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Abstract

:

Climate parameter projections obtained by global and regional models (GCM and RCM, respectively) offer a challenge to many researchers in terms of controlling the quality of the outcome data using several scales. In the literature, the proposed models, namely statistical downscaled and regression-based models, are mostly used to adjust the RCM data series. Contrariwise, in practice, these conceptual models perform poorly in certain cases and at certain scales. In this regard, a new downscaling model is proposed herein for annual rainfall projection, based on fusion models, namely polynomial regression (Poly_R), classification and regression tree (CRT), and principal component regression (PCR). The proposed model downscales the rainfall data projected by the coupled model intercomparison phase five (CMIP5) under different representative concentration pathway (RCP) scenarios (2.6, 4.5, 6.0, and 8.5) using overlapping data between the observation and the CMIP5 historical data. This process aims to define the framework for how to use the output equations and algorithm to correct data forecasting by RCM. Generally, the model can be summarized into three levels of analysis, starting with an iterative downscaling using a trendline model that is obtained by Poly_R fitting. Then, the CRT is used to classify and predict the data in subsets. Finally, multiple regression is given by a PCR model using principal components and standardized variables. The final model is also used to downscale the predicted data obtained by both previous models. The results provide the best performance of the fusion model in all RCP cases, compared to the delta change correction and linear scale models. This performance is proved by R2 scores which range between 0.87 and 0.95.
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1. Introduction


Evaluating hydroclimatic indices under future climate change conditions is crucial for informing decision-makers about future water availability. This information must also be considered in future plans for civil construction and development [1,2]. Future studies on rainfall variability often use data from global climate models (GCMs), which explore the causes of climate change and the relationship between natural climate variability and human activities. GCMs are widely used in climate research to study global and regional climate patterns, assess the potential impacts of climate change, and evaluate the effectiveness of different mitigation and adaptation strategies. Unfortunately, GCMs have a very low spatial resolution, which can lead to limitations in accurately representing local climate characteristics [3]. In order to address these limitations, researchers often use certain techniques such as downscaling, which involves refining the GCM outputs to a finer scale to better represent local conditions.



Downscaling can be performed using statistical methods or by using regional climate models (RCM) that possess a higher spatial resolution. Generally, the RCM model uses incorporating topography, land–sea contrast, surface heterogeneities, and certain information about physical processes using a spatial resolution from 20 to 50 km [4]. The statistical downscaling (SD) method is based on historical observed data to create an empirical relationship between the GCM and observed data [5,6]. The most commonly used SD methods are regression-based [7,8,9] and correction-based equations [10].



Artificial neural networks (ANNs) offer another regression-based method, which is able to capture non-linear relationships, and these networks tend to perform better than the multiple linear regression method in certain cases [11]. ANNs also yield physically interpretable linkages to surface climate. However, ANN models require large time series data and are incapable of predicting values outside of the historical dataset [4].



This work aims to propose a new model to downscale the annual rainfall data projected by the coupled model intercomparison phase five (CMIP5) using representative concentration pathway (RCP) scenarios, such as RCP 2.6, RCP 4.5, RCP 6.0, and RCP 8.0 [12]. The idea is to fuse two different results obtained by polynomial and tree-regression (Poly_R and CRT, respectively) methods using principal components regression (PCR). In general, the new model follows three steps of processing using overlapping data series of observed and simulated historical data. The Trentino-Alto Adige region (in northern Italy) has been selected in our study due to the significant temporal variability of annual rainfall observed there during the 17 years under study, as well as for the high diversity of elevation which characterizes this region.



In the experimental part, the new method shows in detail its efficiency in correcting the large errors between CMIP5 and real data, followed by a comparative study to explain its performance compared to other models mostly used in the state of art. This technique provides an improvement when applying consecutive processing on a downscaled output using different classifications by CRT and PCR models.




2. Related Work


In the literature, several statistical methods are based on regression techniques using linear and machine-learning models to correct future RCM multiscale data. Generally, these models use historical observed and RCM data to define a new factor or equation for climate downscaling in each specific region. Examples of these methods are those implemented by the soil and water assessment tool (SWAT) [13], which are the linear scaling (LS) model and delta change correction (DCC) model.



2.1. Linear Scaling Model


The LS model is one of the statistical methods applied to downscale the rainfall and temperature projection data obtained by RCM, based on the change factors α and β, respectively [14]. Both factors are obtained by dividing the overlapping data of real observation on the data projection, as is shown by Equations (1) and (2), respectively. Using these factors allows to correct the future RCM rainfall and temperature data.


     P   D , F   = α ×   P   R C M , F     ,   where   α =     P   O b s , H i s t       P   R C M , H i s t       



(1)






     T   D , F   = β ×   T   R C M , F     ,   where   β =     T   O b s , H i s t       T   R C M , H i s t       



(2)




where     P   D , F     and     T   D , F     are the future rainfall and temperature downscaled data, respectively;     P   R C M , F     and     T   R C M , F     are the future rainfall and temperature data projection by RCM, respectively;     P   O b s , H i s t     and     T   O b s , H i s t     are the historical rainfall and temperature real data, respectively; and     P   R C M , H i s t     and     T   R C M , H i s t     are the historical rainfall and temperature data projection, respectively.




2.2. Delta Change Correction Model


This method uses the extreme rainfall or temperature values (PE or TE, respectively) obtained during T years by the generalized extreme value distribution model (GEV). The extreme values are used to determine the correction factor to downscale RCM future data using the following functions [15]:


     P   D , F   = γ ×   P   R C M , F     ,   where   γ =     P   O b s , H i s t   E       P   R C M , H i s t   E       ,     P   E   = G E V   (   P   H i s t   )   



(3)






     T   D , F   = δ ×   T   R C M , F     ,   where   δ =     T   O b s , H i s t   E       T   R C M , H i s t   E       ,     T   E   = G E V   (   T   H i s t   )   



(4)




where     P   D , F     and     T   D , F     are the future rainfall and temperature downscaled data, respectively;     P   R C M , F     and     T   R C M , F     are the future rainfall and temperature data projection by RCM, respectively;     P   O b s , H i s t   E     and     T   O b s , H i s t   E     are the extreme rainfall and temperature real data, respectively; and     P   R C M , H i s t   E     and     T   R C M , H i s t   E     are the extreme rainfall and temperature data projection, respectively.





3. Material and Methods


In this part, the used methods, the study area, and the newly proposed data-driven downscaling model are detailed. This is used to adjust the CMIP5 annual rainfall projections given by RCM, under different scenarios, as detailed in the following sub-sections.



3.1. Used Method


3.1.1. Polynomial regression


Polynomial regression (Ploy_R) is a case of a multiple non-linear regression model with only one independent variable (X). In this function, we regress the variable X on powers (  i  ) [16], as follows:


   Y =   β   0   +   ∑  i = 1   n      β   i     ×   X   i     ,   where   i = 1 , 2 … , n   



(5)








3.1.2. Classification Regression Tree


The tree-driven regression algorithm is one of the family of machine-learning models. In this regard, four models were developed using the tree technique, including a classification and regression tree (CRT), random forest (RF), gradient-boosting decision tree (GBDT), and extreme gradient boosting (XGB) [17]. CRT and RF belong to supervised learning. In time series analysis, both models provide a stable performance for data downscaling under different scales [18].




3.1.3. Principal Component Regression


Generally, this model performs better than a simple regression. It is based on data classification and regression of each subset using principal components (    Y   i    ). This method regresses the independent variable (    X   i    ) using a standardized variable (    X   i   ′    ) and principal component (    C   i    ) [19], as follows:


    X   i   ′   =       X   i   −     X  ¯    i         S   i      



(6)






     C   i   =   ∑  i = 1   p      α   i j   ×   X   j   ′       ,   where   j = 1 , 2 , … , P   



(7)






    Y   i   =   ∑  j = 1   p      β   j   ×   C   j       where   j = 1 , 2 , … , P  



(8)









3.2. Metrics of Performance


A set of statistical parameters has been applied in the experimental part of this paper to control the quality of performance provided by each sub-model used in this proposal. These metrics are the coefficient of determination (R2), adjusted coefficient of determination (R2Adj), root mean square error (RMSE), and residual analysis [20,21,22]. These were applied to compare the predicted values with the observed values.





4. Study Area and Data


Trentino-Alto Adige is located in the northern part of Italy. It has an approximate total surface area of 13,612 km2 and a demography of 523,000 people. Alto Adige is located between a latitude of 45.67° N and 47.10° N, and a longitude of 10.37° E and 12.48° E. The region is well known for its diverse geography, which includes the towering Dolomite Mountains and rolling hills dotted with vineyards and apple orchards. The climate in Alto Adige is continental, with warm summers and cold winters. The average maximum temperature in the summer months, especially during July and August, is around 25 °C, while the average minimum temperature in the winter months is around −5 °C. The region experiences an average amount of annual rainfall of around 895 mm. This region is characterized by diverse elevations ranging from 200 m to 4565 m, which are distributed relatively from the central to the northern part of the region, between an urban and a mountainous area, respectively [23]. The maximum altitude in the Trentino-Alto Adige region is more observed in the western part between 2295 m and 4565 m (Figure 1). In this work, the annual rainfall historical data of the Trentino-Alto Adige region observed by the monitoring station between 2005 and 2022 are presented as the response variable for the proposed model. On the other side, the CMIP5 data projection for the same region is obtained by the RCM according to a multi-model ensemble under different RCPs scenarios, which are 2.6, 4.5, 6.0, and 8.5. The CMIP5 data are supported by the IPCC’s fifth assessment report, which is available on the climate knowledge portal website of the World Bank Group: https://climateknowledgeportal.worldbank.org/country/italy/cmip5 (accessed on 20 January 2023).



Figure 2 shows quantitative and qualitative statistical tools to describe the data variability and distribution of each dataset used in the experimental part of this paper. This part gives information about a comparative analysis between the CMIP5 data series under each scenario and the observed data, using the histogram of density, the curve of the values compared to the mean, and the quantile values (first quantile, median, and third quantile). According to real observations that were obtained by the Trentino-Alto Adige meteorological station, the region underwent a humid period between 2005 and 2015, where the annual rainfall exceeded an average of 958.20 mm. In 2009 and 2010, the rainfall accumulation reached the maximum value during this period. However, between 2016 and 2022, a drought phase was observed in the region, while the minimum extreme value is 920 mm. This was observed during 2019 and 2022 (Figure 2(B1)). Generally, the rainfall pattern in the Trentino-Alto Adige region is non-stationary, demonstrated in Figure 2(C1) by a median value above the average with a variability equal to 0.031. All cases where rainfall data were projected by the RCM under RCP scenarios exhibit a high diversity in rainfall variability and distribution (Table S1). According to Scenario 2.6, the rainfall data follow the Weibull distribution during the whole period (Figure 2(B2)), followed by a periodic variability between wet and dry; during the periods of 2005–2008 and 2013–2019, the region exhibited two phases of humidity, demonstrated by a maximum rainfall value equal to 970 mm which was observed in 2016.



In addition, during the time range of 2009–2012 and 2020–2022, a drought was observed in this region (Figure 2(B2)), which reached a minimum value of 920 mm (Figure 2(C2)). The data projected by the RCP 2.6 scenario provide a large gap when compared with the actual observation. Contrariwise, the RCP 4.5 rainfall data have a symmetric variability compared to the real observation, in which the series started with a dryness phase between 2005 and 2017. Then, a period of humidity was observed between 2018 and 2022, in which the rainfall showed a maximum value of 980 mm in 2021. During this period, the projected data follow a GEV distribution (Figure 2(C1)). Moreover, the data obtained under RCP 6.0 have the same distribution as the previous projection. The average value of this series is close to the mean actual data. Generally, this series is the best which provides a near variability to actual data (Table S1). The only difference is the temporal data distribution where the data have a symmetric distribution compared to actual observation (Figure 2(B1–B5)). The data obtained by the RCP 8.5 scenario also exhibit similarity with downscaled data under the 4.5 scenario, where the variability of both series is very close, demonstrated by a CV equal to 0.16 and 0.15, respectively.




5. Experimental Part


In this section, the model proposed to downscale CMIP5 rainfall data projection, obtained under different RCP scenarios, is represented in Figure 3. A flowchart summarizes in detail the three fundamental analyses step by step. The model process is a form of framework used to increase the quality of the input data. The observed data histories measured by the meteorological station are used firstly as the response variable of the downscaling model and secondly to control the performance of the outcome, while the overlapping data simulated by the RCM are selected in the first and second steps as the independent variable (Xi) of each sub-model.



The proposed model starts the procedure of data correction by using a non-linear adjustment between the real and simulated data for each RCP scenario to define the trend equation that will be applied for CMIP5 data downscaling (Table S2). The polynomial method produces a good response to rainfall data distribution. However, the model parameters vary from one scenario to another. For this reason, we have defined an iterative process by this method using the second degree of power. In the first iteration, the sub-model uses the projection data of each scenario as univariate. Then, a validation test will be applied to the predicted data using the R2 to verify how the data fit with the real observation. The procedure iteratively uses the outcome results as input for the next step (Table S2). The downscale analysis stops when the R2 of iteration (j) shows a value lower than the one obtained in iteration (j-1).



According to Figure 4, the application of the second degree of the polynomial model in two iterations gives a good fit, provided by an R2 ranging between 0.52 and 0.61. On the other side, during the first iteration of applying Poly_R, the results show a good fit of 0.69 (Figure 4(A3)).



According to the graphs shown in Figure 4(B1–B4), a significant improvement is observed by the predicted data when compared with the CMIP5 data projected by the four scenarios. In the second step, the proposed model uses a multivariate classification via the application of CRT to the data predicted by the Poly_R model and projected by the RCP scenario as an independent variable of the CRT model. This classification helps to provide satisfactory results of data downscaling compared to the previous model. According to Figure 5(A1–A4), a good fit is observed between the actual data and the predicted series by the CRT model, which is demonstrated by an R2 equal between 0.6194 and 0.8019.



In all scenarios, an improvement of the downscaled model was observed when comparing results to the first step of data correction. The application of the RCP model to downscale CMIP5 data by using the results obtained by both correction models (Poly_R and CRT) shows very good results. The PCR classifies the outcome data obtained by the previous models into clusters to estimate the standardized variable. This step helps to provide a very good estimation, which is proved by an R2 ranging between 0.894 and 0.9466. The regression plots and the residual analysis show that the PCR model exhibits the best performance and provides a good response in all RCP scenarios, where the adjustment values fall within the confidence interval better than the CRT outcome. As a result, the fusion model produces a set of equations that will be used to downscale the CMIP5 rainfall data forecasting in the application phase.




6. Validation and Performance


The performance and the validity of the proposed model are provided in this section by comparing the outcome results for each RCP scenario with predicted data obtained by LS and DCC downscaling models. Both models were applied using the SWAT software.



We used statistics metrics including R2, R2Adj, and RMSE to control the performance and the error tendency given by each model. A graphical representation for the whole predicted rainfall series is also given to monitor and compare in detail the downscaled values with the real one during the time period. In this part, the performance analysis applied to the CMIP5 data assessment under all RCP scenarios (2.6, 4.5, 6.0, and 8.5) is well explained in Figure 6.



The results show a very good performance of the proposed model with all projected rainfall data series, given by an R2Adj between 0.87 and 0.94. The model provides very low errors of RMSE, which vary between 5 mm to 10 mm. On the other hand, the LS model performs better than the DCC model when using data series obtained under the RCP 2.6 and 8.5 scenarios. However, with the data provided by the RCP 4.5 and 6.0 scenarios, the LS model produces fewer errors than the DCC downscaling model in each case of data processing. The histogram of the downscaled rainfall projection versus actual observation shows that the new model provides the best estimation between 2005 and 2022. When using rainfall data simulated under the 2.6 and 4.5 scenarios, the models gave only one underestimated value each which were observed in 2016 and 2014, respectively. On the other hand, the proposed model showed 2/14 underestimations of data when processing the data series obtained under the RCP 6.0 and RCP 8.5 scenarios. This bias estimation was observed in 2005 and 2018, respectively.




7. Conclusions and Summary


Climate change significantly impacts future biodiversity and the ecosystem. Good knowledge of several natural phenomena is based mainly on the good quality of the climate data projected by GCM and RCM. This work aims to propose a new method to downscale the CMIP5 rainfall data, under different RCP scenarios.



The new proposition is a fusion of three sub-models of the machine-learning family, which were applied to annual rainfall data observed in the Trentino-Alto Adige region between 2005 and 2022.



The first step was to iteratively apply a Poly_R model of a second-degree power on the rainfall simulated data by each scenario. A performance of 0.69 was observed after the first iteration of adjusting projected data by the Poly_R model. Then, improvements of RCP 2.6, 4.5, and 8.5 data downscaling by the Poly_R model were remarked in the second iteration, where the R2 equaled between 0.52 and 0.62. The CRT model which was applied to the outcome data obtained by the previous model showed a good adjustment between 0.60 and 0.80. This performance was more noticeable when using rainfall data under RCP 4.5 and 8.5. Moreover, the application of the PCR model to downscaling data provided by both previous sub-models gave the best performance, which was proven by an R2 between 0.86 and 0.94. The quality of the performance was also approved and compared against the LS and DCC models, where the proposed model proved the most efficient assessment in all RCP scenarios.



The good performance of this method using different scenarios shows its capacity for multiscale application. The method does not depend on the region of study because no physical parameters were used as input variables. This technique can also be employed to correct the estimation biases of several models in the hydro climatological field.
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Figure 1. Map of the Trentino-Alto Adige region showing the spatial elevations and its regional location in Italy. 






Figure 1. Map of the Trentino-Alto Adige region showing the spatial elevations and its regional location in Italy.



[image: Engproc 39 00055 g001]







[image: Engproc 39 00055 g002 550] 





Figure 2. Statistical description of observed and projected annual rainfall data in the Trentino-Alto Adige region using RCP scenarios, given by density curve (A), histograms of values from the mean (B), and boxplots (C). CV: coefficient of variation. 
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Figure 3. Flowchart summarizes the fusion model steps proposed for CMIP5 annual rainfall downscaling. R2: coefficient of determination; j: number of iterations. PD1, PD2, and PF are the downscaled data by each sub-model. Poly_R: polynomial regression; PCA: principal component analysis; PCR: principal component regression; CRT: classification and regression tree. 
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Figure 4. Non-linear regression scutter graphs (A,B) followed by residual histograms (C) to compare actual and RCP rainfall downscaling obtained by the Poly_R function. R2: coefficient of determination; RMSE: root mean square error. 
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Figure 5. Regression scutter graph (A,B) and histogram of the residuals (C) between the actual and downscaled rainfall obtained by the CRT and PCR models. R2: coefficient of determination. 
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Figure 6. Histograms of actual and downscaled annual rainfall data obtained by the proposed downscaling fusion model (DFM) compared with LS and DCC downscaled models of SWAT, followed by statistical performance. R2: coefficient of determination; R2Adj: adjusted coefficient of determination; RMSE: root mean square error. 
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