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Abstract

:

Climatic studies of agricultural regions normally use gauge-based air temperature datasets, which are produced with interpolation methods. The informative quality of these datasets varies depending on the density of the weather stations in a particular region. A way to overcome this limitation is to use the land surface temperature calculated from satellite imagery. To show this, the MODIS land surface temperature was compared with the PTHRES gridded dataset for air temperature in the Douro Demarcated Region (Portugal) between the years 2002 and 2020. The MODIS land surface temperature was able to detect a more pronounced maritime–continental gradient, a higher lapse rate, and thermal inversions in valley areas in winter. This information could prove to be crucial for farmers looking to adapt their practices and crops to extreme events, such as heat waves or heavy frost. However, the use of land surface temperature in climate studies should consider the differences in air temperature, which, on some occasions and locations, can be up to ten degrees in the summer.
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1. Introduction


The viability and sustainability of agriculture rely primarily on favorable climatic conditions for the proper phenological development and growth of existing crops [1]. Temperature is one of the most important climate variables in agriculture [2]. Furthermore, it is known that temperature-related phenomena, such as thermal inversions, can cause frost on crops and, consequently, partially ruin economic output [3]. Therefore, it is important, if not crucial, that existing crops are well adapted to their environment with particular concern for temperature.



Access to detailed temperature information is not always easy, however. Many studies looking at temperature in agricultural regions use gridded observational datasets [4,5,6,7,8,9]. Datasets like these are built with spatial and temporal interpolation methods using gauge-based data acquired at weather stations. The distribution of these stations normally has varying densities and, depending on topography and atmospheric circulation, the data can have a considerable bias towards the thermal gradients formulated by the interpolation methods. The effect of this limitation has been reported, and it normally results in lower representability of smaller-scale heterogeneities due to a lack of information [10,11,12]. Furthermore, studies typically look at the mean values of temperature in a given period calculated from monthly or annual datasets. Daily datasets are not often used due to the disparity in spatial and temporal construction and the quality control methodologies of daily acquired data [13]. The E-OBS [14] and Iberia01 [15] are two daily datasets that are available for Europe and meet the necessary criteria for reliability. However, the production of these datasets did not consider all of the available information to focus on the longest time series acquired [13]. Therefore, such gridded datasets are more appropriate for studies that focus on giving a general picture of a region than a detailed one.



To obtain a more detailed idea of temperature heterogeneities in a particular region, one could always increase the number of weather stations. However, this comes with great financial cost. Thus, an alternative solution has to be considered. One of those solutions is remote sensing data. This is data captured with spectrometers mounted on geostationary or polar satellites that measure the Earth’s radiation. Using algorithms that relate its spectral bands with temperature, one can derive the temperature at the surface of the Earth with great accuracy [16]. Such type of data has been successfully applied to climate studies [17], forestry and fires [18], and agrometeorology [19]. Although the land surface temperature (LST) does not translate directly to the air temperature measured by weather stations, it can still indicate how the temperature changes spatially and with time.



The objective of the current study is to demonstrate how the LST derived from remote sensing data can provide a clearer picture of temperature heterogeneities across an agricultural region, namely the Douro Demarcated Region (DDR). The DDR is located in northern Portugal and is an important region for the primary sector of the Portuguese economy. It is the main producing region of wines in the country [20] and is also a strong contributor to olive and almond production [8,21]. Furthermore, it has been classified by UNESCO as a world heritage site for its long-standing history in wine production and its natural wonder, which has resulted in growth for rural and agritourism [22,23]. It is, therefore, a region that warrants attention. The study was performed by comparing NASA’s Moderate Resolution Imaging Spectroradiometer (MODIS) LST satellite products with the PTHRES gridded dataset for the air temperature at two meters height (2mT) and analyzing the main differences. The two datasets were chosen due to their matching spatial resolution and temporal availability. The Iberia01 gridded dataset was also considered, but its spatial resolution does not match that of the MODIS LST, so it was discarded. Lastly, the previously mentioned atmospheric phenomenon of thermal inversion was investigated in the Vilariça Valley, a known area that is prone to frost events [24].




2. Materials and Methods


2.1. Study Area


The study focused on the DDR in northern Portugal (Figure 1). Its area is covered by around 18% of vineyards, which are mostly located on the steep Douro River (and its tributaries) margins [25]. Other orchards in the DDR include apple, olive, and almond trees [26]. These plantations are mixed in with forested areas in the western and central parts and sparsely vegetated areas in the eastern parts [27]. The geology of the DDR is mainly composed of schistose-layered rock and granitic outcrops. In terms of elevation, it peaks at around 1400 m and has its lowest point at 40 m [28].



The climate in the DDR is a warm temperate Mediterranean-type, which is characterized by moderately cool and rainy winters and hot and dry summers but with a noteworthy decrease in precipitation and an increase in continentality from west to east as we move away from the Atlantic coastline [29]. The topography is decisive in this regard, as the Marão and the Montemuro mountainous ranges to the west shelter humid air from the Atlantic Ocean from coming in at a constant rate throughout the year. Moreover, the various deep valleys and tall hills promote the formation of distinct features of the local climate, mainly due to mesoscale circulation systems within the Iberian Douro/Duero catchment (e.g., katabatic and anabatic winds). One example of such a valley is the already mentioned Vilariça Valley, where the formation of morning frost is common due to the thermal inversion of air masses [24]. This valley is represented in Figure 1 by the letters A (longitude: 7.11°W; latitude: 41.22°N) and B (longitude: −7.15°W; latitude: 41.24°N). This spatial variability allows for the specialized production of fruit and wine, with their properties differing between the different meso and microclimates.




2.2. MODIS Land Surface Temperature


MODIS is NASA observation equipment built to measure the Earth’s outgoing radiation from the visible to near-infrared and thermal infrared spectrum (0.4 to 14.4 µm). It is mounted on the Terra and Aqua satellites that have a low, circular sun-synchronous polar orbit with a period of 99 min [30]. The acquired imagery is used to make a series of products of surface temperature on land and water, with their application ranging from climate studies to energy–water cycles to vegetation water stress assessment, among others [31]. For this study, the MYD11_L2v061 product for LST was considered [32]. It is produced with Aqua satellite imagery via the generalized split-window algorithm and has a spatial resolution of 1 km [33]. It has been available since 2002 and is produced two times per day in the DDR: once around 1 p.m. and once around 2 a.m. Both available times will hereon be referred to as day and night times.



The LST products (hereon referred to as data) were retrieved from the NASA Earthdata search engine for the winter (December, January, and February) and summer (June, July, and August) seasons, at day and night times, in the period between 2002 and 2020. The spring and autumn seasons were not analyzed for the sake of conciseness. The data with a clear sky over the study area were selected, and, upon visual inspection, those which appeared distorted were discarded. In total, 120 raster image files were used for the winter (2.60% of the available images) and 330 raster image files were used for the summer (6.78% of the available images).



After the data retrieval and selection, the following processing steps were taken: firstly, the data were converted from their original HDF5 format to NetCDF format to be georeferenced. The conversion was performed using HEGtool software (v2.12) provided by NASA, choosing the nearest neighbor resampling and geographic projection. Secondly, the NetCDF converted files were reprojected to EPSG:4326–WGS84 and cut to an area around the DDR using the ‘gdalwarp’ raster program from the Geospatial Data Abstraction Library (GDAL) [34]. Thirdly, as some data still showed residual cloud cover, represented by isolated empty pixels, these were interpolated using the ‘gdal_fillnodata.py’ raster program, also from GDAL. For the winter, 0.42% of the daytime data and 1.12% of the nighttime data were interpolated. As for the summer, 0.02% of the daytime data and 1.18% of the nighttime data were interpolated. Fourthly, the mean of the LST data was calculated for each season and both day and night times, and the resulting rasters were cut into the DDR shape. Table 1 presents the minimum, mean, and maximum values of the mean LST in the DDR for the considered period. Finally, the DDR LST mean raster images were feature-scaled by subtracting the corresponding mean values from each of the pixel values.




2.3. PTHRES Air Temperature


The PTHRES air temperature is a climate, gridded dataset with approximately 1 km spatial resolution that provides information on daily minimum, mean, and maximum temperatures at any point in mainland Portugal at a height of two meters. It was produced from the coarser-resolution E-OBS gridded dataset provided by Copernicus using a downscaling two-step approach [35]. It is available for the same period as the MODIS LST (2002–2020) and seasons (winter and summer). The daytime temperatures were retrieved from PT.TX.HRES (maximum temperature), while the nighttime temperatures were retrieved from PT.TN.HRES (minimum temperature). These temperatures refer to different times of the day in comparison with the retrieved MODIS LST. Daytime 2mT should correspond to 1 p.m. in winter and 4 p.m. in summer, and nighttime 2mT should correspond to 6 a.m.



The processing steps applied to the PTHRES dataset mirrored those applied to the MODIS LST dataset. The only exceptions were the NetCDF conversion and the interpolation to fill in empty pixel cloud cover, which were not necessary. Table 2 presents the minimum, mean, and maximum values of the produced mean 2mT in the DDR in the considered period.




2.4. Analysis and Comparison of the MODIS Land Surface Temperature and PTHRES Air Temperature in the Douro Demarcated Region


The analysis of the temperature difference between MODIS LST and PTHRES 2mT in the DDR was achieved firstly by looking at the subtraction of the feature-scaled 2mT rasters from the LST rasters (LST–2mT) for each season and time of day. This delta allowed for an understanding of where the major feature-scaled temperature differences are distributed. Then, scatterplots of the LST versus 2mT, LST–2mT versus elevation, and LST and 2mT versus elevation were plotted, including linear regression models, to see the relationship between the different variables for each season and time of day. Furthermore, the temperature evolution of the LST and 2mT throughout the winter and summer for points A and B in the Vilariça Valley were analyzed. In this part of the analysis, the temperature is representative of the centered moving means for eleven days, which used the value for each day that was previously averaged across the considered period. Some days are missing as there were no LST data that passed the selection criteria described in Section 2.2. Lastly, non-parametric Spearman correlation coefficients (r) were calculated to aid in the previous analyses.





3. Results


3.1. MODIS Land Surface Temperature and PTHRES Air Temperature Mean Differences


The feature-scaled mean temperature differences (LST–2mT) in the DDR showed two distinct patterns for day and night times (Figure 2). The daytime differences across the region showed a distinct longitudinal gradient with positive temperature differences in the eastern part, reaching +5 °C in winter and +8 °C in summer, and negative temperature differences in the western part, reaching −5 °C in winter and −10 °C in summer. The nighttime differences showed a vertical temperature gradient effect, both in winter and summer, with positive temperature differences at lower elevations reaching +3 °C in winter and +4 °C in summer (except for some valleys, like the Vilariça Valley) and negative temperature differences at higher elevations reaching −3 °C in winter and −4 °C in summer.



The linear regression models fitted to the LST versus 2mT (Figure 3) and their coefficients showed low predictive power except regarding the summer nighttime (r2 = 0.33), which showed a non-negligible relationship between the data in this period. All of the models were statistically significant (p-value < 0.05) except for the model corresponding to summer daytime, which had a p-value of 0.27. Regarding the Spearman coefficients in the winter, these were positive and low during the daytime (ρ = 0.25) and moderate during the nighttime (ρ = 0.43), and both were statistically significant. In the summer, these were negative and very low during the daytime (ρ = −0.11) and positive and moderate during the nighttime (ρ = 0.63) and were both statistically significant.




3.2. MODIS Land Surface Temperature and PTHRES Air Temperature versus Elevation


The temperature differences (LST–2mT) versus elevation showed a circular distribution around zero in the winter, especially during the nighttime, and a wider distribution in the summer (Figure 4). The fitted linear regression models have very low predictive power, except for the one regarding the summer nighttime (r2 = 0.329), which showed a non-negligible relationship between the data in this period. All of the models were statistically significant, except for the model corresponding to winter nighttime, which had a p-value of 0.06. Regarding the Spearman coefficients, in the winter correlations, they were negative and low during the daytime (ρ = −0.10) and positive and very low during the nighttime (ρ = 0.03). In the summer, the coefficients were negative and low during the daytime (ρ = −0.17) and moderate during the nighttime (ρ = −0.52). All of the coefficients were statistically significant, except for winter nighttime (p-value = 0.23).



Regarding the individual relationship of LST and 2mT with elevation, the LST had a more dispersed distribution of values than the 2mT, but both were inversely proportional with elevation (Figure 5). The linear regression models certify this, with negative slopes, which also indicate the lapse rates. The lapse rates were higher for the LST, except for winter nighttime. All of the models were statistically significant.




3.3. MODIS Land Surface Temperature and PTHRES Air Temperature in the Vilariça Valley


3.3.1. Winter Season


The centered moving means of the LST and 2mT in points A and B in the Vilariça Valley (Figure 6) and their Spearman correlation coefficients were analyzed for the winter. During the daytime, the LST was higher in A than in B, with the difference between the coldest and hottest days being around +9 °C. During the nighttime, the LST was lower in A than in B, with the difference between the coldest and hottest days being around +3 °C. This switch between day and night indicates a thermal inversion. As for the 2mT, it was higher in A than in B for both day and night times, with differences between these coldest and hottest days being around +7 °C during the daytime and +4 °C during the nighttime. Contrary to the LST, there was no observable thermal inversion.



When comparing the LST and 2mT, during the daytime, the LST was higher than the 2mT in A and B, both temperatures remained fairly stable until DOY (day of the year) 11, and, afterwards, they increased. During the nighttime, the LST was lower than the 2mT in A, while in B, it was higher until DOY 11, and, after that, it was lower. The LST was fairly constant until DOY 41, and it started increasing afterwards. As for the 2mT, it started increasing earlier in DOY 358. Lastly, the Spearman coefficients indicated a strong correlation between the two temperatures for the daytime (ρ > 0.84) and a mild to strong correlation for the nighttime (ρ > 0.66) and were all statistically significant (Table 3).




3.3.2. Summer Season


The centered moving means of the LST and 2mT at points A and B in the Vilariça Valley (Figure 7) and their Spearman correlation coefficients were analyzed for the summer. During the daytime, the LST at A was consistently lower than the LST at B. During the nighttime, the LST at A was mostly higher than the LST at B. Contrary to the winter, there was no thermal inversion of the LST when comparing day and night times. As for the 2mT, it was higher at A than at B during both day and night times.



When comparing the LST and 2mT, during the daytime, the temperatures had both a slow increase until DOY 212 and a moderate decrease after that. During the nighttime, the same behavior was observed. However, during the daytime, the LST was around +13 °C higher than the 2mT, while during the nighttime, the LST was some degrees lower than the 2mT. Lastly, the Spearman coefficients indicated a mild to strong correlation between the two temperatures for the daytime (ρ > 0.67) and a strong correlation for the nighttime (ρ > 0.92) and were all statistically significant (Table 4).






4. Discussion


The MODIS LST and PTHRES 2mT were successfully extracted for the DDR in the winter and summer seasons in the years between 2002 and 2020. The chosen methodology of the analysis proved useful in showing how remote sensing data can reveal several details about the temperature, under clear-sky conditions, in an important agricultural region in Portugal when comparing it with a gauge-based temperature dataset product of interpolation. Looking at the results, four main findings can be discussed. Following their discussion, a subchapter on the limitations of the study is also presented.



4.1. Maritime Influence on Temperature


The daytime feature-scaled mean temperature differences (LST–2mT) showed an east–west gradient, where positive differences were observed in the eastern part and negative differences were observed in the western part (Figure 2). This gradient likely reflected the maritime influence on the region, which is caused by the humid air travel circulation from the Atlantic Ocean towards the DDR [36]. The humidity reduces the thermal inertia of the air and results in lower fluctuations of the temperature within a day [37]. According to [38], diurnal temperature ranges are inversely proportional to moisture in the air. Therefore, as air masses travel from the ocean into the Iberian Peninsula and lose their moisture, thermal inertia increases, and diurnal temperature ranges increase. Such effects have been reported for Egypt and in the US, where the temperature oscillated less in locations closer to the sea/ocean in comparison to locations far from it [37,39].



The observed differences, however, show that the two databases reflect the maritime influence differently, with MODIS LST being able to capture it better than PTHRES. It should be noted that because the daytime LST and 2mT data corresponded to different times of the day, there is a lag bias in the results. If the LST’s acquisition time was at the hour when the maximum temperatures are observed, which in the summer is around 4 p.m., the gradient’s transition from negative to positive should be more to the west, and the positive differences would be higher, and the negative ones would be lower. If the 2mT corresponded to the acquisition hour of the LST, the transition would be more to the east and the positive differences would be lower, and the negative ones would be higher. Nevertheless, even with a lag between the temperatures, the result is valid as it would still occur if the LST and 2mT corresponded to the same time, as previously explained. Two main reasons for the observed pattern are, firstly, the limited number of weather stations (<10) in northern Portugal used to calculate the gridded dataset [35] and, secondly, the complexity of the terrain in the DDR. It is known that terrain complexity highly influences atmospheric circulation and, thus, can affect the amount of humidity transported from the ocean to the DDR [40,41,42]. Because the PTHRES dataset was made to be a general-purpose dataset, it did not consider the complexity of the terrain and considered only the distance to the coastline to estimate the maritime influence in its interpolation process. Therefore, because of the way the data was interpolated, the positive temperature differences in the west and the negative differences in the east indicate an underestimation and overestimation of the maritime influence in the DDR, respectively, by PTHRES 2mT.



Regarding the seasonal effect, the observed range of the daytime differences during the summer was two times higher than in the winter (Figure 2). This shows that the DOY is also a determinant of the maritime influence on the temperature in the DDR. During the winter, the LST is overall closer to the estimated 2mT, while in the summer, the difference can be much lower or much higher depending on the distance to the coast. This confirms previous reports that moisture availability in the air is seasonally dependent due to the different degrees of insolation, and, therefore, the time of year can be a predictor of the degree to which a nearby ocean can affect the temperature ranges of a region such as the DDR [43].




4.2. Lapse Rate


The nighttime feature-scaled mean temperature differences (LST–2mT) showed a vertical gradient, both for the winter and summer (Figure 2). The positive differences were observed mostly at lower elevations, and negative differences were observed at higher elevations, with some exceptions in some valleys like the Vilariça Valley, where the opposite was observed. The observed general pattern shows what seems to be a partial disagreement between the two temperature datasets concerning the lapse rate despite the observed correlation of the temperature differences with elevation being low overall, except for summer nighttime (Figure 4). This natural atmospheric process determines that the air temperature decreases with elevation, resulting from the decrease in atmospheric pressure [44], but it can vary depending on the location and weather conditions [45]. The reason for the disagreement is likely related to the conjugation of these two factors. The interpolation process in the production of PTHRES 2mT is considered a uniform lapse rate regime, with no bias towards any particular weather condition or terrain complexity [35]. This is commonly the case for gridded temperature datasets [46,47,48]. Therefore, the fact that the nighttime temperature differences exhibited a decrease with elevation points towards a higher lapse rate in reality than that estimated for PTHRES 2mT. This is particularly the case for the summer nighttime, as the temperature differences are higher on both ends of the interval in comparison with the winter, and the estimated lapse rate for the LST was two times that for the 2mT (Figure 5). It should be noted that the estimated winter nighttime lapse rate for the LST is similar to that of the 2mT. This is likely related to the higher occurrence of thermal inversions in the winter when the atmospheric stability is higher, especially in mountainous regions like the DDR [49]. Also, if the LST and 2mT corresponded to the same time, the positive differences would be lower, and the negative differences would be higher, as minimum temperatures are normally reached around 6 p.m. or before sunrise. But, just as was explained in the previous subsection, the result is still valid, nevertheless.




4.3. Thermal Inversion in the Vilariça Valley


The moving average values for the LST mean values for each of the considered DOYs at points A and B in the Vilariça Valley showed a clear inversion from day to night in the winter (Figure 6). This result along with the feature-scaled mean temperature differences (LST–2mT) (Figure 2) and the estimated lapse rates (Figure 5) seems to confirm previous claims that, in this area, the typical lapse rate regime is not observed all year. The pattern of the temperature differences was more heterogeneous in the winter nighttime than in the summer nighttime, and the lapse rate for the LST was practically that of the 2mT, which is contrary to what was estimated for the summer. Thermal inversions typically occur in regions with temperate climates with high atmospheric stability conditions and are characterized by radiative imbalances along with katabatic winds and cool air drainage that result in the accumulation of cold air masses at low-elevation areas with warmer air above them [50]. Regions with complex terrain that stifle air circulation, such as the DDR, are especially prone to this atmospheric phenomenon, especially in the winter, as was observed [49]. Studies of the lower atmosphere that focused on the Colorado Plateau in the United States, the Chamonix–Mont Blanc valley in France, and Shropshire in the United Kingdom have also confirmed this [51,52,53].



As for the 2mT, as explained before, the interpolation process used to create PTHRES considered a uniform lapse rate, and it rendered it practically unable to detect thermal inversions in Portugal. Only with the inclusion of more information from weather stations and terrain complexity could it perhaps capture these phenomena in the DDR.




4.4. Land Surface Temperature and Air Temperature


The summer LST and 2mT values for the considered DOYs at points A and B showed that the LST reached around 45 °C, while the 2mT reached around 35 °C (Figure 7). Although it is a fairly obvious assessment that the LST is not always a straight representative of the 2mT, the observed difference is significant. Therefore, it is important to state that this fundamental difference between the LST and air temperature should be considered in future climate studies using remote sensing data.




4.5. Limitations of the Study


The MODIS LST data were easily accessible through the NASA Earthdata search engine. However, many of them could not be used for this study due to cloud cover or a lack of quality. This particularly affected the winter period. Furthermore, the acquisition time of the LST corresponding to the day and night times did not match perfectly with that of the maximum and minimum temperatures for PTHRES. The maximum temperatures are usually reached around 1 p.m. in the winter and 4 p.m. in the summer. As for the minimum temperatures, these are usually reached around 6 a.m. This time difference affected the display of the maritime influence and the lapse rate results by introducing a lag between the temperatures (Figure 2). Another limitation is that the uncertainty associated with the temperature values for each of the 1 km2 pixels from both MODIS LST and PTHRES 2mT was not considered. Lastly, the study showed clearly that remote sensing data can provide greater insight into the temperature heterogeneity of an agricultural region. However, its direct use in climatic studies should consider the differences in the air temperature, which can be significant (Figure 7). This difference could be estimated using empirical models [54,55,56] or statistical approaches [57,58] that relate the two temperatures to make a fairer assessment of the climate of a particular region, though these transfer functions should be site-specific.





5. Conclusions


The MODIS remote sensing land surface temperature was used to investigate temperature heterogeneities in the Douro Demarcated Region in Portugal by comparing them with the PTHRES gridded air temperature dataset for Portugal. The main findings showed a higher ability of the remote sensing land surface temperature to detect the maritime-continental contrast in temperature, a higher lapse rate, and thermal inversions in deep and sheltered valleys in the winter. This difference in PTHRES’s air temperature is most likely due to two reasons: the limited number of weather stations used to produce it and the interpolation method, which did not account for the impact of the terrain complexity. The maritime influence and lapse rate are influenced by the type of terrain, which can influence the air circulation, both horizontally and vertically. For PTHRES, these effects were taken to be linearly dependent on the distance to the coast and the elevation, respectively. Without further information from weather stations, a region like the DDR with complex terrain would be hard to describe with all the necessary detail. Thus, it can only serve as a general-purpose dataset. While the MODIS land surface temperature proved to be insightful and useful for climate studies of agricultural regions, its use should be approached with caution due to the significant deviations from the air temperature that can occur, particularly in the summer.
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Figure 1. The Douro Demarcated Region in Portugal. Letters A and B locate where thermal inversion was investigated in the Vilariça Valley area. Blue lines represent the existing rivers. 
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Figure 2. Feature-scaled mean temperature differences (LST-2mT) in (a) winter daytime, (b) winter nighttime, (c) summer daytime, and (d) summer nighttime at the Douro Demarcated Region in the period between 2002 and 2020. 
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Figure 3. LST versus 2mT scatterplots and respective linear regression models in (a) winter and (b) summer. 
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Figure 4. Temperature differences (LST–2mT) versus elevation scatterplots and respective linear regression models in (a) winter and (b) summer. 
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Figure 5. LST and 2mT versus elevation scatterplots and respective linear regression models in (a) winter and (b) summer. 
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Figure 6. Winter MODIS land surface temperature and PTHRES air temperature at points A and B in the Vilariça Valley during (a) day and (b) night times. Values correspond to the centered moving mean with a span of 11 days, which in turn corresponded to the mean of values available for each day in the period between 2002 and 2020. 
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Figure 7. Summer MODIS land surface temperature and PTHRES air temperature at points A and B in the Vilariça Valley during (a) day and (b) night times. Values correspond to the centered moving mean with a span of 11 days, which in turn corresponded to the mean of values available for each day in the period between 2002 and 2020. 
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Table 1. Minimum, mean, and maximum values of the mean MODIS land surface temperature in the Douro Demarcated Region.
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MODIS Land Surface Temperature (°C)




	
Daytime

	
Nighttime




	
Minimum

	
Mean

	
Maximum

	
Minimum

	
Mean

	
Maximum






	
Winter

	
6.94

	
14.15

	
18.41

	
−2.00

	
0.92

	
3.66




	
Summer

	
29.78

	
43.55

	
50.48

	
13.07

	
16.72

	
20.23











 





Table 2. Minimum, mean, and maximum values of the mean PTHRES air temperature in the Douro Demarcated Region.
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PTHRES Air Temperature (°C)




	
Daytime

	
Nighttime




	
Minimum

	
Mean

	
Maximum

	
Minimum

	
Mean

	
Maximum






	
Winter

	
10.47

	
13.12

	
15.42

	
−0.68

	
1.30

	
2.59




	
Summer

	
29.31

	
33.06

	
35.70

	
12.37

	
16.96

	
18.95











 





Table 3. Spearman correlation coefficients for the winter MODIS land surface temperature and PTHRES air temperature at points A and B in the Vilariça Valley. p-values for each of the coefficients were below 0.05.
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Daytime

	




	

	
LST A

	
LST B

	
2mT A

	
2mT B






	
LST A

	
1.00

	
0.99

	
0.99

	
0.99




	
LST B

	

	
1.00

	
0.99

	
0.99




	
2mT A

	

	

	
1.00

	
1.00




	
2mT B

	

	

	

	
1.00




	
Nighttime

	




	

	
LST A

	
LST B

	
2mT A

	
2mT B




	
LST A

	
1.00

	
0.66

	
0.82

	
0.84




	
LST B

	

	
1.00

	
0.79

	
0.78




	
2mT A

	

	

	
1.00

	
0.99




	
2mT B

	

	

	

	
1.00











 





Table 4. Spearman correlation coefficients for the summer MODIS land surface temperature and PTHRES air temperature at points A and B in the Vilariça Valley. p-values for each of the coefficients were below 0.05.
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Daytime

	




	

	
LST A

	
LST B

	
2mT A

	
2mT B






	
LST A

	
1.00

	
0.96

	
0.73

	
0.74




	
LST B

	

	
1.00

	
0.67

	
0.69




	
2mT A

	

	

	
1.00

	
0.99




	
2mT B

	

	

	

	
1.00




	
Nighttime

	

	

	

	




	

	
LST A

	
LST B

	
2mT A

	
2mT B




	
LST A

	
1.00

	
0.94

	
0.90

	
0.93




	
LST B

	

	
1.00

	
0.96

	
0.97




	
2mT A

	

	

	
1.00

	
0.99




	
2mT B

	

	

	

	
1.00
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