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Abstract

:

Statistical downscaling of climate data has been widely described in the literature, with the aim of improving the reliability of local climatic parameters from coarse-resolution (often >20 km) global datasets. In this article, we present ClimateDT, a dynamic downscaling web tool for monthly historical and future time series at a global scale. The core of ClimateDT is the 1 km 1981–2010 climatology from CHELSA Climate (version 2.1), where the CRU-TS layers for the period 1901-current are overlayed to generate a historic time series. ClimateDT also provides future scenarios from CMIP5 using UKCP18 projections (rcp2.6 and rcp8.5) and CMIP6 using 5 GCMs, also available on the CHELSA website. The system can downscale the grids using a dynamic approach (scale-free) by computing a local environmental lapse rate for each location as an adjustment for spatial interpolation. Local predictions of temperature and precipitation obtained by ClimateDT were compared with climate time series assembled from 12,000 meteorological stations, and the Mean Absolute Error (MAE) and the explained variance (R2) were used as indicators of performance. The average MAEs for monthly values on the whole temporal scale (1901–2022) were around 1.26 °C for the maximum monthly temperature, 0.80 °C for the average monthly temperature, and 1.32 °C for the minimum monthly temperature. Regarding monthly total precipitation, the average MAE was 19 mm. As for the proportion of variance explained, average R2 values were always greater than 0.95 for temperatures and around 0.70 for precipitation due to the different degrees of temporal autocorrelation of precipitation data across time and space, which makes the estimation more complex. The elevation adjustment resulted in very accurate estimates in mountainous regions and areas with complex topography and substantially improved the local climatic parameter estimations in the downscaling process. Since its first release in November 2022, more than 1300 submissions have been processed. It takes less than 2 min to calculate 45 locations and around 8 min for the full dataset (512 records).
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1. Introduction


Reliable and unbiased estimations of climatic variables for environmental assessments are fundamental in many research fields, including plant studies and forest sciences [1,2,3]. The climate is one of the key drivers shaping the distribution of living organisms across the globe [4,5,6]. In tree species, it forces the adaptive processes through time [7,8,9] and governs the future distribution of forest tree species worldwide [10,11,12]. The scientific community agrees that the shift of climatic normal parameters toward drier and warmer regimes, as well as the increased frequency of extreme weather events, will play a fundamental role in the future [13,14]. For such reasons, researchers call for more detailed climatological data to describe the environments where organisms grow as well as the ecological niche of studied species [12,13,14]. These data are required to model and forecast the possible consequences of a warming climate and potential adaptation strategies.



Interpolation techniques and downscaling methods have become relevant techniques used to generate climatological surfaces or to improve the quality and reliability of low-resolution climatic data [15,16,17,18,19,20,21,22]. Many different algorithms have been developed, linking the environmental variability and physiographic parameters, such as elevation or distance from the sea, applied to “delta” approaches [23] and statistical procedures [18,21,24,25,26]. Powerful workstations and tuned algorithms are readily accessible for research groups, often used in a statistical environment to predict the potential impact of a warming (and drying) climate on animals or plants [27,28]. In this context, the past climate is used to analyze the species’ responses to climate fluctuations [29,30], while the future scenarios are applied to forecast the possible impacts.



The reconstruction of past climates, such as paleoclimates and historical climates (e.g., from 1900 to the current periods) as a climate surface, is often performed by means of spatial interpolation. Amongst the most well-known techniques, Gaussian processes such as kriging (simple, ordinary, and universal) and co-kriging are often cited [31,32,33]. More recently, regression-based methods have proved useful, especially when large portions of geographic space are targeted. Amongst these methods, the PRISM surfaces available for North America [34] and WorldClim for the Globe [35,36] are well-known climatic data sources. For global surfaces, complex and time-consuming mechanistic downscaling algorithms were used to characterize the CHELSA-climate dataset [37]. However, the quality of the data is dependent on the spatial representativeness of the environment where interpolation is performed. Meteorological stations are spread globally, but the harmonization of their data is difficult [38,39]. Combined with historical climates, future scenarios are an additional requirement for modeling work. Climate change projections are driven by atmospheric processes and physical interactions constrained in mathematical models. Global Circulation Models (GCM), regularly developed by atmospheric scientists worldwide, are not targeted at specific geographic regions. According to recent literature, the projections generated by the IPCC 5th Assessment Report (AR5, CMIP5) are the most often used. However, CMIP6 [39,40] standard projections will probably replace AR5 in the coming decades. Such models generally have a low spatial resolution (more than 50 km at the equator) and are consequently unsuitable for national and regional studies. In this framework, spatial downscaling and statistical downscaling methods are common techniques used to improve the spatial resolution (and reliability) of coarse climatic surfaces [18,21]. Among all the available methods, the “delta method” and the “dynamic downscaling” [18,26,41] approaches (i.e., location by location, pixel by pixel) are popular among researchers requiring flexibility and ease of implementation in programming languages.



In this study, we present ClimateDT (https://www.ibbr.cnr.it/climate-dt, accessed on 17 January 2024), a web-based downscaling tool using a unique global climate extent that can be requested to deliver climate parameters from the same data for spatial consistency. Here, we describe the system for Europe, with an extension currently being developed for the United States, Canada, China, and other regions of the Globe. The seamless link between historical and future climate ensemble that researchers dealing with climate futures require is demonstrated, and the quality of climatological data provided by ClimateDT is evaluated against weather observations collected from external databases. Additionally, the speed of the system and its internal structure are described.




2. Materials and Methods


ClimateDT is an online tool with an R-based [42] computation engine that combines raster layers at various spatial scales and from different data sources. This structure has been created for both historical climate reconstruction and future scenarios at a monthly timescale. Here, a detailed description of its structure and workflow is given, covering all its features.



2.1. Baseline Surface: CHELSA 2.1 (1981–2010)


When long-term climate is used as a predictor variable in modeling work, climatic normals are used to describe the environmental variability and avoid the impact of weather fluctuations (i.e., year-by-year variability) on algorithm training. A climatic normal period represents the average climate over a reference period (series), usually spanning 10–30 years. Several climatological time series have been used in the literature. The 1961–1990 period is often considered a baseline in many biological and ecological studies [22,41] due to the large availability of climate data from the global network of stations [38]. The 1961–1990 climate series is also the backbone of ClimateWNA, ClimateNA [24], ClimateSA [26], ClimateEU [25], ClimateAP [26] (available at https://sites.ualberta.ca/~ahamann/data.html, accessed on 17 January 2024) and at https://web.climateap.net, accessed on 17 January 2024), and many other WorldClim-based studies and tools. However, the current climatic period (1991–2020) is rapidly diverging from the 1961–1990 climatic series, and for this reason, other datasets have been generated by climatologists. In ClimateDT, the 1 km 1981–2010 climate time series from CHELSA (v2.1) was selected as the baseline data [37] due to its global coverage and its acknowledged accuracy. The baseline data was used to seamlessly bind historical and future climates by calculating the deviations (i.e., anomalies) for the historic normal period and applying the anomalies to reconstruct the historical climate (1901-current) and future climate scenarios.




2.2. Historical Climate: CRU-TS


CRU-TS version 4.06 [38] is a monthly and global spatial dataset freely available from the Climatic Research Unit repository (http://www.cru.uea.ac.uk/data, accessed on 17 January 2024) which provides monthly maximum and minimum temperature as well as precipitation between 1901 and the current year. This database has been widely used for downscaling and data extraction [24] and is the main source for many research studies where monthly time series are required [43,44,45]. The native spatial resolution (0.5° degrees of latitude, approximately 50 km at the equator) is too coarse for national and regional studies, especially in areas of complex terrain. ClimateDT employs this dataset to generate higher-resolution historical climate data time series based on the anomalies concept. The 1981–2010 normal period is calculated within CRU-TS surfaces, averaging the layers with monthly resolution and generating 36 new global raster layers at 50 km spatial resolution. Anomalies are derived from the 1981–2010 baseline period using the difference in temperature and the ratio for precipitation according to method described by Moreno and Hasenauer [23]. The effect of elevation and terrain features on anomalies are considered after the downscaling process [46], and these are stored and downscaled dynamically by ClimateDT to 1 km using bilinear interpolation to match the baseline’s spatial resolution.




2.3. CMIP5 and CMIP6 Future Scenarios


A fundamental feature of a climatological portal or tool is the provision of consistent historical data and future scenarios, allowing users to apply ecological models and algorithms that more accurately predict the likely effects of the changing climate on the environment and ecosystems. While many datasets are available on the web, most are not interchangeable. For example, WorldClim surfaces [35,36] are different and not directly compatible with CHELSA products [37]. Although both services can provide future scenarios (both CMIP5 and CMIP6), admixing the two sources can generate unknown biases in the models due to different interpolation methods or different baselines used to calculate anomalies.



Since researchers often need an ensemble of GCMs to investigate the variability between and within GCMs [47,48,49] and climate change emissions scenarios, i.e., Representative Concentration Pathways (RCPs) from CMIP5 and Shared Socio-Economic Pathways (SSPs) from CMIP6, both have been implemented in ClimateDT. ClimateDT provides future scenarios under the Fifth Assessment Report [50] using the UKCP Global dataset [51], a monthly, global, low-resolution (60 km approx.) dataset spanning the period from December 1899 to November 2099, and UKCP Regional (12 km) projections with a monthly time series from 1981 to 2080 for Europe. These datasets use cutting-edge climate science to provide updated observations and global (and European) climate change projections. In ClimateDT, this database was analyzed for the 1981–2010 climatic normal period in the same way as CRU-TS—using the anomalies approach. The climate change forcing (anomaly) was calculated from the common normal period and added to the baseline period data using bilinear interpolation. This procedure removes the intrinsic difference between the two datasets to generate a unique and robust time series between 1901 and 2098. All 28 UKCP Global ensemble members (i.e., variations form the HAdGEM3 model) are available in ClimateDT for the two RCP extreme scenarios (2.6 and 8.5). Since CMIP6 scenarios were not available as a time series with the 1981–2010 baseline, only the CMIP5 data linked to the climatic normal using the CHELSA data were included in ClimateDT for consistency.




2.4. Scale-Free Dynamic Downscaling


The core of ClimateDT is based on dynamic downscaling proposed by Wang et al. for North America [46]. This method combines the use of a plane spatial interpolation (usually a bilinear interpolation) and local lapse rate adjustment to refine the climate parameter for a specific spatial location (point estimate, scale-free). The adjustment is based on the spatial coordinate of the location requested. This approach forms the core of other standalone tools, such as ClimateWNA for North America, [24,52], ClimateAP for Asia [26], and ClimateEU for Europe [25].



Following the submission of a data request in the ClimateDT portal, where latitude, longitude, and elevation are mandatory fields, the downscaling process starts with the identification of the location of the 1 km grid cell stored in the remote ClimateDT machine. Afterward, each location is processed separately in four steps. The first computes the bilinear interpolation of the 36 basic climatic data (monthly minimum and maximum temperatures and total precipitation) for the baseline (i.e., the normal 1981–2010 climate), which is performed by means of a weighted interpolation of the climatic values the system extracts for the nearest 4 cells of the raster (Figure 1, left). The second step extracts the same 36 climatic variables for each of the 8 local grid cells surrounding the location plus the cell where the location falls (9 in total). A set of 36 unique pairs of differences (i.e., climate derived for the first cell versus all the others; then the same for cell 2, excluding cell 1; then cell 3; and so on), afterwards ∆c values are computed. The same procedure is applied to elevation data (∆e) for a total of 37 sets of data created by 36 unique pairs of differences each. After that, 36 simple linear regressions are built (Figure 2) based on the above 36 pairs plus the elevation set.


  Δ c = i + m ⋅ Δ e  











This is performed to reflect the local relationship between ∆c and ∆e for each of the 36 climatic variables (i.e., how large the change is in degrees of temperature or millimetres of rain when a change in elevation occurs). The slope of the regression line m represents the local (i.e., dynamic) lapse rate for the raster cell where the point of interest is located. Both temperature and precipitation variables are adjusted using the dynamic lapse rates when the regression of temperature or precipitation variation in elevation for ’local’ grid cells of the spatial raster are statistically significant.



The difference between the actual elevation of the location and the spatially interpolated elevation of the point of interest is used in the equation and summed to the spatially interpolated value as


  A d j u s t e d   c l i m a t e =   S   i n t   + m · (   E   i n t   −   E   u s e r   ) ·   R   2    








where Sint is the spatial interpolation of climatic variable, m is the local lapse rate, Eint is the elevation the system calculates from the 1 km Digital Elevation Model by means of bilinear interpolation (the same method as Sint), Euser is the elevation provided by the user in the submitted file, and R2 is the adjusted R-squared of the regression calculated using ∆c and ∆e values. Since elevation is required for ClimateDT, this information should be carefully checked by the user. Input data are used to calculate the difference (delta) between the reference elevation of the system (i.e., WorldClim DEM in ClimateDT) and the ‘real’ site elevation provided by the user. This delta is used for the dynamic lapse rate adjustment to be applied to the climatic value interpolated with the ‘flat’ bilinear interpolation.



It is worth mentioning that the dynamic downscaling procedure is applied to the 1981–2010 baseline period for the three main climatic parameters: monthly minimum temperature, monthly maximum temperature, and monthly precipitation. After that procedure is completed for all the locations, anomalies are spatially downscaled and summed (or subtracted/multiplied according to the sign of the numbers and of the target climatic parameters) to the dynamically downscaled baseline climate using the same bilinear interpolation process on a 50 km grid. Finally, the historic (1901-now) and the future (now-2098 for UKCP Global, climatic normals for CMIP6 GCMs) climate is ready.




2.5. Climatic Indices Calculation


Following the dynamic lapse rate adjustment on monthly variables, the full set of biologically relevant climate variables are either calculated (seasonal and annual summaries) or estimated (e.g., growing degree days and frost-free period) using a correlative approach with values derived from daily weather station data [24,25,26,52]. The main outputs of ClimateDT are three monthly variables (minimum temperature, maximum temperature, and precipitation) calculated for each year requested by the user. Additional climatic variables and indices (annual or monthly) over the whole time period can be calculated as well. Some of these parameters, such as the 19 bioclimatic parameters from WorldClim, are calculated using the “dismo” package in R [53], while SPEI and SPI indices are derived using the “SPEI” package [54]. The dismo package, an acronym for “species DIStribution MOdeling”, is an R package which includes several algorithms for modeling, such as DOMAIN, Mahalanobis distance, and MaxEnt, as well as functions to compute climatic indices. The package includes a set of functions for computing potential evapotranspiration and several widely used drought indices, including the Standardized Precipitation–Evapotranspiration Index (SPEI), which is employed in ClimateDT. Other drought and frost indices available in the literature and widely used in ClimateNA, ClimateAP, and ClimateEU systems can be calculated using simple equations, including Growing Degree Days above 0 °C, 5 °C, and 18 °C (GDD0, GDD5, and GDD18, respectively). The coefficients are derived by fitting a set of linear and nonlinear functions on observed daily meteorological station data from the European Climate Assessment and Dataset (ECAD, https://www.ecad.eu/, accessed on 17 January 2024) to calculate the derived climate variables and then building the relationship (or function) between the derived variables and the observed data. The resulting parameters allow ClimateDT to adjust the climate indices from downscaled monthly climate data and offer more accurate estimations of future climate.




2.6. Quality Assessment of ClimateDT Estimates


To validate ClimateDT parameter estimates, a quality assessment was carried out by comparing the observations obtained from various weather stations worldwide with climate variables generated by the downscaling tool. However, it is worth noting that all or most of the records included in the validation step may have been used for the development of interpolated climate grids CHELSA and CRU-TS, and this might represent a major though unsolvable limitation to the adopted approach. Therefore, our quality assessment could not use an independent validation test but rather an evaluation of how well ClimateDT reflects the real data and how the dynamic downscaling process could improve the reliability and quality of the climatic variables. We evaluated the benefits of the environmental lapse rate adjustments and the effectiveness of delta downscaling approach [24,25].



Prior to the quality assessment, we combined and filtered the datasets from the weather stations, retaining only those having climate time series exceeding 30 years of collected data and less than 10% of missing values. We also removed nearby duplicate stations by retaining only the highest-quality station records. Overall, approximately 12,000 weather stations for precipitation and 4000 for temperature were retrieved from the ECAD website. Only Europe and Russia were adequately covered (Figure 3) in the Northern Hemisphere.



Nonetheless, this dataset covers a wide range of ecological conditions and therefore was considered suitable to test the performance of ClimateDT both across altitudinal ranges (for the sea level up to 3500 m) and different climatic zones (from the Mediterranean Basin to the Boreal and Artic biogeographic zones). For these stations, we evaluated the performance of ClimateDT to describe the historical estimates (1901-current) based on the variance explained in original climate station data. The goodness-of-fit of a simple linear model between predicted and an observed climate value was assessed using its R2 and the Mean Absolute Error (MAE), i.e., the mean absolute difference (in °C for temperature and in mm for precipitation) between ClimateDT estimates and observed station data. This procedure is similar to published studies on ClimateEU and ClimateNA [24,25] with an additional analysis grouping climate station by country and showing the MAEs and R2 values for some locations in key geographic zones and climates (e.g., Mediterranean climate and continental climate).





3. Results


Climatic time series in the ECAD dataset were available from a larger number of weather stations since 1901, with a huge increment in the available data around the 1980s (Figure 4), especially for the precipitation data, which, however, had a higher proportion of missing data. Nonetheless, sufficient records with few missing data over the period 1901–1950 were also available for testing the performance of ClimateDT.



While the number of precipitation data stations registered a maximum value around 1990, with 12,357 records, but with a subsequent decrease (around 10 k in 2015), the temperature data steadily increased over the whole period. For the last 2 years of testing (2017 and 2018), the available records slightly decreased, probably due to missing data and a different release from ECAD.



The performance of ClimateDT was assessed using four main climatic variables, which represent the raw data used in the calculation of the climatological indices and include the maximum monthly temperature (TX), the average monthly temperature (TAVE), the minimum monthly temperature (TN), and the total monthly precipitation (RR). ClimateDT estimates for the four climatic parameters were tested against the values from meteorological stations at the same location both over the 1981–2010 baseline period and the whole 1901–2022 period. Regarding the baseline period (Table 1), the MAE for temperature ranged between 1.61 °C for the minimum temperature of May and 0.49 °C for the average temperature of September. Overall, the average MAE for monthly values was 1.24 °C for TX, 0.67 °C for TAVE, and 1.19 °C for TN. Regarding monthly total precipitation, MAE values were always lower than 12 mm, with an average of 9.46 mm and a maximum value of 11.68 mm in December. A shortcoming of MAE as an indicator is that it is impossible to detect whether ClimateDT’s predictions are higher or lower than the observed values, but the analysis of raw errors indicates that RR and TN were slightly overestimated, while TX and TAVE are underestimated. As for the proportion of variance explained, average R2 values were around 0.961, 0.968, and 0.918 for TX, TAVE, and TN, respectively. A slightly lower amount of explained variance was found for RR, with an average value of 0.850. The maximum value was detected in August (0.882), and the lowest was detected in April (0.820).



When the full temporal coverage (1901–2022) was considered (Table 2), the MAE for temperature was consistent to some extent with the previous results. The estimation error ranged between 1.59 °C for the maximum temperature of July and 0.60 °C for the average temperature of September. The average MAE for monthly values was 1.26, 0.80, and 1.32 °C for TX, TAVE, and TN, respectively. For precipitation, MAE values were higher than those calculated over the baseline period (average MAE = 19 mm). In agreement with the previous analysis, a slight overestimation was found for RR and TN over the normal 1981–2020 period, while values for TX and TAVE were slightly underestimated. R2 values showed average values of 0.960, 0.966, and 0.919 for TX, TAVE, and TN, respectively, which substantially corresponded to the results obtained from the comparison of predicted and observed values over the baseline period. Again, a lower amount of explained variance was found for RR, with an average value of 0.675; the highest value was in October (0.718), and the lowest was in July (0.621).



In general, the precision of climate predictions from ClimateDT increases with the length of time considered, e.g., TAVE annual estimates from Climate DT were more precise than seasonal variable estimates, which in turn were more precise than monthly variable estimates. Also, predictions for precipitation-related variables were generally less precise than those for temperature, likely due to the data gaps in the ECAD dataset. An overlap between explained variance and MAE is graphically shown in Figure 5 for some key months.



The assessment of MAEs and R2 values at the regional scale showed that the performance of ClimateDT was almost stable in all the climates and at any geographic scale (Table 3).



3.1. Effectiveness of the Dynamic Lapse-Rate Adjustment


The main feature of ClimateDT is the dynamic downscaling approach to the gridded baseline data to generate scale-free climate predictions at a global level. The lapse-rate adjustments are shown to be effective by comparing the MAE observed with and without adjustment in mountainous areas and in cases of complex topography. As expected, MAEs of climate estimates were higher for climate values directly obtained for mountainous areas, with lapse rate adjustments for temperature-related variables ranging between −0.40 and −0.67 °C every 100 m of elevational shift. This adjustment substantially improved the quality of climate estimates in mountainous regions, resulting in an average decrease in MAE between −0.20 and −0.50 °C, which represents an improvement of up to 65%. The effectiveness of the adjustment was more noticeable for TX and TAVE, while improvements were relatively minor for TN.



The adjustment for precipitation-related variables was observed to be more difficult because of the weaker relationship between rainfall and elevation. Despite that, and in contrast to climatic software such as ClimateEU (v4.63) and ClimateNA (v6.40a), the lapse rate adjustment for precipitation was filtered and applied only in the case of significant fitting of the regression of climate parameters to elevation. This results in a fairly low but still meaningful improvement in ClimateDT estimates, with the lapse rate adjustment having an impact of about −5% of MAE on precipitation estimates.



The second metric used for assessing the performance of ClimateDT, i.e., the proportion of variance explained (R2), also supports the effectiveness of the dynamic lapse rate adjustment to obtain more accurate and reliable values of the climatic variables considered in mountainous terrains. Indeed, a substantial difference in the accuracy of monthly precipitation and temperature estimates was detected, with R2 increased by +20% in some cases. Overall, non-adjusted predictions showed average R2 values of about 0.85, whereas the adjustment improved the R2 up to 0.95–0.97. Finally, the effectiveness of the lapse rate adjustment was more important for TAVE and TX than for TN and RR during the summer months.




3.2. Requests Counter and Processing Rate


Since its release in November 2022, a total of 1321 submissions (updated February 2024) were processed and downscaled, with an overall number of locations successfully processed equal to 165,869 (130.6 ± 195.4 locations per request, on average). Currently, the ClimateDT tool employs a parallelization of the R code on 3 CPUs with a Xeon processor on a shared server. The performance of this hardware configuration is shown in Figure 6.



Less than 2 min was necessary to calculate the full set of climatic parameters at 45 locations and around 9 min was necessary for the maximum number of localities that can be requested (512 records). We acknowledge a relatively high fluctuation in terms of processing rate, and this was due to other simultaneous processes running on the CPUs (e.g., system updates and other tasks internal to the Operating System). More than 65% of requests were characterized by a low number of records (less than 50), and only 3% were requests for large coverage, which has been limited for internal needs to 512 locations per submission. Almost all of the submissions requested full temporal coverage (1901–2098), and most selected the standard GCM (variant01) and rcp8.5. Several users have repeated their submissions for the same locations to obtain local climatic estimates under different future scenarios. In this case, a total of 5 GCMs was the most frequent request by the same user. Most of the requests were submitted from all the European countries, but more recently, they have also been from Asian countries, North America and Africa, representing altogether 18% of the total submissions.





4. Discussion


ClimateDT can be used for downscaling various raw climatic parameters and indices between 1901 and 2098. This tool incorporates three different sources of climatic data: a high-resolution grid as a baseline for the normal period of 1981–2010, a dataset of monthly anomalies for the historical climate derived from CRU-TS, and future scenarios from UKCP Global surfaces. Input data are spatial coordinates and elevation used in the scale-free statistical downscaling procedure. The system has global coverage, and the speed of analysis is currently comparable to other available resources, such as ClimateEU, ClimateNA, and ClimateAP [24,25,26,41]. Small differences in MAE values were found when compared against ClimateEU, likely due to the different climate time series used for evaluation or validation. A large- number of weather stations were used for ClimateDT, and a large spatial coverage was also provided. The evaluation process demonstrated a weak effect of the dynamic lapse rate adjustment for the minimum temperature. This was also found in other case studies [24,25,41], likely due to the occurrence of temperature inversions that make it difficult to derive reliable lapse rates. For ClimateDT, this effect was limited and probably fixed in most cases due to the use of CHELSA surfaces as the baseline, which is known to capture such climatological effects in the spatial pattern resulting from the method climatologists have used to generate CHELSA layers [37].



After decades of research on the possible climate change impacts on plants and forest resources associated with a changing climate [55,56,57,58,59], many of the geographic regions in the world have been studied. Published research includes efforts on various aspects such as retrospective analysis [44,60,61], statistical models [62,63], and various spatial modeling techniques across different species [64,65,66]. In general, reliable climatic surfaces are important for prediction, and databases to train models have been stressed as an important added value to climate-related studies [48,67,68]. An important strength of ClimateDT is the use of a unique surface at the global level that provides consistent results across the whole globe. The admixing of different climatic data sources, such as PRISM surfaces in the case of ClimateNA for North America [34], WorldClim surfaces for ClimateEU in Europe [35,69], and other datasets around the globe [26,41,70], may introduce biases in the calculation of statistical models and could affect predictions [48,71]. In this context, the use of a unique baseline deployed by ClimateDT represents a novel and standardized approach in that both historical climate and future scenarios are placed as anomalies. In addition, the realization of a web portal instead of an app or software to be installed on client operating systems reduces the system requirements on the end-user side. Further, updates in the ClimateDT tool are applied on the server side automatically. For example, every time a new surface is released by climatologists (e.g., new CRU-TS layers), it is easily incorporated into the system and made immediately available to users. Finally, ClimateDT relies on a quality check against the Google Map™ APIs for spatial coordinates, elevation, and data consistency before submission. This also improves the usability of the system and ensures a proficient and efficient tool with an R code engine at the core. This results in a quick and user-friendly system available for users worldwide.



4.1. Usage of ClimateDT and Potential Benefits of Its Estimates


The validation process stresses the importance of accurate geographic input data for downscaling. The availability of the large number of records included in the ECAD allowed us to test the downscaling system over a large range of different environments. Several attempts were made to compensate for the missing values in the dataset, to complete the missing information (mainly elevation data), and to check the spatial coordinates. On average, most records were provided with minutes of latitude, and elevation was often rounded to 50 m. This creates spatial uncertainty in the location of weather stations of about 2 km, which can drastically affect the downscaling process in mountainous areas. ClimateDT can adjust input data with user approval by means of external datasets (e.g., extracting the elevation from a high-resolution DEM) since the need for precise coordinates is mandatory in the process. On average, ClimateDT calculates a lapse rate range between −0.4 °C/100 m and −0.6 °C/100 m of elevation, which is fully consistent with the MAE obtained during the validation process. The reliability of spatial coordinates has been acknowledged as a key component in the ClimateDT functioning, and users are highly encouraged to check the input data very carefully to obtain unbiased values. The need for reliable coordinates has been helped by using an overlay with Google Maps™ to check the input data before submission.



The use of tailored downscaled data and climatological indices (more than 80 in ClimateDT) can allow researchers to develop an ecological modeling procedure faster and easier. One of the main outputs of ecological models such as Species Distribution Models [72], Joint Species Distribution Models [73,74], reaction norms [28,30], response functions [71,75,76,77], and transfer models [27,78] is the prediction of the possible changes in the spatial distribution and/or the performance of living organisms under changing climatic regimes. An additional feature is to detect provenances that may show better adaptation to the future climate predicted in a specific area [79,80,81]. Such models may be used as valid tools to support assisted gene-flow and assisted-migration strategies, but their performance is highly dependent on the quality of the climatic information used to drive the model and to make predictions [81,82]. The higher the uncertainty in the modeling steps, the more uncertain and biased the predictions could be. In this case, the probability of failure is proportional to the discrepancy between the climate forecasted by the models and the actual climate occurring in the future at a specific location. The main modeling issues associated with future projections could be represented by errors or bias occurring in the spatial interpolation of climatic variables; the use of inappropriate equations to calculate daily derived indices from monthly data, e.g., the Number of Frost-Free Days (NFFD), Growing Degree Days (GDD); and other biologically relevant indices. Therefore, according to the literature, an uncertainty assessment is fundamental in any modeling step [27,83,84,85,86].




4.2. Raster Surfaces Availability and Consistency with CHELSA Layers


ClimateDT has been developed to generate scale-free climatological variables for multiple locations around the world, though their number is currently limited to 512 per submission. The pre-check of the requested locations before submission is based on Google Maps™ APIs and prevents the downscaling system from failure and/or unexpected bugs due to misleading coordinates or elevation data. However, applying the above limit allows the submission of only 10% of the potential usage of the system. The reason for maintaining a limit to submitted locations is to allow multiple submissions in parallel and to deliver faster results. Our evidence shows that the overlocked version of ClimateDT can process up to 10,000 locations per submission, which leaves large room for future improvement to the system. However, increasing the current site limit per submission would commit the downscaling tool to processing a single request for several hours, with the possible consequence of long queues. For this reason, submissions of a larger number of records/localities are possible upon request but will be handled separately through the application. Indeed, future hardware improvements (number of cores, solid state storage, etc.) are expected to speed up the downscaling process, allowing for a larger number of localities per submission and reduced processing time.



While point estimates are an excellent source used to derive the climate of origin of provenances tested in common garden experiments [71,87] or to derive the fundamental niche of forest tree species based on occurrence data [88,89], spatial data surfaces are necessary to make spatial predictions [90,91]. In this context, it is worth mentioning that ClimateDT estimates are fully compatible with any global layer available in the CHELSA repository, where the 1981–2010 baseline is available at a 1 km spatial resolution, as well as future scenarios under CMIP6. Users can therefore run the models on the climate obtained from ClimateDT (point estimates) and make predictions on the CHELSA layers. Finally, new downscaled raster surfaces with higher spatial resolution for specific areas may be released on the ClimateDT portal. Several case studies in Italy have produced maps at a 250 m resolution [17,28], including the most recent normal 1991–2020 climate and several future scenarios.





5. Conclusions


ClimateDT is an open-source web tool that is continuously being developed. Users can submit the geographic coordinates of their study locations through the web interface without any registration by simply providing a valid email address. The system processes the locations and returns by e-mail- a link where the downscaled dataset can be downloaded, along with a short report summarizing the downscaling results. New indices, interpolation methods, baselines, historical and future datasets, and tools are planned to be included in the system in future releases. The possibility of an additional section of the ClimateDT portal to request raster surfaces is also under development, as well as the implementation of additional features using new packages provided by other researchers/developers in R language. Any additional feedback from users is welcome, and new ideas and needs can be sent to the staff to implement new indices currently missing in the ClimateDT output files.
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Figure 1. Example of the bilinear interpolation process (left) and the extraction of climatic and elevation data from the 9 grid cells surrounding the downscaling location. The wx letters corresponds to the weights ClimateDT uses for bilinear interpolation and the red dot indicates the location requested by the user. 
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Figure 2. Example of the environmental lapse rate calculated by ClimateDT for the maximum temperature of May in a random sample testing location. 
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Figure 3. Spatial distribution of the validation dataset retrieved from the ECAD website. Red points indicate the geographic location of ca. 12,000 meteorological stations selected for testing the ClimateDT estimates. 
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Figure 4. Number of available records from weather stations for each year and for the four tested parameters. 
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Figure 5. Quality assessment of ClimateDT estimates for the four main climatic parameters (maximum monthly temperature, TX; average monthly temperature, TAVE; minimum monthly temperature, TN; monthly rainfalls, RR) on four key months. The lines represent the proportion of explained variance (R2) on monthly data and across the whole observed period (1901–2022), while the straight lines represent the same value in the normal 1991–2020 period. MAE values are also reported at the bottom of each diagram. 
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Figure 6. Performance of ClimateDT; the number of locations (1321 in total) requested by the users since the first release (November 2022) is reported on the x-axis, while the elapsed time (in minutes) to process the request is reported on the y-axis. 
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Table 1. Mean Absolute Error (MAE) and the proportion of explained variance (R2) for the four raw climatological variables obtained by comparing the observed value from the ECAD dataset with the predicted ClimateDT estimates at the same location over the 1981–2010 baseline period.
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Maximum Temperature (TX)

	
Average Temperature

(TAVE)

	
Minimum Temperature (TN)

	
Precipitation

(RR)




	
Month

	
R2

	
MAE (°C)

	
R2

	
MAE (°C)

	
R2

	
MAE (°C)

	
R2

	
MAE (mm)






	
1

	
0.966

	
1.01

	
0.975

	
0.85

	
0.947

	
1.34

	
0.840

	
11.28




	
2

	
0.969

	
1.04

	
0.977

	
0.76

	
0.948

	
1.32

	
0.836

	
8.52




	
3

	
0.968

	
1.17

	
0.976

	
0.69

	
0.944

	
1.18

	
0.827

	
9.02




	
4

	
0.961

	
1.41

	
0.969

	
0.74

	
0.928

	
1.00

	
0.820

	
6.74




	
5

	
0.948

	
1.61

	
0.960

	
0.73

	
0.906

	
0.97

	
0.860

	
7.33




	
6

	
0.941

	
1.58

	
0.954

	
0.64

	
0.881

	
1.01

	
0.866

	
8.25




	
7

	
0.941

	
1.59

	
0.950

	
0.58

	
0.864

	
1.14

	
0.880

	
9.06




	
8

	
0.956

	
1.44

	
0.961

	
0.52

	
0.877

	
1.30

	
0.882

	
9.08




	
9

	
0.969

	
1.20

	
0.969

	
0.49

	
0.902

	
1.29

	
0.871

	
9.51




	
10

	
0.972

	
0.97

	
0.974

	
0.55

	
0.932

	
1.17

	
0.869

	
11.61




	
11

	
0.970

	
0.88

	
0.975

	
0.70

	
0.944

	
1.19

	
0.821

	
11.48




	
12

	
0.967

	
0.94

	
0.974

	
0.84

	
0.944

	
1.34

	
0.824

	
11.68




	
Average

	
0.961

	
1.24

	
0.968

	
0.67

	
0.918

	
1.19

	
0.850

	
9.46




	
St. dev

	
0.011

	
0.26

	
0.009

	
0.11

	
0.030

	
0.13

	
0.023

	
1.63











 





Table 2. Mean Absolute Error (MAE) and the proportion of explained variance (R2) for the four raw climatological variables obtained by comparing the observed value from the ECAD dataset with the predicted ClimateDT estimates at the same location over the full period available (1901–2022).
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Maximum Temperature (TX)

	
Average Temperature

(TAVE)

	
Minimum Temperature (TN)

	
Precipitation

(RR)




	
Month

	
R2

	
MAE (°C)

	
R2

	
MAE (°C)

	
R2

	
MAE (°C)

	
R2

	
MAE (mm)






	
1

	
0.969

	
1.09

	
0.968

	
1.02

	
0.950

	
1.55

	
0.705

	
18.45




	
2

	
0.968

	
1.13

	
0.971

	
0.95

	
0.950

	
1.54

	
0.693

	
15.02




	
3

	
0.968

	
1.19

	
0.975

	
0.83

	
0.945

	
1.37

	
0.673

	
15.29




	
4

	
0.960

	
1.39

	
0.969

	
0.84

	
0.930

	
1.14

	
0.655

	
14.73




	
5

	
0.945

	
1.57

	
0.961

	
0.83

	
0.910

	
1.08

	
0.636

	
17.40




	
6

	
0.937

	
1.57

	
0.952

	
0.76

	
0.881

	
1.13

	
0.637

	
20.07




	
7

	
0.939

	
1.59

	
0.952

	
0.71

	
0.861

	
1.25

	
0.621

	
22.88




	
8

	
0.954

	
1.42

	
0.960

	
0.64

	
0.874

	
1.38

	
0.650

	
21.96




	
9

	
0.968

	
1.20

	
0.970

	
0.60

	
0.901

	
1.37

	
0.696

	
20.26




	
10

	
0.973

	
1.01

	
0.974

	
0.65

	
0.933

	
1.25

	
0.718

	
19.86




	
11

	
0.972

	
0.94

	
0.970

	
0.81

	
0.948

	
1.29

	
0.706

	
19.51




	
12

	
0.969

	
1.03

	
0.967

	
0.98

	
0.949

	
1.46

	
0.712

	
19.18




	
Average

	
0.960

	
1.26

	
0.966

	
0.80

	
0.919

	
1.32

	
0.675

	
18.72




	
St. dev

	
0.013

	
0.23

	
0.007

	
0.13

	
0.032

	
0.15

	
0.033

	
2.54











 





Table 3. Mean Absolute Error (MAE) and the proportion of explained variance (R2) for the mean annual temperature and total annual precipitation obtained by comparing the observed value from the ECAD dataset with the predicted ClimateDT estimates at the same location over the full period available (1901–2022) and grouping the results by country.
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Average Temperature

(TAVE)

	
Precipitation

(RR)




	
Geographic Zone

	
Selected Countries

	
R2

	
MAE (°C)

	
R2

	
MAE (mm)






	
Arctic

	
Norway, Sweden, Finland, Denmark, Russia

	
0.895

	
0.79

	
0.698

	
23.57




	
Continental

	
Germany, Romania, Bulgaria, Russia

	
0.965

	
0.70

	
0.639

	
21.32




	
Oceanic

	
Portugal, France, UK, Ireland

	
0.927

	
0.60

	
0.601

	
22.55




	
Mediterranean

	
Spain, Italy, Greece, Turkey

	
0.901

	
0.97

	
0.522

	
27.17




	
North Africa

	
Morocco, Algeria, Tunisia, Libia, Egypt

	
0.907

	
0.82

	
0.602

	
19.23




	
Others

	
Others

	
0.911

	
0.83

	
0.632

	
20.01
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