exhibits a slight decrease that is accentuated latter on in August. This behaviour is consonant
with the veraison stage, which typically begins in July and lasts until the full maturation of the grapes
and the consequent ripening stage in September. Overall, the FAPAR annual cycle is also in agreement
with the ones found for NDVI in the works developed for the same region by other authors [12,22,35].
These findings corroborate that FAPAR can be used as an indicator of the health state of the vineyards
in the DDR.
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The LST MEAN (Figure 4b) and MAX (Figure 4c) annual cycles are typical of a Mediterranean
climate: high values in the months of peak summer time, July and August, and lower ones during
winter months, namely December and January. Low variability is also observed along the entire
year for selected pixels, namely for LST MEAN. Late winter and early spring months exhibit higher
variability for both LST variables. Given the implications of the physical definition and natural
differences between LST and air temperature it is expected that the LST values presented in this work
to be slightly higher than the ones obtained from air temperature by other authors [5,12,23]. It is
still legitimate to consider the profiles of the annual cycles of these parameters to be in agreement
with those obtained for air temperature in the previously mentioned studies conducted in the Douro
wine region.

Although several factors may influence grapevine vegetative development, such as precipitation,
radiation, cultural practices, use of growth regulators, and grapevine variety, the temperature is
paramount, especially in the budburst stage [36,37]. The start of this stage may happen prematurely as
a consequence of an event of unusual warm weather, leaving the newly bursting buds under the threat
of still-to-come low temperatures [37,38].

Composites for FAPAR and LST (MEAN and MAX) during years characterized by high and low
Douro wine production were obtained with the aim to analyse the corresponding annual cycles of
monthly anomalies (Figure 5). This assessment is driven by the connection established in previous
works between the different stages of growth of the vineyards may also be reflected in the contrasting
behaviour during high or low production years [5,12].
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The results show that high wine production years are associated with higher than normal FAPAR
values during approximately the entire growing season of grapevines (Figure 5a). In contrast, the low
wine production years are associated with lower than normal FAPAR values. It should be noted that
from June to November, the FAPAR anomaly values for high and low wine production years are very
close. A clear distinction between high and low years is observed between December and May, with a
sharp increase in FAPAR anomaly in December.

The anomalies of the LST MEAN (Figure 5b) and LST MAX (Figure 5c) indicate that high wine
production years are linked to higher than normal values of both parameters from April to August.
The vegetative stages of the grapevines, soon after the budburst stage (March) are favoured by higher
than normal surface temperatures. This stage needs wet conditions and sunshine with temperatures
above 10 ◦C for vineyard growth [12]. Grape phenology and berry composition are strongly driven
by air temperature during the growth cycle [39]. Frozen temperatures and hail in growing vegetative
cycle may damage and prevent vineyard development [40]. Accordingly, our results show that from
budburst until veraison, lower than average surface temperatures are representative of low wine
production years.

The wine production is also not favoured when surface temperatures are higher than normal
during January to March. This fact might be related to the already mentioned premature budburst
as a consequence of out-of-season warm weather, which expose the grapevine to eventual stressful
conditions later on, such as damaging low temperatures to the newly bursting buds, therefore leading
to a lower than average wine production year [12]. A negative/positive anomaly in November is also
associated with higher/lower than average wine production years. Therefore, lower than normal
maximum temperatures in the beginning of the grapevines dormancy stage (starts in November) are
important for triggering and setting this vegetative stage. As also mentioned by Gouveia et al. [12]
the dormancy stage is an important period of the vineyard vegetative cycle, when high values of soil
moisture are desirable.

3.2. Modelling Douro Wine Production using Remotely Sensed CDRs

The results obtained in the previous section highlighted the strong power of remotely sensed
datasets, namely FAPAR and MEAN and LST MAX, to monitor production of table wine in Douro
region, suggesting therefore to develop a simple model of wine production based on CDRs covering
the period from 2004 until 2017.
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The stepwise regression used in the statistical modelling of the DDR PDO wine production
selected the most significant predictors (at 95% confidence level): December FAPAR, July LST
MEAN and March LST MAX. Table 1 presents the p-values and the F-statistics p-value of the
selected predictors.

Table 1. p-values and F-statistics of the predictors selected with the stepwise regression
modelling approach.

Predictors p-Value

FAPARDec 0.0005
LST MEANJul < 0.0001
LST MAXMar 0.0017

F-statistic < 0.0001

As mentioned before, March LST MAX may be seen as a proxy for the absence of frost, and
therefore be related with March-LST MIN. An exercise replacing March LST MAX by March LST MIN
was performed, and the quality of the obtained model was lower than the model presented in this
section. Another important feature is related the addition of extra predictors to the model does not
necessary lead to a better performance of the model, especially when the best and more representative
predictors are already included and especially if they are correlated between them. Moreover, the
inclusion of additional predictors may lead to overfitting that is usually detected by leave-one-out
cross-validation and therefore should be avoid.

It should be noted that, although not shown, the inclusion of other combinations of those
predictors (e.g., seasonal instead of monthly averages of the LST diurnal cycle or FAPAR, or
spring-to-summer LST increase) do not lead to better models. Indeed, morphological change and
leaf appearance occurs every 3–7 days [41] and often agricultural systems are very sensitive to
thermal/dryness conditions at specific moments of their vegetative cycle, since those conditions
could enable or disable the onset of the next growth stage.

The resulting model is expressed below and represented in Figure 6.

PDO wine production = 4.50 + 0.30 FAPARDec + 0.79 LST_MEANJul + 0.26 LST_MAXMar (1)
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Results for the considered period are presented in Figure 6, showing a very good agreement
between observed and modelled time series of wine production. The linear model is able to explain 90%
of the total variance of Douro wine production and the strength of the model is supported by the small
p-value (p < 0.01%) of the F-test. Furthermore, the application of the leave-one-out cross-validation
scheme supports the robustness of the regression model, leading to a slight decrease of the correlation
coefficient obtained between the PDO wine production data and the modelled data: from 0.95 without
to 0.90 when using the leave-one-out procedure.

The inclusion of LST in the retained predictors in the modelling process is an indication of the
crucial role of temperature in the budburst (March LST MAX) and veraison stages (July LST MEAN)
of vineyard growth cycle [39].

The December FAPAR predictor, although not representing the vegetative stage of higher
photosynthetic activity of the grapevines, points out that the soil conditions of the vineyards are
likely in their optimum during the dormancy stage. The high anomaly of FAPAR in December for
the years of high wine production confirms the significance of the selected predictor in the modelling
process. As already mentioned, this parameter also reflects the vegetative conditions of the soil cover
that separates the rows of grapevines. One should mention that the practice of growth of green manure
crops is often used and advised as a cost-effective measure of vineyard soil maintenance to increase
soil organic matter, improve soil structure or even prevent erosion. In the DDR, such measures are
of utmost importance due to terrain conditions that have high slopes, rocky shallow soils with low
organic matter and moderate to high risk of erosion in more than half of the DDR area [1]. As stated
previously, Gouveia et al. [12] also highlighted in their work the importance of the dormancy stage
of the vineyard since it was found that the NDVI was a significance predictor for wine productivity
during this stage. The findings of the present study are therefore also in agreement with the ones of
these latter authors.

To anticipate the PDO wine production class (Wine-, Wine+, or intermediate) in the DDR for
the 2018/2019 year (not know at the time of writing this article), an analysis was made considering
the values of the retained predictors’ anomalies (December FAPAR; July LST MEAN and March LST
MAX), throughout the DDR wine production years (Figure 7).

As can be seen in Figure 7, the years classified as high-production years (PDO wine production
above the 3rd quartile-diamond symbols) are associated with positive December FAPAR anomalies.
On the other hand, years classified as low production years (PDO wine production below the 1st
quartile-squared symbols) are associated mainly to negative December FAPAR anomalies (with
exception for 2006/2007). This fact confirms the significance of the December FAPAR as predictor in
the modelling process. The analysis puts forward to consideration that high production years benefit
from values of close to normal March LST MAX. However, higher (lower) than normal LST MEAN in
July is preeminent for high (low) production years. These conclusions are also validated in light of the
characteristics of the predictors’ anomalies in the low wine production years: the lack of synchronism
in occurrence of higher than normal December FAPAR; July LST MEAN and close to normal March
LST MAX. It should be stressed that the most marked difference between high- and low-production
years is associated with the LST Mean in July, which is in accordance with the highest coefficient of
this predictor in the multi-regression equation (1). High (low) production years are corresponding to
clearly positive (negative) anomalies.

Given this and interpreting the selected predictors’ anomalies from the current vegetative year,
i.e., October to July from 2017/2018 satellite data (star symbol in Figure 7) it is expected that the
ensuing PDO wine production for the DDR will be inferior, at least, to what is being considered a high
production year in the present study. At the time of writing this article, the International Organisation
of Vine and Wine [42] released a statement indicating that in Portugal, considering data from the grapes
harvested, the national production for the 2018/2019 year is associated with a drop in production of
22% compared to the previous year setting the record to be the lowest in the last 6 years. This new
information therefore corroborates the results inferred in this work.
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4. Conclusions

The vegetative development of grapevines is orchestrated by very specific meteorological
conditions. The supply of water and mineral nutrients affects the progress of vine development
and consequently the quality of the grapes and the quantity of the later produced wine. Another
strong influencer is temperature: not only it affects directly the quality of the grapes, but its balance
is crucial for defining all vegetative stages kick-off, namely dormancy, budburst, flowering, veraison
and maturation. Vineyards demand attentive monitoring especially in the wine industry where
quality, productivity and economic potential go hand in hand. Considering this, winemakers rely on
meteorological forecasts and regional climate indicators to support the vineyards management. For
this task, satellite data are very convenient, since they are available, nowadays, from several sources
free of charge with a good spatial resolution and time sampling.

In the present work, a set of parameters obtained exclusively from satellite data were tested
for the statistical modelling of wine production. The study has been developed for the Douro wine
region in northern part of Portugal. The region is of outmost cultural and economic importance: it is
the oldest demarcated and controlled winemaking region of the world; as a demarcated region, the
implementation of new technologies, agricultural practices and soil fertilization, is highly regulated,
making the Douro wine strongly dependent on climate variability. The wine production time series
used here represent only PDO wine produced in the region.

The FAPAR parameter derived from satellite images is also evaluated in terms of its suitability as
a representative index of the vegetative health of the vineyards throughout the yearly growing cycle of
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the grapevines. NDVI is a widely used index to assess vegetation state, and in particular to monitor
vineyards. However, FAPAR is directly linked to the plants’ photosynthesis capacity, and therefore
closer to plant health. This study confirms that FAPAR is indeed suited to addressing the canopy
vigour, in line with previous works. The annual cycle of FAPAR is showed to be in agreement with the
expected photosynthetic activity pattern considering the development stages of the vineyards.

The statistical modelling of PDO wine production was performed using stepwise regression
with monthly mean values of FAPAR and LST as predictors. FCV and LAI were tested, but not
chosen by stepwise regression, as they are highly correlated with FAPAR. The predictors retained
from the selection at 95% confidence level were December-FAPAR, July LST MEAN and March-LST
MAX and the regression model obtained explained 90% of the total variance of PDO wine production.
The robustness of the model is reflected in the 0.90 correlation coefficient obtained using a leave-one-out
cross validation scheme. Since FAPAR also reflects the vegetative conditions of the soil coverage
between rows of grapevines, the selection of the December FAPAR predictor points out the importance
of the vineyard soil conditions during the dormancy stage. The results hint that the soil conditions are
likely at their optimum during this vegetative stage. The significant influence of temperature in the
budburst and veraison stages was also substantiated by the remaining retained predictors: March LST
MAX and July LST MEAN.

The strength of the relationship between the wine production data and the retained predictors
was also investigated through an anomaly analysis of their link with years with high and low wine
production. High wine production years are associated with higher than normal FAPAR values
during almost the entire growing season, and higher than normal values of both LST MEAN and
LST MAX from April to August. Low wine production years are associated with higher than normal
surface temperatures during January to March. It is considered that these unseasonal higher than
normal winter surface temperatures likely lead to premature budburst which followed by exposure
of the newly bursting buds to lower temperatures at a later stage, leading to stress and possibly to
irreversible damage.

The results obtained in this work indicate that using parameters obtained exclusively by remotely
sensed data can provide useful information about wine yield and to represent the vegetative stages
of the grapevines development. This work highlights that is possible to estimate wine production at
regional scale-based solely on low resolution remotely sensed observations that are easily and freely
accessible. Therefore, the approach presented in this study is a useful and easy tool for estimating
wine production and agricultural monitoring.
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