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Abstract 

A new surface solar radiation database of 74 daily series is set up for the Piedmont region (northwest Italy) for the 

1990-2016 period. All the series are subjected to a detailed quality control, homogenization and gap-filling procedure 

and are transformed into relative annual/seasonal anomaly series. Finally, a gridded version (0.5°x0.5°) of the database 

is generated. The resulting series show an increasing tendency of about +2.5% per decade at annual scale, with  

strongest trend in autumn (+4% per decade). The only exception is winter, showing a negative but not significant trend. 

Considering the plain and mountain mean series, the trends are more intense for low than for high elevations with a 

negative vertical gradient of about -0.03% per decade per 100m at annual scale and values up to -0.07% per decade per 

100m in spring. 

Focusing on clear days only (selected by CMSAF-COMET satellite data over the 1991-2015 period), trend significance 

strongly increases and both low and high elevation records exhibit a positive trend in all seasons. However, the trends 

result slightly lower than for all-sky days (with the only exception of winter). The differences observed under clear-sky 

conditions between low and high elevations are more pronounced in winter, where the trend shows a negative vertical 
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gradient of about -0.1% per decade every 100m.  

Overall, this paper shows how a high station density allows, performing a more detailed quality control thanks to the 

higher performances in detecting the inhomogeneities with higher data availability and capturing regional peculiarities 

otherwise impossible to observe. 

 

1. Introduction 

The fraction of solar radiation that reaches the Earth’s surface (surface solar radiation - Eg↓) is the primary energy 

source for the Earth’s climate system governing a large number of physical and chemical processes (Stanhill 1983; 

Stephens et al. 2012; Wild 2016). Any possible variation is important not only for scientific interests, but it has a lot of 

implications for example for agricultural production and solar power generation (Stanhill 1983; Wild et al. 2015). 

While, it is widely recognized that Eg↓ decreased between the 1950s and the 1980s of about 3-9Wm-2 (“Global 

dimming”), and increased since the 1980s of about 1-4Wm-2 (“Brightening period”) (Wild 2009), it is a debate whether 

these variations are caused by aerosols or cloud effects, even if they are not completely independent (Twomey et al. 

1984; Albrecht 1989; Ramanathan et al. 2001; Lohmann and Feichter 2005). Uncertainties are mainly connected to the 

lack of a full knowledge of all the mechanisms that influence Eg↓ variability. As far as ground-based observations are 

concerned, the main problem is connected to the low availability both of Eg↓ and aerosol/cloud long-term quality-

checked data (Wild 2009). Some of the studies reported in literature point to the dominant role of aerosols (e.g., Norris 

and Wild 2007; Ruckstuhl et al. 2008; Turnock et al. 2015), while other studies show how cloud effects are more 

dominant contributors to Eg↓ variations (e.g., Mateos et al. 2014; Kambezidis et al. 2016; Boers et al. 2017; Tang et al. 

2017; Pfeifroth et al. 2018), depending on the considered region and period. In particular, over the Mediterranean area, 

a recent study (Kazadzis et al. 2018) analyzing a long-term series of Eg↓ in Athens (Greece) suggests that observed Eg↓ 

variations can be only partly attributed to cloudiness and are mostly caused by aerosol load changes. The same result 

was obtained for the same area by Founda et al., (2014) starting from sunshine duration data, especially during the 

brightening period. Similar results are obtained for Switzerland by Sanchez-Lorenzo and Wild (2012), who attributed 

the major part of the observed decadal variability until the early 1980s to clouds, suggesting however that aerosols 

explain the strong brightening detected in the subsequent period. Differently, Mateos et al., (2014) attributed three 

fourths of the observed increasing tendency after the 1980s in Spain to reductions in total cloud cover and only one 

fourth to the reduction of the columnar aerosol load. As far as Italy is concerned, Manara et al., (2015), comparing 

sunshine duration and total cloud cover series, hypothesized the importance of other factors, like aerosols, in addition to 

cloudiness, to completely explain the observed sunshine duration trends especially during the dimming period. Over the 

same area, Manara et al. (2016a) went more in depth setting up and analyzing a new homogenized dataset of 54 surface-
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based Eg↓ records over the period 1959-2013. They analyzed trends both under all-sky and clear-sky conditions, 

obtaining stronger tendencies under clear-sky than under all-sky conditions in all seasons during the dimming period, 

and in winter and autumn during the brightening period. They suggest that Eg↓ variability is due both to natural 

(especially in the south) and anthropogenic (especially in the north) aerosol variations under clear-sky conditions and 

that cloud cover variations have partially masked the signal due to aerosol variations under all-sky conditions.  

The dataset of Italian long Eg↓ records has however some limitations including a wide fraction of missing data (Manara 

et al. 2016b), the lack of high-elevation sites and a poor coverage over the Italian alpine region. It is therefore very 

important to increase the data availability by merging the national Eg↓ dataset (Manara et al. 2016a) with data recovered 

by the regional services. Networks of these services have data only since the beginning of the 1990s. However, a high 

station density, allows at first a more accurate quality control of the series (Brunetti et al. 2006) and then, gives the 

possibility to better study the spatial variability of the Eg↓ signal and to investigate more in depth local effects (e.g., 

differences among low and high elevations, and among rural and urban areas). 

Piedmont is a region in the northwest of Italy (44°03’ - 46°27’; 6°37’ - 9°12’), close to the Mediterranean Basin, an area 

of particular interest in the context of climate change for the different types of aerosols that accumulate there (e.g., sea 

salt aerosols from the Mediterranean Sea and the Atlantic Ocean, pollution aerosols from Europe, dust from the Sahara 

Desert and biomass burning aerosols from Eastern Europe (Georgoulias et al. 2016)). Moreover, its territory is of 

particular interest including both a part of the Po Valley, one of the most polluted areas in Europe (Bressi et al. 2016), 

and a part of the Alpine chain allowing investigating the possible differences between Eg↓ variations at low and high 

altitudes (Marty et al. 2002; Sanroma et al. 2010).    

In this context, this study aims at collecting, quality-checking and analyzing for the first time a high-density Eg↓ 

database for the Piedmont area for the period 1990-2016. Specifically, Section 2 describes the data pre-processing, from 

the raw daily series to the seasonal and annual gridded anomaly series both under all- and clear-sky conditions, Section 

3 presents the obtained results, and Section 4 discusses the results and gives some conclusive remarks. 

 

2. Data Pre-processing 

2.1 Data 

The Eg↓ database analyzed in this work (see Figure 1a) is composed of 74 daily series over the period 1990-2016. The 

most part of them (60 series) are recovered from the regional service of the Piedmont Area (Arpa Piemonte - 

http://www.arpa.piemonte.gov.it/), while a small part (14 series) are recovered from other sources: 2 series come from 

the National Agro-Meteorological Database (BDAN – Banca Dati Agrometeorologica - 
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http://cma.entecra.it/homePage.htm), 1 series from the Italian Air Force (AM - Aeronautica Militare Italiana – 

http://clima.meteoam.it/istruzioni.php), and 11 series from Switzerland (MeteoSwiss -  

http://www.meteoswiss.admin.ch/home.html). We have decided to use 2 series of the Piedmont region already 

considered by Manara et al. (2016a) and other series from neighboring areas both to give a full representation of the Eg↓ 

data availability in this region and to increase the information in the boundary areas to provide more robust trend 

estimate for those grid-points located at the border (see Section 2.6). 

Some of the series that do not come from the Piedmont regional service were already analyzed by Manara et al. 

(2016a), however, here the raw series are used and the quality-control and homogenization analysis are applied again in 

the light of the higher data availability in the dataset under analysis.  

The data that come from the Piedmont regional service are recorded with a HE20K CAE – radiometer or with an 

AB20/K CAE first-class albedometer (WMO - ISO9060), while for the other series different types of radiometers are 

used (see Manara et al. (2016a) for details). The calibration of the radiometers is periodically checked (one or two times 

per year) by means of a reference instrument and when a problem is found the instrument is substituted.  

Overall, the mean minimum distance among stations is about 13km and 63.5% of the stations are located in the plain 

area (elevation lower than or equal to 600m), while 36.5% are located in the mountain area (elevation higher than 

600m) (Figure 1b). The station with the highest elevation is Capanna Margherita located at 4560m.  

The quality of the series is checked in two steps. At first, all the daily series are subjected to preliminary quality controls 

in order to remove gross errors (e.g., values equal to or lower than zero and values higher than the corresponding extra-

terrestrial radiation) and then all the series are subjected to a homogenization procedure in order to eliminate non-

climatic signals (see Section 2.4). 

The temporal evolution of the average number of available series (Figure 1c) shows that the best data availability 

concerns the 2003-2016 period. Moreover, the common variance between two stations decreases with increasing 

distance as expected (Hakuba et al. 2013; Schwarz et al. 2017) reaching, for the daily series, a value of 50% at about 

90km. 

 

2.2 Gap-filling of the daily series 

All the months with less than 50% of available daily data (they are less than 1% of the months with at least one datum) 

are not included in the analysis. For all the other months (i.e., all months with more than 50% of available data), each 

missing daily value (daily-t) is estimated by means of the most correlated reference series using Equation 1, based on 

the assumption of the constancy of the ratio between test (t) and reference (r) series: 
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𝐸𝑔↓𝑑𝑎𝑖𝑙𝑦−𝑡 = 𝐸𝑔↓ 𝑑𝑎𝑖𝑙𝑦−𝑟
𝐸𝑔↓𝑐𝑜𝑚𝑚𝑜𝑛 𝑑𝑎𝑦𝑠−𝑡
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝐸𝑔↓𝑐𝑜𝑚𝑚𝑜𝑛 𝑑𝑎𝑦𝑠−𝑟
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅⁄                                                           (1) 

One series is considered a “good” reference series if the missing value in the test series is available (daily-r) and it 

belongs to same area of the test station (plain – elevation lower than/equal to 600m or mountain – elevation higher than 

600m). Moreover, the correlation between the test and the reference series in the month that includes the considered 

missing daily value must be at least 0.70 (i.e., the common variance must be at least about 50% (Auer et al. 2005)). If 

the station belongs to the plain area, the distance between test and reference series must be less than 50km in order to 

not transfer the signal of local effects (e.g., fog) from a station to another one. Finally, test and reference series must 

have at least 12 (10 for February) daily values in common (common days) in the considered month.. 

The percentage of available data before the daily gap-filling was about 97% (where the percentage is calculated 

considering the period of activity of each station), and this procedure allowed estimating about 2% of data increasing 

the data availability to about 99%. 

The procedure is validated using the leave-one-out approach (each value is supposed as missing and estimated with the 

procedure explained above) and more than 80% of the ratios between observed and estimated values are comprised 

between 0.8 and 1.2. This value increases to near 90% if only the series located in the plain area are considered. 

 

2.3 Estimation of the monthly series 

After the procedure applied in Section 2.2, all the monthly values are calculated as arithmetic mean if all the daily 

values are available in the corresponding month. For those months, which are not complete, but with a good reference 

series available, Equation 2 is used to adjust the monthly arithmetic mean to take into account the contribution of those 

days that are missing. 

𝐸𝑔↓𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑒𝑑−𝑡
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ = 𝐸𝑔↓𝑎𝑙𝑙 𝑑𝑎𝑦𝑠−𝑟

̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅ 𝐸𝑔↓𝑐𝑜𝑚𝑚𝑜𝑛 𝑑𝑎𝑦𝑠−𝑡
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅

𝐸𝑔↓𝑐𝑜𝑚𝑚𝑜𝑛 𝑑𝑎𝑦𝑠−𝑟
̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅̅ ̅⁄                                            (2) 

The reference series is selected as explained in Section 2.2, but in this case the corresponding month in the reference 

series must be complete (all days-r). Finally, if there is not a good reference series, the monthly mean is calculated the 

same as arithmetic mean only if at least 80% of the daily observations are available. 

After the procedures explained in Section 2.2 and 2.3, all the series have at least 10 years of available data over the 

period 1990-2016, with the highest data availability after 2003 (more than 60 records per year). 

 

2.4 Homogenization 

As second step of the quality control procedure (see Section 2.1), all the monthly series were subjected to a 
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homogenization procedure in order to identify and remove non-climatic signals (Aguilar et al. 2003; Brunetti et al. 

2006). Specifically, in this procedure, each test series is compared against “candidate” reference series in sub-groups of 

10 series, by means of the Craddock test (Craddock 1979). The “candidate” reference series are chosen in the same area 

and with similar elevation in order to avoid exporting the signal of a region into another one. For each couple of series 

(test and “candidate” reference series) the cumulative normalized differences between test and “candidate” reference 

series are calculated (Manara et al. 2017a) and the breaks in the test series are identified by changes in the slope of this 

series. In particular, in order to be sure that the observed breaks are ascribable to the test series, only the breaks 

highlighted by more than one “candidate” reference series are considered for the correction. Then, the adjustment 

factors are calculated using only the “candidate” reference series that prove to be homogeneous (note that the 

homogeneity test has been applied to all the series) in a sufficiently long period centered on the break. In particular, the 

length of the period is selected as the longest period centered on the break for which all the selected reference series are 

homogenous. Finally, a daily version of the adjustment factors is also generated in order to homogenize the daily series 

too. The advantage to use more than one reference series and series that come from different networks is that this allows 

identifying also inhomogeneities due to synchronous changes that affect the whole network, otherwise not detectable by 

relative tests.  

The adopted technique is based on an indirect methodology (relative homogeneity test based on statistical methods), 

even if great attention has been paid to metadata (Aguilar et al. 2003; Manara et al. 2017c). In fact, comparing the 

detected breaks with the corresponding ARPA metadata available for the 2003-2016 period, we found that about 43% 

of the identified breaks corresponds to documented changes in instruments, which is one of the main source of 

inhomogeneities. 

Figure 2 shows the average annual Eg↓ anomaly series (relative anomalies with respect to the 1990-2016 mean) before 

and after the homogenization procedure together with the corresponding Gaussian low-pass filters (the details on how 

the regional Eg↓ anomaly series is obtained will be explained in the following sections). The mean annual adjustment 

series (blue line in Figure 2), obtained by averaging the mean annual adjustments over all single records, shows that in 

the 1990-2007 period, the mean series has been increased by about 1%, while during the following 2008-2015 period, it 

has been subjected only to very small changes. This is because in the homogenization procedure, the period before a 

break is generally adjusted to the more recent period to facilitate future updating of the dataset. Overall, the adjustment 

factors (figure not shown) range between 0.681 and 1.293 even if these high values concern only single years and single 

series. It is interesting to note that 13 series did not highlight any break and did not require any adjustment. 

After the homogenization procedure, the common variance at monthly scale decreases to 50% at about 110km. The 

mean common variance decreases at a higher distance if only the plain series are considered showing a value of 50% at 
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215km. Lower values are obtained for the mountain series because of less robust statistic for short distances due to the 

lower number of available series (Schwarz et al. 2017). However, the mean variance for all the subsets of series 

(Piedmont, plain and mountain) at 50km is comprised between about 50% and 80%. 

 

2.5 Gap-filling and anomaly series 

Once the series are homogenized, the remaining gaps over the whole 1990-2016 period are filled in the monthly series. 

Specifically, each reconstructed monthly value is obtained as the median of a set of five estimated values, calculated 

under the assumption of the constancy of the ratio between incomplete and reference series, where the reference series 

are selected as explained in Section 2.1 and 2.2 with the additional constrain that the reference and test series should 

have in common at least 5 values for the considered month. 

After the gap-filling, all the series have at least 97% of available data over the 1990-2016 period with the only 

exception of Milano Linate. The procedure is validated using the leave-one-out approach and about 95% of the ratios 

between observed and estimated values are comprised between 0.9 and 1.1. 

Then, all the series are transformed into seasonal and annual relative anomaly records with respect to the 1990-2016 

mean. Specifically, seasons are defined according to the scheme December-January-February, March-April-May, June-

July-August, September-October-November and winter is dated according to the year in which January and February 

fall. According to this scheme, the year is defined as the December-November period. 

 

2.6 Gridding 

Finally, a gridded version of the seasonal and annual Eg↓ anomaly series is generated in order to balance the contribution 

of those areas with a higher number of stations with those that have a lower station coverage. A grid of 0.5°x0.5° 

resolution is constructed with an Inverse Distance Weighting approach as described by Brunetti et al. (2006), with the 

addition of an angular term to take into account the anisotropy in the spatial distribution of the stations. Specifically, a 

seasonal/annual gridded value is calculated if there is at least one series at a distance lower than or equal to d/2, or at 

least two series at a distance lower than or equal to d, where d is defined as the mean distance from one grid-point to the 

next one calculated overall adjacent points of the grid and is here equal to about 68km. The resulting grid consists of 20 

grid-points (see Figure 1a). Moreover, for each grid-point a representative elevation is estimated as weighted mean 

(using the same weights discussed above) of the elevations of the involved stations. 8 grid-points are located in the plain 

area (weighted elevation lower than or equal to 600m), while 12 grid-points are located in the mountain area (weighted 

elevation higher than 600m) (Figure 1a).  
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Finally, the regional annual and seasonal Eg↓ anomaly series for the Piedmont area is obtained averaging all the annual 

and seasonal anomaly grid-point series. Moreover, one series representative of the plain and one of the mountain areas 

are obtained averaging the plain and mountain annual and seasonal anomaly grid-point series, respectively.  

 

2.7 Clear-sky series 

Starting from the homogenized daily series presented in Section 2.4, we aimed at determining clear-sky Eg↓ series. 

Being cloud cover data not available for the stations’ network used in the present work, the cloud cover information 

used as reference to select the clear days come from the CM SAF ClOud Fractional Cover dataset from METeosat First 

and Second Generation – Edition 1 (COMET - Stockli et al. 2017). These data are available for the 1991-2015 period at 

daily scale with a resolution of 0.05°x0.05°. 

Specifically, for each station, we selected those Eg↓ days for which the corresponding CFC (Cloud Fractional Cover) 

value in the nearest grid-point was lower than or equal to 12.5% (equivalent to 1 okta) (following the same criteria of 

Manara et al. 2016a). In particular, the mean distance between each station and the central point of the selected grid-cell 

is about 2km with an average fraction of clear-sky days per station equal to about 23%. 

Then, we obtained the Piedmont plain and mountain relative anomaly series (with respect to the 1991-2015 period), as 

already explained in Section 2.5 and 2.6 for the all-sky conditions. Moreover, to take into account the possibility that 

the clear-sky records may contain only a small number of days (as already explained by Manara et al. (2017b)), and so 

monthly averages may be influenced by the dates in which these days fall, we transformed the daily Eg↓ data into 

clearness index data removing in this way the influence of the solar zenith angle. Then, the corresponding monthly 

means were retransformed into absolute records using the exo-atmospheric value relative to the central day of the 

corresponding month. 

 

3. Results 

3.1 All-sky Eg↓ variability and trends 

The annual and seasonal Piedmont regional series are shown in Figure 3 with the corresponding filters (11-year 

window, 3-year standard deviation Gaussian low-pass filter). The slope of the trends, estimated using the Theil-Sen 

method (Theil 1950; Sen 1968), together with the significance, estimated using the Mann-Kendall non parametric test 

(Sneyers 1992), are shown in Table 1. 

The annual series shows a statistically significant (p-value  0.05) increasing tendency of about +2.5% per decade over 

the 1990-2016 period. Moreover, the trend is positive and significant (p-value  0.1) in all seasons with the only 
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exception of winter, where the trend is negative (more intense after the beginning of 2000s) even if not statistically 

significant over the considered period. The most intense increase is observed in autumn (about +4.0% per decade) and 

in summer (about +2.7% per decade). 

Considering the spatial distribution of trends (Figure 4), it is possible to observe how, at annual scale, the trends are 

positive and significant (p-value  0.1) over the whole region, and become stronger moving from the Alps toward the 

Po plain. 

At seasonal scale, autumn is the only season that shows a statistically significant trend (p-value  0.1) for all the grid-

points, with higher values than the other seasons (especially for the grid-points located in the south-east). During spring, 

not all the grid-points show a significant trend and the grid-points located in the mountain area show lower values than 

those located in the plain area. Differently, during summer, a well-defined spatial pattern is not evident, and during 

winter all the grid-points show a negative but not significant trend. 

Even if the differences are not always statistically significant, it is worth mentioning that trends, when significant, are 

stronger for the plain area than for mountain area (Table 1), with the only exception of summer, where the trend is 

slightly higher in the mountain area than in the plain area. Overall, at annual scale the increase is about +2.6% and 

+2.3% per decade (p-value  0.05) for the plain and mountain areas, respectively. At seasonal level, the most evident 

differences between plain and mountain areas are evident in spring where the trend of the ratio between plain and 

mountain series is +0.7% per decade (p-value  0.05 - Table 1), underlying how the trend is stronger in the regions with 

low elevation with respect to the region with high elevation. This is confirmed also by the variation of the trend 

intensity with the elevation (Figure 5), which shows that the trend intensity decreases of about -0.07% per decade (p-

value  0.05) every 100m of increase in elevation. The decrease of the trend intensity is evident especially for those 

grid-points located at elevation higher than 700-1000m (Figure 5). A similar behavior is observed also at annual scale, 

where the trend of the ratio between plain and mountain series is about +0.4 (p-value  0.1) and the trend intensity 

decreases of about -0.03% per decade (p-value  0.05) every 100m of increase in elevation (see Table 1 and Figure 5). 

This different behavior between high and low elevation was not observed by Manara et al. (2016a) because of the lack 

of available information above 600m. This highlights the importance of a dense network to better resolve the spatial 

pattern in Eg↓ variability. However, from a comparison between the annual Piedmont plain series presented in this paper 

and the annual mean anomaly series (northwest Italy), obtained averaging the grid-point series (available over the 1959-

2013 period) from Manara et al. (2016a) belonging to the area under analysis the agreement is very good (Figure 6). 

The two series show a correlation of 0.84 over the common period (1990-2013), and 0.88 over the period selected as 

reference to calculate the anomalies (1990-2004) in spite of the very poor data availability for northwest Italy in Manara 

et al. (2016a). The merging of the Manara et al. (2016a) northwest Italy series with the Piedmont plain record (see 
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Figure 6) provides therefore an indication of Piedmont Eg↓ variability on longer time scales, even though there is larger 

uncertainty before 1990.  

The trends over the common period (1990-2013) show an increase of about +3% and +5% per decade (p-value  0.05) 

for the Piedmont plain and the northwest Italy series obtained from Manara et al. (2016a), respectively. These 

differences are mostly due to two main factors: i) the existence of a west-east intensification of the trend (see Figure 4), 

causing stronger trends in the Manara et al. (2016a) derived record, as it is mostly influenced by stations located to the 

east of Piedmont; ii) the influence of some Swiss stations that exhibit an inhomogeneity around 2005 due to the 

introduction of a new type of radiometer in the whole Swiss network (Suter et al. 2006). This break was only partly 

corrected in the Manara et al. (2016a) data set due to the very poor availability of Italian data in the northwest and in the 

alpine region. Differently, it was easier detecting and adjusting it with the very high data availability of the new 

Piedmont database. This is an interesting example of the benefit of datasets with records from different networks: it may 

in fact happen that within one specific network there are inhomogeneities that affect all the stations at the same time (or 

at least most of them) and can therefore not be detected by means of relative homogenization methods (if only records 

from that network are available). 

 

3.2 Clear-sky Eg↓ variability and trends 

The annual and seasonal Piedmont regional series obtained under clear-sky conditions are shown (red lines) in Figure 7 

with the corresponding filters (11-year window, 3-year standard deviation Gaussian low-pass filter). The filters (black 

lines) under all-sky conditions are shown too. Note that in order to better compare the results, all the values presented in 

this section (both for clear and all-sky conditions) refer to the 1991-2015 period and the anomalies are calculated with 

respect to this period.  

Removing the cloud contribution, the interannual variability (standard deviation of the residuals of the series from the 

low-pass filters) strongly decreases with respect to all-sky conditions with values lower than 0.02 in all seasons. As a 

consequence, trend significances strongly increase.  

Clear-sky records trends are positive and highly significant (p-value  0.001) in all seasons (Figure 7). Trends result 

however slightly lower with respect to all-sky conditions (about +2.3% and +2.75% per decade at annual scale under 

clear-sky and all-sky conditions, respectively) with the only exception of winter, where the all-sky record trend is 

negative (but not significant), whereas the clear-sky record trend is positive and highly significant (about +3.2% per 

decade - p-value  0.001). This behavior is confirmed also analyzing separately the plain and the mountain regional 

series: in both cases the strongest increase is found (differently from all-sky conditions) in winter (about +4.1% and 

+2.9% per decade for the plain and mountain area, respectively - p-value  0.001). Moreover, under clear-sky 
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conditions winter is the season with the most evident difference in trends between plain and mountain area (Figure 8). 

In particular, the ratio between the two regions shows a significant (p-value ≈ 0.01) increasing tendency of about +1% 

per decade, resulting from a stronger increase for low than for high elevations, and the trend intensity shows a negative 

trend of about -0.1% per decade per 100m of elevation (p-value  0.001).  

 

 4. Discussion and conclusions 

One of the main sources of uncertainty in understanding the causes underlying surface solar radiation (Eg↓) variability 

observed over the last decades in most regions of the world is connected to the availability of a low number of long-

term quality checked series. Moreover, very often also in the regions where they are available, they do not have the 

necessary spatial resolution to study in depth local effects.  

Recently, a new dataset of 54 series has been set up over the Italian territory for the 1959-2013 period (Manara et al. 

2016a). On one side, this dataset gives important information on how Eg↓ has changed; on the other side, it has some 

limitations including a wide fraction of missing data and the lack of high-elevation sites. In this context, a new Eg↓ 

database, composed of 74 daily series for the 1990-2016 period (Figure 1), is set up for the Piedmont region, in the 

northwest part of Italy. 63.5% and 36.5% of the stations are located in the plain and mountain area respectively 

(elevation lower than or equal to/higher than 600m), with an overall minimum mean distance among stations equal to 

about 13km. After a detailed quality control of the daily series, the corresponding monthly series are subjected to a 

homogenization procedure (Figure 2) by means of the Craddock test (Craddock 1979). From a comparison between the 

detected breaks and the available metadata recovered from the Piedmont regional service (for the 2003-2016 period), it 

resulted that about 43% of them corresponds to changes in instruments, underlying how homogenization is mandatory 

to obtain reliable climatic time series. Then, after the gap-filling procedure, all the series are transformed into relative 

annual/seasonal anomaly series (with respect to the 1990-2016 period) and interpolated over a regular grid (0.5°x0.5°). 

The resulting Piedmont mean series, obtained under all-sky conditions (Figure 3 – Table 1), show an increasing 

tendency over the whole considered period of about +2.5% per decade at annual scale. The increasing tendency is in 

agreement with the “brightening period” reported in literature even if a wide range of values is reported depending on 

the considered region and period (Wild 2009, 2016; Sanchez-Lorenzo et al. 2015). At seasonal scale, the strongest 

increase is in autumn, with a trend of about +4% per decade, and only winter presents negative trend even if not 

significant. Considering the plain and the mountain mean series separately (grid-points with an equivalent weighted 

elevation lower than or equal to/higher than 600m respectively), the trends (Figure 4 – Table 1) are stronger for low 

than for high elevations, with the ratio between plain and mountain series showing at annual scale a trend of +0.4% per 

decade, with an estimated vertical gradient of the trend of about -0.03% per decade every 100m. At seasonal scale, this 
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difference is more pronounced during spring, where the ratio between plain and mountain series shows an increasing 

tendency of about +0.7% per decade, with a vertical gradient of the trend of about -0.07% per decade per 100m. 

Removing the cloud contribution from the Eg↓ series (for the 1991-2015 period for which CM-SAF cloudiness satellite 

data are available (Stockli et al. 2017)) by focusing on clear days only (i.e., days with cloudiness lower/equal to 12.5% 

or 1 okta), the obtained trends are highly significant and positive with the highest value in winter. The trends result 

slightly lower than under all-sky conditions with the only exception of winter when, removing the cloud contribution, 

the trend becomes positive and significant (about +3.2% per decade). 

The high-significant positive trend observed in all seasons under clear-sky conditions is in agreement with the 

significant reduction of air pollutant emissions and aerosol concentrations observed in Piedmont in the investigated 

period (Deserti et al. 2016). This suggests a relevant influence of changes in the transparency of the atmosphere on solar 

radiation trends. Moreover, the differences observed between all- and clear-sky conditions suggest that cloudiness 

variability contributed to slightly intensify the observed positive trend due to changes in the aerosol load with the only 

exception of winter, where cloudiness masked this signal. These hypotheses are in agreement with recent results 

reported in literature showing a decreasing tendency in aerosols concentrations after the 1980s (Novakov et al. 2003; 

Maggi et al. 2006; Vestreng et al. 2007) and a decreasing tendency of cloudiness over the Mediterranean region for all 

seasons with the only exception of winter where a positive tendency is observed especially in the northern part of Italy 

(Kotsias and Lolis 2017; Sanchez-Lorenzo et al. 2017). 

Analyzing separately the plain and mountain series, the two regions show again slightly lower trends under clear-sky 

than under all-sky conditions (with the only exception of winter when the trend is positive and significant only under 

clear-sky), confirming the signal observed for the entire Piedmont region. Moreover, the comparison between the two 

areas shows how (differently from all-sky conditions) winter is the season during which the differences are more 

pronounced, with a stronger increase for low than for high elevations (about +4.1% and +2.9% per decade for the plain 

and mountain area, respectively) determining a positive and significant trend (+1% per decade) in the ratio series. 

Accordingly, the intensity of trends shows a vertical gradient of about -0.1% per decade per 100m. The intensity 

reduction of the winter trend with elevation is in agreement with the hypothesis that the brightening observed in 

Piedmont in the investigated period is mainly caused by a reduction of pollutant emissions. In winter, in fact, the 

boundary layer is generally rather low inhibiting the transport of polluted air masses upwards from lower regions by 

thermal convention (Baltensperger et al. 1991; Lugauer et al. 1998) and confining air pollutants at low levels. 

Therefore, high elevation areas result often scarcely influenced by low-level emissions. These areas were therefore 

probably less influenced than low-level areas by the reduction in the pollutant emissions that occurred in Piedmont in 

the investigated period. In summer, differently, the higher boundary layer causes much more similar aerosol 
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concentrations at low and high elevations (Magri et al. 2016). 

The resulting trends and the differences obtained between low and high elevations are in agreement with the results 

reported in literature showing a decreasing tendency in aerosol optical depth for the considered period (Floutsi et al. 

2016; Georgoulias et al. 2016) and with the fact that this trend is reported to be higher for low than for high elevations 

(Ruckstuhl et al. 2008; Philipona 2013).  

Interestingly, the residuals of the Piedmont series from the filter (i.e. from the long-term tendency) present the 

minimum value (0.98 for the annual mean and 0.97 for the annual mean calculated from the September-August period) 

in 1992 as a consequence of the Pinatubo volcanic eruption (June 1991).  

A more detailed investigation of the reasons underlying the observed trends together with the extension of this new 

database to the areas around the Piedmont region calls for further research. 
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Year Winter Spring Summer Autumn 

Piedmont 2.5±0.9 - 2.6±1.3 2.7±1.2 4.0±1.4 

Plain 2.6±0.8 - 3.1±1.5 2.6±1.2 4.7±1.8 

Mountain 2.3±0.8 - 2.4±1.1 2.8±1.2 3.9±1.6 

Plain/Mountain 0.4±0.2 - 0.7±0.3 + + 

Variation of the 

trend intensity for an 

increase in elevation 

of 100m 

-0.03±0.01 + -0.07±0.01 + - 

aValues are expressed in % per decade and they are provided together with an estimation of their standard 

deviations (half widths of 68% confidence intervals). Values are shown in roman for significance level of 

0.05<p≤0.1 and in bold for a significance level of p≤0.05. For non-significant trends, only the sign of the 

slope is given. The significance of the trends is evaluated with the Mann-Kendall non parametric test while 

trends are estimated with the Theil-Sen method. 

 

Table 1 
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Table caption 

Table 1: Annual and seasonal trends obtained for the Piedmont region, and for the plain and mountain areas under all-

sky conditions. Annual and seasonal trends of the ratio between plain and mountain regional series are shown too, 

together with annual and seasonal variation of the intensity of trend every 100m of increase in elevationa    
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Figure captions 

Fig. 1: a) Spatial distribution of stations and grid-points. Colors indicate data sources. Blue: Piedmont regional 

service (Arpa – 60 series). Yellow: National Agrometeorological database (BDAN – 2 series). Green: Italian Air Force 

(AM – 1 series). Orange: MeteoSwiss (11 series). Stations/grid-points located in the plain area (elevation lower than or 

equal to 600m) are represented with a dot, while those located in the mountain area (elevation higher than 600m) are 

represented with a triangle; b) Number of stations as a function of the elevation; c) Temporal evolution of the number 

of available records per year considering the entire dataset (solid line), only the stations located in the plain area 

(dashed line) and only the stations located in the mountain area (dotted line) 

 

Fig. 2: Average annual Eg↓ anomaly series, plotted together with an 11-year window, 3-year standard deviation 

Gaussian low-pass filter, before (black line) and after (red line) the homogenization procedure. The blue line represents 

the mean annual adjustment series obtained by calculating the annual average of the adjustments over all series 

 

Fig. 3: Average annual and seasonal Eg↓ anomaly series obtained under all-sky conditions for the Piedmont region 

plotted together with an 11-year window, 3-year standard deviation Gaussian low-pass filter. The series are expressed 

as relative deviations from the 1990-2016 mean. Note that the y-axis in the annual plot is shown with an expanded scale 

and that the annual series is the same of the red line reported in Figure 2 

 

Fig. 4: Annual and seasonal trend (expressed in % per decade) for each grid-point obtained under all-sky conditions. 

Dots and triangles are used for those grid-points that are representative of a plain (weighted elevation lower than or 

equal to 600m) and mountain (weighted elevation higher than 600m) area, respectively. A big symbol is used when the 

trend has p-value  0.1 while a small symbol is used when the trend is not significant. p-values are estimated by means 

of the Mann-Kendall test 

 

Fig. 5: Annual and seasonal trend (expressed in % per decade) for each grid-point in relation to elevation obtained 

under all-sky conditions. A black dot is used when the trend has p-value  0.1 while a grey dot is used when the trend is 

not significant. p-values are estimated by means of the Mann-Kendall test 

 

Fig. 6: Comparison between the annual Piedmont plain (red line – 1990-2016 period) and the annual northwest Italy 

(black line – 1959-2013 period) relative anomaly series. The anomalies are calculated with respect to the 1990-2004 

period 
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Fig. 7: Average annual and seasonal Eg↓ anomaly series, over the 1991-2015 period, obtained under clear-sky 

conditions for the Piedmont region plotted together with an 11-year window, 3-year standard deviation Gaussian low-

pass filter (red lines). The filters under all-sky conditions are shown too (black lines). The series are expressed as 

relative deviations from the 1991-2015 mean. Note that the y-axis in the annual plot is shown with an expanded scale  

 

Fig. 8: Winter trend (expressed in % per decade) for each grid-point in relation to elevation obtained under clear-sky 

conditions. A black dot is used when the trend has p-value  0.1 while a grey dot is used when the trend is not 

significant. p-values are estimated by means of the Mann-Kendall test 
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