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Abstract: Thermal conditions, influenced by the local environment, impact the development of
the vine and determine the composition of the grapes. Bioclimatic indices, based on cumulative
air temperatures, are modelled and mapped using statistical methods integrating local factors.
Air temperature data from sensors networks are limited in space and time. We evaluated the potential
of land surface temperature (LST) to identify comparable spatial distribution, and not to replace air
temperature, by using a support vector machine algorithm to compare bioclimatic indices calculated
from air temperature or LST. This study focused on the 2012–2018 period in the Saint-Emilion
winegrowing area of France. The use of several digital elevation models with high spatial resolution
(i.e., GMTED10 (1000, 500 and 250 m) and SRTM (90 and 30 m)) enabled LST to be downscaled at
each resolution. The same topographic variables (elevation, slope, orientation coordinates) were used
as predictors, and identical algorithms and cross-validation parameters were implemented in both
mapping methods. Bioclimatic indices were calculated from daily air temperature, daily LST or
weekly LST. The results of the daily and weekly downscaling of the MODIS time series at several
spatial resolutions are encouraging for application to viticulture and have allowed to identify an
optimal resolution between 500 m and 250 m limiting bias.

Keywords: bioclimatic indices; land surface temperature; topographic predictors

1. Introduction

Grapevines are highly sensitive to environmental conditions, which influence yield,
grape composition, wine quality and wine style [1]. The concept of “terroir” represents the
combined effects of soil, climate, topography and human factors (e.g., viticultural man-
agement, choice of cultivar). Among the many climatic variables that influence grapevine
physiology and phenology, temperature is often considered the most important [2–4].

Bioclimatic indices calculated from climate data are the most common way to identify
impacts of climate on grapevine growth. They are used to classify and compare winegrow-
ing regions based on cumulative air temperature (e.g., Winkler index (WI), Huglin index
(HI), Jones index) [5–7] and can also be combined with phenological stages [8]. Temper-
atures may vary greatly at fine scales [9,10]. Atmospheric parameters at the boundary
layer depend on surface conditions (e.g., roughness, type), which can cause high spatial
variability over relatively small areas (i.e., a few square meters to a few square kilometers).
Local factors (e.g., slope, exposure, type of soil, distance from the ocean) cause temperature
variations that exceed climate variability at a larger scale. This spatial variability in temper-
ature often provides optimal conditions for grapevine growth and gives a winegrowing
terroir its specific characteristics [11]. Thus, improved knowledge of local climate variabil-
ity is essential to better recommend and implement adaptation strategies in response to
climate change.
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Previous studies have highlighted the potential and usefulness of fine-scale climate
modelling in vineyards [12–16] that considers the main elements of the local environment.
A statistical climate modelling method at local scale has been developed in these previous
studies to model daily air temperatures (point) based on local factors as predictors, i.e.,
elevation, slope, geographical coordinates and exposition [13]. At the seasonal scale,
bioclimatic indices are generally mapped using spatial interpolation or spatialization of air
temperature collected from a network [17]. However, using temperature sensor networks
limits research on vineyards, requiring several years of data and network management,
raising the issue of mapping larger areas. Thermal remote sensing data with high temporal
resolution is an interesting alternative. Several studies have demonstrated the utility
of methods for “downscaling” land surface temperature (LST) derived at low spatial
resolutions from remote sensing to improve the precision of these data by using robust
statistical methods and predictors (e.g., topography, vegetation characteristics) [18–21].
The availability of spatially and temporally continuous temperature time series at high
spatial and temporal resolution is crucial for a wide range of applications.

LST is a key parameter in the physics of land surface processes from local to global
scales. However, using LST from thermal infrared data acquired remotely remains a
challenge. A relationship between LST and air temperature exists and is well studied,
but it depends on the thermal product used, the types of applications and the valida-
tion data [22–26]. A previous study of applying LST to viticulture highlighted LST’s
potential by analyzing the correlation between air temperature and LST for one grow-
ing season (2017–2018) without spatial or temporal reconstruction in the Waipara Valley
(New Zealand) [27].

To use LST [28], daily time series often need to be reconstructed due to a lack of data
(i.e., due to clouds, atmospheric conditions or other low-quality data). Reconstructing a
time series in remote sensing depends on the revisit time and availability of data. Previ-
ous studies have examined two approaches for using spatially and temporally continuous
LST time series: statistical methods and physical methods [18,20,29–33].

The main objective of this study was to define the optimal spatial resolution for map-
ping bioclimatic indices when downscaling MODIS thermal satellite imagery. The study
had three goals: (1) reconstruct daily time series of LST from 2012–2018, (2) downscale LST
using topographic variables (slope, elevation, exposure, coordinates) using a support vector
machine (SVM) algorithm and (3) evaluate the accuracy of using bioclimatic indices calcu-
lated from spatialized air temperature or downscaled LST (daily and weekly separately)
using the identical method model [13] of the previous studies.

2. Materials and Methods
2.1. Study Site and Data Collection

The study site was the vineyards of Saint-Emilion and Pomerol, in the winegrowing
region of Bordeaux, in southwestern France (Figure 1). It is bounded to the north by the
Gironde administrative department and to the south by the Dordogne River. Its oceanic
temperate climate, classified as Cfb (i.e., mild temperate, fully humid, warm summer)
in the Köppen classification [34], combined with a topographic context that ranges from
10–100 m with different soil types, provides suitable conditions for growing grapevines.
This winegrowing region has been documented in detail in many studies of impacts
of climate change on vineyards to climate change and their adaptation to it [13,35–38].
The present study focused on the winegrowing period (i.e., March to October) of 2002–2018.
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Figure 1. (a,b) The Saint-Emilion and Pomerol study site (red border) and the administrative department of Gironde
(black border) in southwestern France, and (c) the study site’s topography and network of 90 air temperature data loggers
(black points).

Elevation data (Table 1) came from the Shuttle Radar Topography Mission (SRTM—
NASA) at two resolutions: 1 arc-second for global coverage (~30 m) and 3 arc-seconds
for global coverage (~90 m) [39] and from Global Multi-resolution Terrain Elevation Data
(GMTED2010) [40] at the resolutions of 7.5 arc-seconds (~250 m), 15 arc-seconds (~500 m)
and 30 arc-seconds (~1000 m). The data were downloaded from EarthExplorer (https:
//earthexplorer.usgs.gov/). Topographic variables were derived from the digital elevation
models (DEMs): elevation (m), slope (◦), north-south orientation (◦), east-west orientation
(◦) and geographic coordinates (latitude/longitude).

Table 1. Overview of original dataset used in the study.

Data Product and Source Spatial Resolution Temporal Resolution Variable

Digital elevation model

SRTM—NASA
30 m - Elevation (m)

90 m - Slope (◦)

GMTED—USGS
250 m - N-S orientation (◦)

500 m - E-W orientation (◦)

1000 m - Coordinates
(Lat./Long.)

Air temperature TinyTag network point hourly
Minimum (Tn)

and maximum (Tx)
air temperature (◦C)

Land surface
temperature

MOD11A1/
MYD11A1 1000 m daily (2 nighttime,

2 daytime)

Minimum and
maximum land surface

temperature (◦C)

MOD11A2/
MYD11A2 1000 m 8-day composite

(2 nighttime, 2 daytime)

Minimum and
maximum land surface

temperature (◦C)

Air temperature data (Table 1) came from a network of 90 air temperature data loggers,
installed in the grapevine canopy 1.5 m from the ground, that recorded minimum and
maximum air temperatures at hourly intervals. The network was installed in 2012 to
consider the variety of local topographic parameters to better represent their influence on
the local climate; it was also used for validation in previous studies [13,41].

https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
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LST data (Table 1) was acquired using thermal remote sensing by the Terra (MOD)
and Aqua (MYD) satellites with the MODIS sensor on board. Two satellites provide four
daily LST datasets (two daytime and two nighttime). Two types of products were used:
MOD11A1/MY11A1 (i.e., M*D11A1) (daily) and MOD11A2/MYD11A2 (i.e., M*D11A2)
(8-day averaged composite). These data were downloaded via AppEars (https://lpdaacsvc.
cr.usgs.gov/appeears/) for the Gironde department from 2012–2018.

We used this dataset to calculate the common bioclimatic indices used in viticulture
studies. Most are based on the sum of daily temperatures over a baseline temperature,
which corresponded to the minimum vegetative temperature of 10 ◦C in this study [5,6,8,42].

2.2. Reconstruction and Downscaling of Daily LST Time Series

The weekly 1000 m LST averaged over 8 days (M*D11A2) [43] were duplicated to cre-
ate the daily LST for 8 days. The data missing from the daily LST at 1000 m (M*D11A1) [44]
were reconstructed with the available weekly LST data to create the daily LST time series.
To decrease dependence on before and after temporal window reconstruction, this study
replaced missing values with the 8-day composite values. The spatialization method
(air temperature) and downscaling method (LST) were based on two assumptions: (1) tem-
perature is related to topographic variables and can be modeled by machine-learning
regression models and (2) a daily regression model that uses an SVM approach can predict
(a) air temperature and (b) LST based on the topographic environment.

An SVM algorithm was used as a machine-learning regression model. We used the
SVM initially developed by Cortes and Vapnik [45] for classification studies, which uses a
hyperplane to classify the input variables into an n-dimensional feature space with a maxi-
mum margin. We used the packages caret [46] and e1071 [47] of R software, version 4.0.1
(R Core Team, June 2020) to perform the regression using a radial kernel. Optimal values
of the hyperparameters (cost and epsilon) were determined using 5-fold cross-validation,
as developed in [48] for spatializing air temperature.

This study was based on four types of data: daily air temperatures, daily LST at
1000 m, weekly LST at 1000 m (i.e. chronology detailed in Figure 2) and DEMs (1000, 500,
250, 90 and 30 m). The method had four steps (Figure 3):

A. Create two daily time series for each type of data (hourly air temperature, daily LST
and weekly LST): minima and maxima (Figure 3A). These time series were created
and calculated according to their time of acquisition (Figure 2). If more than 60% of
daily MODIS data were missing, they were reconstructed from the weekly MODIS
data. The weekly MODIS data were duplicated to create the daily time series needed
for the bioclimatic indices. In parallel, topographic variables were extracted from
the DEMs at multiple resolutions (1000, 500, 250, 90 and 30 m): elevation, slope,
north-south and east-west orientations and coordinates (latitude/longitude).

B. Analyze linear relationships between minimum and maximum air temperature and
minimum, maximum (and their mean) (1) daily LST (M*D11A1) and (2) daily LST
from the weekly data (M*D11A2) (Figure 3B).

C. Spatialize air temperature and downscale LST with the SVM algorithm using to-
pographic variables as predictors. Each modeled day of the growing season was
trained with hyperparameters and determined by 5-fold cross-validation (Figure 3C).
The spatialized predictions at the daily scale were exported in raster format.

D. Calculate, from the predicted daily data, the seasonal WI and HI for the three types of
data: air temperature, daily LST and daily LST from weekly data (Figure 3D).

https://lpdaacsvc.cr.usgs.gov/appeears/
https://lpdaacsvc.cr.usgs.gov/appeears/
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2.3. Bioclimatic Indices

The first index used was the standard index for growing degree-days (GDD), also known
as WI [49]. It equals the sum of daily mean temperature greater than 10 ◦C during the seven
months of the growing season (1 April to 31 October, Northern Hemisphere). This index
enables several regions of the world to be compared [5].

WI =
31 Oct

∑
1 Apr

(Tmean − 10) (1)

The heliothermal HI [6] is calculated using daily mean and maximum temperatures
greater than 10 ◦C over six months of the growing season (1 April to 30 September, North-
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ern Hemisphere) and includes a coefficient (k, 1.03 in this study) to adjust the day length
as a function of the latitude.

HI =
31 Sept

∑
1 Apr

[
(Tmean − 10) + (Tmax − 10)

2

]
∗ k (2)

2.4. Relationship between Daily Air Temperature and Daily LST from Daily and 8-Day Composite
MODIS Products

We studied the daily relationship between air temperature and LST per year for the
90 sensor locations that recorded air temperature and the two types of MODIS data ex-
tracted for these same locations: daily LST (M*D11A1) and 8-day composite LST (M*D11A2)
transformed into daily time series. Thus, each of these two products contained two night-
time datasets and two daytime datasets.

This first step analyzed the influence of the time of satellite passage on the LST,
to obtain the best estimates of minimum and maximum air temperatures using statistical
indicators such as coefficient of determination (i.e., R2) and root mean square error (i.e.,
RMSE). Each type of MODIS data and their mean (when both were available) were related
to the daily minimum air temperature for nighttime data (MOD_NIGHT, MYD_NIGHT
and MEAN_NIGHT, respectively) and to the daily maximum air temperature for daytime
data (MOD_DAY, MYD_DAY and MEAN_DAY, respectively). Moreover, to verify the
spatial distribution between bioclimatic indices values from temperature and LST by
resolutions, Pearson correlation tests were computed after checking visually the normality
of the distribution of indices.

3. Results

Coefficients of determination (R2) of the linear relation between daily air temperature
and LST (M*D11A1) were slightly higher for daytime (R2 = 0.47–0.93) than for nighttime
data (Figure 4). Several studies have used linear regression to demonstrate the strong rela-
tionship between air temperatures and MODIS LST in different geographical contexts and
time series lengths. For example, overpass timing influenced accuracy [50], Aqua and Terra
satellites had similar accuracy [51,52], one satellite was more accurate than the other [53,54]
or nighttime data were more accurate than daytime data [22,55]. Both nighttime and day-
time data showed that the mean of data from the two satellites (Aqua and Terra) stabilized
the variability by maintaining a strong relationship while requiring less than half of the
amount of data (mean of 90 observations vs. 160 observations for each MODIS product).
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Figure 4. Boxplots of statistical indicators of the linear relationship between daily air temperature and daily land surface
temperature (M*D11A1) from 2012–2018 gridded at different spatial resolutions, by the type of MODIS product for each
year studied: (a) coefficient of determination (R2) and (b) root mean square error (RMSE).

Linear relationships between daily LST from the 8-day composite (M*D11A2) and daily
air temperatures showed, like for daily LST, slightly better results for daytime data than
nighttime data, with higher R2 and lower RMSE) (Figure 5). Most results were not as
good as those for the daily LST data. Since weekly data were pixel-averaged over 8 days,
they were more repetitive than daily data and had less variable temperature. Peaks in mini-
mum or maximum temperatures during each day were less visible (Figure 4 Results varied
greatly among years. For example, the mean of the nighttime data of the MODIS products
(MEAN_NIGHT) had R2 from 0.50 (2014) to 0.72 (2018) but similar RMSE. Averaging these
indicators over the growing season precluded determination of the intra-annual variability.
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Analysis of air temperature and LST quantified the relationship and variability be-
tween these two types of data from 2012–2018 for several possible combinations of MODIS
products distributed between daytime and nighttime data: MOD product (Terra satellite),
MYD product (Aqua satellite) and MEAN product (average of the two). The daily MODIS
data (M*D11A1) were more similar to air temperatures than the weekly MODIS data
(M*D11A2), but required more data, pre-processing, and reconstruction; consequently,
biases must be considered. Weekly data were also required in this study to calculate
bioclimatic indices based on cumulative daily temperature during the growing season.

3.1. Performance of the Multi-Resolution SVM Algorithm

When calculating performances of daily SVM models for minimum air temperature
(Tn) and maximum air temperature (Tx) time series and each MODIS product time series
(MOD_DAY, MOD_NIGHT, MYD_DAY and MYD_NIGHT), the results varied greatly
at all spatial resolutions (Figure 6.1): R2 of Tn and Tx ranged from 0.0-0.92, but the in-
terquartile range of R2 was 0.32–0.53 for Tn vs. 0.02–0.18 for Tx (Figure 6.1a). For the
daily LST (Figure 6.2) and 8-day composite LST (Figure 6.3), the interquartile ranges
of R2 were similar and ranged from 0.27–0.75. The RMSE was slightly better for lower
resolutions (e.g., 1000 m) than higher resolutions (e.g., 30 m). For MODIS products,
the MOD product (MOD_DAY and MOD_NIGHT) performed better than the MYD prod-
uct (MYD_DAY and MYD_NIGHT). For the timing of acquisition, daytime products had
slightly lower performance due to daytime atmospheric conditions. For nighttime acqui-
sition, the MYD_NIGHT product had better performance and less variability than the
MOD_NIGHT product. The downscaling performances between daily LST (M*D11A1,
Figure 6.2) and daily LST from weekly data (M*D11A2 Figure 6.3) were similar at all
spatial resolutions. They differed mainly in RMSE, which had lower variability for the
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weekly products (M*D11A2, Figure 6.3b). The downscaling method was less effective for
air temperature than for LST.

Remote Sens. 2021, 13, x FOR PEER REVIEW  8 of 17 
 

 

When calculating performances of daily SVM models for minimum air temperature 

(Tn) and maximum air temperature (Tx) time series and each MODIS product time series 

(MOD_DAY, MOD_NIGHT, MYD_DAY and MYD_NIGHT), the results varied greatly at 

all spatial resolutions (Figure 6.1): R2 of Tn and Tx ranged from 0.0‐0.92, but the interquar‐

tile range of R2 was 0.32–0.53 for Tn vs. 0.02–0.18 for Tx (Figure 6.1a). For the daily LST 

(Figure 6.2) and 8‐day composite LST (Figure 6.3), the interquartile ranges of R2 were sim‐

ilar and ranged from 0.27–0.75. The RMSE was slightly better for lower resolutions (e.g., 

1000 m)  than higher  resolutions  (e.g., 30 m). For MODIS products,  the MOD product 

(MOD_DAY and MOD_NIGHT) performed better  than  the MYD product  (MYD_DAY 

and MYD_NIGHT). For the timing of acquisition, daytime products had slightly  lower 

performance  due  to  daytime  atmospheric  conditions.  For  nighttime  acquisition,  the 

MYD_NIGHT product had better performance and less variability than the MOD_NIGHT 

product. The downscaling performances between daily LST (M*D11A1, Figure 6.2) and 

daily LST from weekly data (M*D11A2 Figure 6.3) were similar at all spatial resolutions. 

They  differed mainly  in RMSE, which  had  lower  variability  for  the weekly  products 

(M*D11A2, Figure 6.3b). The downscaling method was less effective for air temperature 

than for LST. 

 

Figure 6. Boxplots of statistical indicators of the downscaling of (1) spatialization of air temperature, (2) downscaling of 

daily land surface temperature (LST) and (3) downscaling of the 8‐day composite LST using the support vector machine 

algorithm gridded at different spatial resolutions, by the type of product for each year studied: (a) coefficient of determi‐

nation (R2) and (b) root mean square error (RMSE, in °C). 

The same statistical and evaluation methods were used to spatialize the air tempera‐

tures and downscale both types of LST data (daily and weekly). The performances of mod‐

eling air temperatures were lower than those of modeling the two types of LST. As con‐

tinuous matrices of data, the remote sensing images cover the entire study area more ac‐

curately than point data from air temperature sensors. 

3.2. Mapping Bioclimatic Indices Using Air Temperature and LST 

The WI (Figure 7) and HI (Figure 8) bioclimatic indices at spatial resolutions of 30–

1000 m and averaged for 2012–2018 demonstrated the influence of topographic variables 

Figure 6. Boxplots of statistical indicators of the downscaling of (1) spatialization of air temperature, (2) downscaling of daily
land surface temperature (LST) and (3) downscaling of the 8-day composite LST using the support vector machine algorithm
gridded at different spatial resolutions, by the type of product for each year studied: (a) coefficient of determination (R2)
and (b) root mean square error (RMSE, in ◦C).

The same statistical and evaluation methods were used to spatialize the air tem-
peratures and downscale both types of LST data (daily and weekly). The performances
of modeling air temperatures were lower than those of modeling the two types of LST.
As continuous matrices of data, the remote sensing images cover the entire study area more
accurately than point data from air temperature sensors.

3.2. Mapping Bioclimatic Indices Using Air Temperature and LST

The WI (Figure 7) and HI (Figure 8) bioclimatic indices at spatial resolutions of 30–
1000 m and averaged for 2012–2018 demonstrated the influence of topographic variables
used to spatialize temperatures. Index values calculated from air temperatures were
lower than those calculated from LST. Topographic variables influenced greatly the indices
calculated from air temperatures. The network of temperature sensors was installed to
represent all topographic contexts of the study site. As a result, the variability in the
microclimate was considered at a fine scale. In addition, for indices calculated from LST,
the local topography was less visible in the downscaling, but thermal patterns were distinct
and similar to those generated by air temperatures.
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Figure 7. Spatial distribution of the Winkler index averaged from 2012–2018 and gridded at different spatial resolutions using
(a) predicted air temperature, (b) downscaled daily land surface temperature (LST) (M*D11A1) and (c) downscaled 8-day
LST (M*D11A2).
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Figure 8. Spatial distribution of the Huglin index averaged from 2012–2018 and gridded at different spatial resolutions using
(a) predicted air temperature, (b) downscaled daily land surface temperature (LST) (M*D11A1) and (c) downscaled 8-day
LST (M*D11A2).
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3.2.1. Spatial Distribution of Bioclimatic Indices

The WI averaged for 2012–2018 and over the study area calculated from air tem-
peratures was 1840 ◦C (±1 standard deviation (SD) = 108 ◦C) (Figure 7a). However,
inter-annual variability was high, and several growing seasons were cooler than the aver-
age, with 1751 ◦C (2012), 1733 ◦C (2013), and 1751 ◦C (2016), and 2018 was the season with
the highest WI (2036 ◦C). The WI increased as elevation increased, with marked differences
among valley bottoms at the highest resolutions.

The WI calculated from the daily (M*D11A1, Figure 7b) and weekly (M*D11A2,
Figure 7c) LST were similar and in the same order (from lowest to highest), but remained
higher than those of the air temperatures. For these two LST datasets, WI of the 2013 season
was much lower, and that of the 2018 season much higher, than the mean of the period
and the other seasons individually. The highest WI appeared in the west of the study area,
with a slight increase in areas with higher elevations, although less pronounced than the
increase in air temperatures. The north and south of the study area had lower WI, like that
for air temperatures.

For the HI calculated from air temperature, the mean was 2410 ◦C (SD = 137 ◦C)
averaged over the entire area for 2012–2018 and all resolutions (Figure 8a). Regardless of
the resolution, the maximum or minimum HI values were similar and spatially consistent.
Variability was higher among growing seasons than among resolutions. At all resolutions
of the study area, mean HI was lowest in the 2013 growing season (2209 ◦C) and highest in
the 2018 growing season (2656 ◦C).

For daily (M*D11A1, Figure 8a) and weekly (M*11A2, Figure 8c) LST, the HI values
were similar, with higher HI for the 8-day composite data. Thus, for 2012–2018 and all
resolutions, mean HI was 2745 ◦C (SD = 209 ◦C) and 2768 ◦C (SD = 211 ◦C) for the daily LST
and 8-day composite LST data, respectively. For air temperatures, the two HI calculated
from LST reflected, for the given time series, lower HI for the 2014 growing season (daily:
2520 ◦C and 8-day: 2540 ◦C) and higher HI for the 2018 growing season (daily: 2939 ◦C and
8-day: 2971 ◦C). For air temperatures and LST, the inclusion of maximum temperatures in
HI revealed a strong west/northeast gradient.

3.2.2. Evaluation of Difference between Air Temperature and LST Bioclimatic Indices

When calculating differences in the bioclimatic indices between air temperature and
LST, LST tended to have higher values at all spatial resolutions (Figure 9). For the WI
(Figure 9a), the differences and ranges of values were nearly the same at all resolutions.
The difference in median WI was nearly 100 ◦C and that in interquartile ranges ranged from
0 ◦C to −150 ◦C. For the HI (Figure 9b), the difference in the median was nearly 200 ◦C
and that in the interquartile ranged from −100 ◦C for the first quartile to −300 ◦C for the
third quartile. In addition to these results, correlations between bioclimatic indices based
on air temperature and LST were calculated (Appendix B, Figure A3). Bioclimatic indices
calculated from air temperature or calculated from LST had a higher positive Pearson
correlation for the WI than for the HI, both for the daily and weekly LST correlated with
air temperatures. All p-values were under the significance level of 0.05, indicating that the
Pearson correlation coefficients were statistically significant.
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Differences in bioclimatic index values between (1) daily air temperature and daily LST
and (2) daily air temperature and weekly LST were consistent at different spatial resolutions.
The HI had higher variability in the differences than the WI, which gave weight to the
maximum temperatures and generated more bias. In addition, the topography of the study
site generated biases with larger differences, especially in areas with higher elevation and
relief (Appendix A, Figures A1 and A2). Certain growing seasons were more distinct
than others, such as the 2018 season for both indices (Appendix A, Figures A1 and A2),
when the northwest of the study site had larger differences, or the 2017 season for the WI
(Appendix A, Figure A1), which had the largest differences.

4. Discussion

The relationship between air temperature and grapevine development has been ex-
tensively studied and demonstrated across many winegrowing regions. The point data in
the present study enabled us to analyze the thermal microclimate of grapevines, but they
remain strongly limited in time and space. The thermal satellite data, despite representing
the surface temperature above grapevines, appears to have potential in the search for more
global coverage and the use of time series. This study demonstrated statistical relation-
ships between daily air temperature and daily and weekly LST for nighttime (minimum)
and daytime (maximum) data.

The main objective of this study was to evaluate the potential of the SVM approach
to downscale LST bioclimatic indices in vineyards. The results of the daily and weekly
1000 m MODIS time-series downscaling at multiple spatial resolutions are encouraging
for application to viticulture. The overall downscaling results using an SVM approach at
all resolutions combined had R2 of 0.40–0.65 and RMSE of 0.4–1.6 ◦C, with more variable
RMSE in daytime than in nighttime.

The lowest resolution (1000 m) is not suitable for monitoring cumulative temperatures
because it does not consider topographic variables. The highest resolutions (30 and 90 m)
seem better adapted to study local variability but generated biases that were too large be-
cause the topographic variables had a strong influence, and the models were oversampled.
However, moderate resolutions, such as 500 or 250 m, provided more accurate information
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by decreasing the biases and errors associated with each step of the study. Moreover,
the calculation times and smaller amount of data are reasonable for these two resolutions,
which facilitates reproducibility.

The weekly data include less temperature variability than the daily data, but the results
are still acceptable. By considering the biases, this approach can model the temperatures
and indices with a spatial resolution suitable for the winegrowers (i.e., considering the
terroir as much as possible). The objective was to evaluate the potential of MODIS thermal
satellite imagery to calculate bioclimatic indices specific to viticulture by downscaling
topographic variables. Daily and weekly LST in this approach are relevant to the scale of
the grapevine growing season.

5. Conclusions

This study assessed LST downscaling to map bioclimatic indices in vineyards.
Daily SVM models were applied based on the relationship between temperature and
topographic variables. The approach demonstrated that SVM machine-learning regres-
sion was able to model daily temperatures accurately to calculate bioclimatic indices.
The performance of LST is encouraging, but differs slightly from modeling air temperature.
These differences and biases have been identified, but we have been investigating the
spatial distribution between air temperatures from sensors network and the two MODIS
(daily and weekly) LST. Downscaling LST at the scale of this type of site requires wider
coverage and new topographic and vegetation variables to improve model training and
validation. This study is an initial step in using LST to model the climate for viticulture,
and in increasingly precise research of the true thermal microclimate of grapevines in a
local environment, which may accentuate these effects or climatic events. This downscal-
ing approach based on MODIS thermal satellite imagery is currently applied throughout
the Gironde department, with validation from the national network of weather stations
(LACCAVE2.21, IRP VINADAPT and AVVENIR projects).
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different spatial resolutions.
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