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Abstract: The Turkish Water Foundation (TWF) statistical climate downscaling model is further developed and implemented to 
a set of monthly temperature observations. The TWF model is structured by two phases as spatial and temporal 
downscaling of Global Circulation Model (GCM) scenarios. The TWF model takes into consideration the regional 
dependence function (RDF) for spatial structure and Markov Whitening Process (MWP) for temporal features of the 
records. The impact of climate change on monthly temperatures is employed by downscaling Intergovernmental Panel 
on Climate Change – Special Report on Emission Scenarios (IPCC-SRES) A2 and B2 emission scenarios from Max 
Plank Institute (EH40PYC) and Hadley Centre (HadCM3). The main purposes are to explain the TWF statistical 
climate downscaling model procedures and to expose the validation tests, which are rewarded in same specifications 
as “very good” for all stations in the Akarcay catchment that is in the west central part of Turkey. It is, therefore, 
possible to say that the TWF model has reasonably acceptable skill for highly accurate estimation regarding standard 
deviation ratio (SDR), Nash–Sutcliffe efficiency (NSE) and percent bias (PBIAS) criteria. Regarding validated model, 
temperature predictions are generated from 2011 to 2100 by using 30-year reference observation period (1981-2010). 
Temperature arithmetic mean and standard deviation have less than 5% error for EH40PYC and HadCM3 SRES (A2 
and B2) scenarios. 
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1. INTRODUCTION  

Climate change impacts on different regions warn people about future climate features especially 
climate change projections under different scenario perspectives. Increases in extreme events like 
flood, drought, and heat waves triggered great interest on climate change in the past few decades 
(Laflamme et al., 2015). Recent surveys indicate that mean temperature temporal trend has been 
increasing over the Mediterranean and Middle-east and all over the world as well. Temperature 
distribution varies depending on regional features of country both spatially and temporally. Also, 
similar spatial and temporal variability has been observed in Turkey (Piras et al., 2016). The climate 
of Turkey is vulnerable to impacts of warm Mediterranean air born movements in summer and cold 
climate periods due to Balkan’s air movements in winter. Hence, assessment of climate change 
impacts is very important for agriculture, economy, society, water resources, hydropower 
generation, and human activities (Huang et al., 2017). 

Global climate change assessment is reported periodically in each five-year by IPCC 
(Intergovernmental Panel on Climate Change). The TAR (Third Assessment Report) is released by 
the IPCC with a different set of SRES (Special Report on Emissions Scenarios) in 2000. The SRES 
research group classified scenarios into four narrative storylines as A1, A2, B1, and B2, for the 
evaluation of global effects due to greenhouses gasses and aerosol emissions during the 21st 
century. The technological, social, demographic and environmental developments are described for 
each storyline by Nakicenovic et al. (2000). 

The AR4 (Fourth Assessment Report) offers several GCMs (General Circulation Models), which 
can be employed under the control of the different climate research centres to produce simulated 
climate data based on different scenarios. The AR5 (Fifth Assessment Report) includes future 
climate change impacts of final CMIP5 (Coupled Model Inter-comparison Project, Phase 5). 
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Although, the AR5 is one of the developed scenarios, including human activities, i.e. RCP4.5 and 
RCP8.5 (Representative Concentration Pathways), there are no significant differences between the 
SRES and the AR5 scenarios. Therefore, both SRES and AR5 scenarios can be used for different 
analyses of future climate change projections (Torres and Marengo, 2013).  

The downscaling process can be defined as a reduction in large-scale (coarse) model scenario 
data to a finer resolution. This process involves empirical relationship derivations between GCM 
(predictors) to regional scale variables (predictands). Dynamical and statistical downscaling 
procedures are frequently employed in scientific researches (Kerr et al., 2016). On the other hand, 
dynamical and statistical mixture downscaling procedures are also available in the literature. 
Dynamical or statistical downscaling procedure transforms coarse specification of the GCM 
variables to regional scale variables such as temperature (Muchuru et al., 2015). Several dynamical 
and statistical downscaling models have been developed in literature to adjust from sparse GCM 
output data scales to regional scales (Rashid et al., 2016). Similar to Mehrotra and Sharma (2005) 
study, diverse range of statistical models has been employed by many researchers (Yuan et al., 
2017). The coarse-scale climate and regional scale time-lagged parameters, as precipitation and 
temperature, are common focus points of statistical downscaling, which is simulated by climatic 
and regional scale functions (Vu et al., 2016). 

There are two main purposes in this paper; (1) to investigate the impact of climate change on 
temperature by assessing variations from observations to possible future projections using the four 
SRES emissions model outputs; (2) to underline the value of TWF (Turkish Water Foundation) 
statistical downscaling model.  

2. STUDY AREA AND DATA 

Akarcay is a closed basin located in the central western part of Turkey at the intersection of the 
Aegean, Central Anatolian, and Mediterranean regions between the geographical coordinates 
30° 02΄ - 31° 51΄ E longitudes and 38° 04΄ - 39° 09΄ N latitudes as seen in Figure 1. It consists of 
two sub-basins as the Upper-Akarcay, where Akarcay River spills to Eber Lake and another one, 
Lower-Akarcay within the Aksehir Lake basin.  

 

Figure 1. GCMs data grid points over Turkey and Akarcay basin location on Turkey mainland with physical features. 

Six observation stations (Afyon, Suhut, Bolvadin, Cay, Sultandagi, and Aksehir) are chosen for 
downscaling studies. The 30-year records from 1981 to 2010 are considered as the reference period. 
The monthly mean temperature data are obtained from Hadley Centre for Climate Prediction 
(England) and the Max Planck Institute for Meteorology (MPI-M) (Germany) models for A2 and 
B2 SRES scenarios between 1981 to 2100. 
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3. METHODOLOGY 

3.1 TWF statistical downscaling model 

The TWF (Turkish Water Foundation) statistical downscaling model is employed for 
determining climate change impacts over Akarcay basin in Turkey. Initially, RDF (Regional 
Dependence Function) is used to set relationships between each observation gauge and other 
gauges. Hence, it is possible to obtain the relationship between distance and regional correlation 
coefficient like illustrated in Figure 2 (Şen, 2009a).  

 

Figure 2. Theoretical RDF and distance relationship graph. 

The general expression of the RDF, Re, is given as follows (Şen, 2009b): 
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where iw is weight coefficient and iR is the rainfall variable. 

3.1.1 Point cumulative semi-variogram model (PCSV)  

The basis of the RDF consists the cumulative semi-variogram (CSV) and point cumulative semi-
variogram (PCSV) methods, which help to obtain spatially finer resolutions (Şen, 2009a; Şen and 
Öztopal, 2001; Öztopal, 2006). The least squares regression method is used to obtain the best curve 
fitting between the RDF data scatter and the most convenient mathematical model. According to the 
relationship in Figure 2, the mathematical function of Z, for the RDF appears in the form of an 
exponential expression as follows: 

bdaeZ −=         (2) 

where a and b are the model parameters and d is the distance.  
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3.1.2 Markov whitening process (MWP) 

The MWP is preferred due to its simplicity, fast calculation, and preserving correlation 
coefficient flexibly rather than any other stochastic processes. The MWP is constituted by the white 
noise (independent) process and first-order Markov process. The best suitable temporal 
autocorrelation coefficient can be determined randomly by independent process combination. The 
MWP combination, tZ the value is calculated by using the following equation: 

ttt XZ βη+=  (3) 

where tX is a first-order Markov process value; tη is the independent (whitening) process value, 
and finally, β is a parameter that shows contribution of the independent process rate on the overall 
MWP. The left-hand side of this equation shows the adjusted scenario data and right side; tX  is for 
the raw scenario data which are transferred to the record points as a result of downscaling by RDFs. 
The term tβη , consists adjustments that can be applied to the downscaled scenario data at the same 
location of the recorded time series.  

4. IMPLEMENTATION AND RESULT 

The Akarcay catchment with six stations is selected for the application of the statistical 
downscaling model and future projection generations. The TWF downscaling model provides the 
variety of future projections both in local point and regional scales. The downscaled scenario raw 
data and observations are described by Gamma cumulative distribution function (CDF) as presented 
in Figure 3 for EH40PYC (A2-B2) scenarios at Afyon station. 

 

Figure 3. Theoretical and calculated Gamma CDF for EH40PYC scenarios and observations. 

The most important characteristic of TWF model is protecting correlation similarity between 
observations and predictions. The MWP is applied after achieving RDF and point cumulative semi-
variogram models on downscaled raw data to preserve correlation similarity and provide coherence 
between observations and downscaled data. Figure 4 shows explicitly the visual relationship 
between observation and projections clearly for Afyon station. The dashed red lines refer to the 
harmony after the PCSV calculations. The basic idea about the MWP that is the addition of the 
random compounds on the raw scenario series so as to get more consisted the scenario data. Critical 
question at this step is how can the best random variable be selected? The logical and simple answer 
is that the random compounds with various standard deviations should be examined until the sum of 
error square differences yields to minimum value. Then, the best correlated random compound can 
be added to scenario data.  

Figure 4 indicates lags (2 to 24) versus correlation coefficient for all scenarios to illustrate the 
cyclical manner of scenario data. In general, relationship shape is expected to be harmonic because 
of the monthly periodicity.  
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Figure 4. Correlation coefficient relationship among the observation, the raw scenario on point and new adjusted 
scenario illustrations. 

It is obviously seen in Figure 4, if the downscaled raw scenario data cannot be adjusted by 
MWP, the harmony will disappear between recorded time series and projection data. Hence, the 
adjusted scenario data coherence is obtained by means of MWP calculations. The correlation 
coefficient relationship between observation and raw scenario on coordinate and new adjusted 
scenario can be easily distinguishable. The consistency between new adjusted scenario which is 
obtained from MWP and observation proves the reliability and vitality of MWP. 

Another important step in the TWF downscaling model is the similarity confirmation of monthly 
mean temperature between observations and predictions. After the correlation coefficient 
adjustment achieved, mean monthly temperature temporal variation consistency processes are 
employed. Though, significant coherence has already been observed between scenarios on 
coordinate and observations prior to MWP, new adjusted time series exposes better fit as presented 
in Figure 5 for Afyon station.  

Two essential parameters (correlation coefficient and monthly mean temperature) and standard 
deviation coherence preservation between observations and predictions, makes the TWF model 
better steady. Furthermore, the TWF procedure allows random fluctuations of temperature 
estimation while preserving these three parameters. 

 

Figure 5. Monthly mean temperature relationship among the observation, the raw scenario on the coordinate and new 
adjusted scenario. 

The monthly mean temperature projection at each station is presented in Figure 6. The highest 
temperature values around 25 °C are expected at Sultandagi station while the lowest one is 
estimated around 25 °C at Afyon station in the summer (significantly in August) season. In other 
seasons, model results indicate no significant differences between station temperature averages.  

Stochastic characters of temperature, make long-time predictions rather hard in monthly scale. 
This means that monthly temperature estimation accuracy is expected to be low if it is compared on 
the annual scale. However, drought risk especially agricultural (3-6 months) drought should be 
assessed by monthly mean predictions due to the significant differences in each month. To obtain 
more reliable results, annual time series of predicted scenario data are presented in Figure 7. One of 
the most important features in this graph is that obvious decreasing trend can be seen for each 
projection. As seen in Figure 7, predicted temperature differences between 2010 and 2100 are 
0.36 °C and 0.34 °C for HadCM3-A2 and HadCM3-B2, respectively. The extreme annual hottest 
(coldest) years are predicted around 2090s - 12.40 °C (2040s - 11.10 °C) for EH40PYC-A2 scenario 
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and around 2045s - 12.45 °C (2025s - 11.15 °C), for the EH40PYC-B2 scenario. Similarly, the 
extreme annual hottest (coldest) years are estimated around 2050s - 12.50 °C (2035s - 11.10 °C) for 
HadCM3-A2 scenario and around 2035s - 12.40 °C (2080s - 11.00 °C), for the HadCM3-B2 
scenarios. 

 

Figure 6. Monthly Mean temperature predictions between 2011 to 2100. 

 

Figure 7. Annual mean temperature predictions between 2011 to 2100. 

4.1 Validation of TWF Model 

The validation of the model is one of the essential step for climate and hydrology researches. The 
Nash–Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970), Percent Bias (PBIAS) between the 
observations and downscaled scenarios, and standard deviation ratio (SDR) are selected to evaluate 
the TWF model validation. For validation assessment, monthly mean observation and prediction 
data (i=1, 2, …, 12) are selected by considering the basis of the TWF model. 
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Table 1. Classification of validation test scores (Moriasi et al., 2007). 

Performance Rating SDR NSE PBIAS (%) 
Very good 0.00 ≤ SDR ≤ 0.50 0.75 < NSE ≤ 1.00 ± 1.00 ≤ PBIAS ≤ ± 10 
Good 0.50 < SDR ≤ 0.60 0.65 < NSE ≤ 0.75    ± 10 ≤ PBIAS < ± 15 
Satisfactory 0.60 < SDR ≤ 0.70 0.50 ≤ NSE ≤ 0.65    ± 15 ≤ PBIAS < ± 25 
Unsatisfactory SDR > 0.70 NSE< 0.50 PBIAS ≥ ± 25 

 
Validation test results are listed in Table 2 with observation and scenarios means and standard 

deviations. As expected all test scores rewarded as “very good” based on Table 1. Consequently, the 
TWF model is validated perfectly if the three well-known test results are taken into consideration. 

 
Table 2. Classification of validation test scores.  

 Observation  A2 B2 
Stations µ  σ  GCM  

 NSE SDR PBIAS (%)  

 NSE SDR PBIAS (%) 

Afyon 11,40 8,14 EH40PYC 11,29 8,02 1,00 0,04 0,93 11,05 8,50 1,00 0,07 3,02 
HadCM3 11,18 8,11 1,00 0,04 1,88 11,23 8,15 1,00 0,04 1,50 

Aksehir 12,09 8,15 EH40PYC 11,84 8,31 1,00 0,06 2,03 11,95 8,21 1,00 0,04 1,12 
HadCM3 11,91 8,37 1,00 0,05 1,47 11,91 8,36 1,00 0,05 1,46 

Bolvadin 11,21 8,25 EH40PYC 11,01 8,21 1,00 0,04 1,80 11,06 8,31 1,00 0,04 1,32 
HadCM3 10,94 8,38 1,00 0,05 2,42 10,99 8,34 1,00 0,05 1,94 

Cay 11,72 8,14 EH40PYC 11,63 8,03 1,00 0,05 0,73 11,59 8,02 1,00 0,04 1,13 
HadCM3 11,59 8,20 1,00 0,04 1,11 11,53 8,14 1,00 0,04 1,64 

Sultandagi 12,06 8,20 EH40PYC 11,95 8,31 1,00 0,03 0,92 11,93 8,13 1,00 0,04 1,11 
HadCM3 12,05 7,94 1,00 0,05 0,14 11,96 8,12 1,00 0,04 0,86 

Suhut 11,35 7,91 
EH40PYC 11,20 8,00 1,00 0,03 1,31 11,25 7,98 1,00 0,04 0,89 
HadCM3 11,26 7,91 1,00 0,03 0,83 11,29 7,91 1,00 0,02 0,56 

Average 11,64 8,13  11,49 8,15 1,00 0,04 1,30 11,48 8,18 1,00 0,04 1,38 

5. DISCUSSION AND CONCLUSION 

In this study, the regional dependence function (RDF)-based statistical downscaling procedure is 
applied for downscaling monthly temperatures from GCM SRES scenarios. The theoretical basis of 
the TWF model depends on two distinctive parts, which are combined in a harmonic behavior for 
adjusting the predictions with local ground observations. The first part considers the spatial 
behavior of the hydro-meteorological variables through the innovative RDF, which provides 
predictions on the gauge coordinate basis from GCM coarse produced grid point data to finer 
resolutions. Another ingredient of the TWF model is for temporal adjustment through the Markov 
whitening process (MWP), which is necessary for adjusting the serial structure temporal coherence 
of scenario data to the observations. Due to the stochastic behavior of temperature, it is hard to 
predict in daily scales. The optimal scale to estimate future rainfall should be monthly, and 
therefore, the TWF model is based on monthly temperature projections. 

The TWF downscaling model is applied to obtain monthly temperature projections until 2100 in 
the Akarcay catchment by using reference period between 1981 and 2010. The future projections’ 
mean temperature and standard deviation under the light of EH40PYC and (HadCM3) A2 (B2) 
SRES scenarios are obtained as 11.49 ºC (11.48 ºC) and 8.15 ºC (8.18 ºC) in Akarcay basin, 
respectively. The preservation of effective spatial dependence together with the temporal character 
of observations has the major importance in the TWF model. Consequently, the TWF model 
performs highly accurate results regarding SDR, NSE, and PBIAS validation tests. The validation 
of the TWF model results is rewarded as “very good” in all stations.  
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