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Abstract 

Planning and design in water resources management and hydraulic engineering is 
based on climate data in the river catchments of interest. Global climate models (GCM) 
were originally used to construct climate scenarios for assessing the climate change 
impact. The improvements in data downscaling are nowadays bringing GCMs close to 
more precise Regional climate models (RCMs), that could be used in planning and design. 
Numerous techniques of bias correction for data models have been developed, and four of 
them are discussed and applied in this paper: quantile mapping with linear transformation 
function (LTF), delta mapping (DM), mapping using normal (ND) and gamma distribution 
(GD). Bias correction is performed on the GCM EC-Earth for mean daily temperatures and 
monthly precipitation sums. Four data gauge periods are used, two per each climate 
variable, one for data calibration and one for validation. Periods considered for temperature 
are 1950-2000 and 2001-2010, and for precipitation, 1979-2000 and 2001-2009. The study 
focuses on two river catchments of the hydrological stations (HS) in the Južna Morava river 
basin: HS Visoka/ Kosanica and HS Sijarinska Banja/Jablanica. To assess the suitability 
of the applied techniques, three error measures were used: MAE, MSE and RMSE. The 
analysis of the bias correction of precipitation data shows that the best results are provided 
by LTF, slightly worse by GD, and poor results are obtained by applying DM. In the analysis 
of temperatures, LTF also gave the best results, good results are provided by DM, while 
ND does not have a good agreement with the gauged data 

Key words: GCM EC-Earth, bias correction, quantile mapping, daily air temperature, 
monthly precipitation 

                                                      
1 Doctoral Academic Studies student, M.Sc. Civ. Eng., Faculty of Civil Engineering and Architecture, University 
of Niš, nikolavdjokic995@gmail.com 
2 Assist. Prof. Ph.D., Faculty of Civil Engineering and Architecture, University of Niš, 
borislava.blagojevic@gaf.ni.ac.rs 



INTERNATIONAL CONFERENCE SYNERGY OF ARCHITECTURE & CIVIL ENGINEERING 

S I N A R G  | 281 

 INTRODUCTION 

The hydrological cycle, as the basic process on the planet Earth, is sensitive to 
climate change. Therefore, by disrupting the climate, the hydrological cycle is also 
disrupted, representing a potential threat to humanity. The governments and 
authorities worldwide develop strategies for climate change adaptation in their 
territories that rely upon climate change information. Such information can be 
obtained by using global climate models (GCM) that simulate climate processes with 
a low spatial resolution (150 - 300 km). However, this coarse spatial resolution is not 
suitable to perform analysis at a regional or local level [1]. For this reason, a 
downscaling procedure is performed to derive high spatial resolution of climate 
parameters at the regional/local level, which are the basis for various climate change 
studies. For example, hydrological rainfall-runoff models require climate parameters 
such as temperature and precipitation with a fine spatial and temporal resolution, 
which can be obtained from GCM [2]. Therefore, in addition to the spatial 
downscaling, temporal downscaling is also used in practice, which, for example, 
represents the downscaling of monthly data into daily values. 

GCM and regional climate models (RCM) simulations have systematic errors 
called bias, which need to be corrected. It is necessary to remove the bias from the 
models output for projecting the future hydrologic and climatic scenarios correctly 
[3]. In scientific practice, the term bias correction (BC) is used ambiguously. In some 
cases, BC is mentioned as a method intended for the correction of raw model data, 
while in others it is classified as a group of statistical methods of downscaling. It can 
be said that both understandings are correct, however, the problem is that BC will 
not allow a 'finer' structure of the change of some quantity in the future, which is 
potentially conditioned by local characteristics, or even if obtained, it will be 
insignificant. For this reason, it can be said that BC is a pseudo version of statistical 
downscaling [4]. 

In general, there are two techniques of downscaling, dynamic (DD) and statistical 
(SD), although some sources [1, 5] mention a third group that includes a combination 
of dynamic and statistical techniques (combined method). 

The SD relies on the statistical relationship between the large-scale climate 
derived from GCM and the local-scale climate obtained from observations, assuming 
that such a relationship does not change through time. Statistical methods can be 
divided into three groups: 1) Methods based on time schemes, 2) Time generators, 
3) Regression methods. 

Nowadays, there is a large number of SD methods, and in [6] alone, 22 different 
SD techniques were applied. The paper [7] used a combination of all three 
mentioned groups of statistical methods, using Bayesian Model Averaging. The 
results of the work [7] are in favor of the fact that more accurate results are provided 
by the combination of these methods, than the application of each of them 
separately. 

Given that there are many developed BC techniques, it is important to choose the 
appropriate ones for a given assignment. Using SD is much simpler compared to 
DD, which is the reason for their more often application in practice. The application 
of SD is conditioned by the existence of historical (gauge) data, which makes it 
unsuitable for areas that do not have a dense enough observation network. 

DD on the other hand uses the RCM embedded in the GCM to generate fine 
resolution climate information. Using DD is complex, requires the use of high-



SINARG 2023 CONFERENCE, NIŠ, 14-15 SEPTEMBER 2023 

282 | S I N A R G   

performance computers, and is limited to a spatial resolution of 20-50 km [8, 9]. For 
the hydrological study of an area, it is recommended to use an ensemble of several 
RCMs if possible, especially in air temperature analyses, because the data of 
individual RCMs deviate significantly from observed data [10]. 

In this paper, the BC is used for downscaling data from the GCM EC-Earth for 
mean daily temperatures and monthly precipitation sums. Four different BC 
techniques were applied: quantile mapping with linear transformation function (LTF), 
delta mapping (DM), mapping using normal (ND) and gamma distribution (GD).  

SD established a connection between GCM, which has a low resolution with ~ 
200 km cells, taken from the Copernicus platform for climate change [11], with 
observed raster data from the E-OBS database, which has cells of 10 x 10 km, 
downladed from the Digital Atlas platform of Serbia [12]. Downscaling focuses on 
two river catchments of the HS in the Južna Morava river basin: HS Visoka/ Kosanica 
and HS Sijarinska Banja/ Jablanica. 

 METHODOLOGY 

 Spatial data processing 

The first phase of this research is spatial data processing, performed in the 
software Quantum Geographic Information System (QGIS), version 3.16. The two 
catchment borders are taken from previous research [13, 14]. The downloaded 
raster data of mean daily temperatures and monthly precipitation sums from GCM 
EC-Earth and observed from E-OBS, were assigned to the two studied basins. In 
the procedure of overlapping the raster data of these basins, it was concluded that 
one cell of GCM covers both basins (Figure 1), while on the other hand, 9 cells from 
the E-OBS database include HS Visoka, and three cells, HS Sijarinska Banja (Figure 
1).  

 

 
The Value tool in QGIS is used to ‘read’ the data of each individual cell for the 

studied climate variables. The data of the cells that cover the studied basins were 
copied from QGIS and processed in Excel. 

33/26 

GC
M Figure 7. Raster data coverage for the HS Visoka and HS Sijarinska Banja. The red 

square represents the GCM cell, and the yellow represents the 33/26 cell that covers 
a part of the HS Visoka. The first number in the label represents the row of the cell, 

and the second the column of the cell in the E-OBS raster grid.  
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 Bias Correction and Spatial Downscaling 

Statistical downscaling is based on the establishment of the connection between 
low resolution data originating from GCM and observed data with fine resolution. In 
this way, it is possible to establish a connection between GCM - observed data for 
the reference period, whereby the established connection is maintained for the 
period of prediction of future climate data contained by GCM.  

The reference periods for establishing links between GCM and observed data for 
temperature and precipitation in this paper, are as follows: 

 Calibration period  from 1950. to 2000. for temperature; 

 Verification period from 2001. to 2010. for temperature; 

 Calibration period from 1979. to 2000. for precipitation; 

 Verification period from 2001. to 2009. for precipitation. 
When linking GCM data to the observed data, chronological data are providing 

poor results (Figure 2 - left) in contrast to sorting data in the ascending order [13] 
(Figure 2 - right). 

 

 
From Figure 2 – right it can be seen that the greatest uncertainty in establishing 

the link between GCM and observed data occurs in the upper and lower zones, 
respectively, for the occurrence of upper and lower extremes.  BC is the process of 
correcting the output climate model data in order to reduce the effects of systematic 
errors in climate models and to provide a suitable data source for hydrological 
models [15]. Four BC techniques with quantile mapping were used in this paper, 
which are discussed below. 

 Quantile mapping with linear transformation function 

The flexible BC methods adjust the variance of the model distribution to better 
match the observed variance. Quantile mapping (QM) techniques are among the 
most popular BC methods. In general, quantile mapping implements statistical 
transformations for post-processing of climate modeling results. Linear QM 
establishes a linear relationship between the quantiles of the observed and modeled 
values of the considered parameters in the reference period: 

 
 𝑋𝑜,ℎ = 𝑎 + 𝑏 ∗ 𝑋𝑚,ℎ   (1)  

Figure 2. Quantile mapping with raw data (left), and with data sorted in ascending 
order (right) 

observed observed 
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where Xo,h and Xm,h represent values of the observed (o) and modeled (m) 

variables (x) for historical period (h). The coefficients a and b are linear regression 
parameters determined for the historical period. The requested corrected value of 
the model Xc,f at time t from the prediction period is obtained from: 

 
    𝑋𝑐,𝑓 = 𝑎 + 𝑏 ∗ 𝑋𝑚,𝑓    (2) 

 
where Xm,f is the modeled value of the parameter X at time t from the prediction 

period. 

 Delta mapping 

The simplest BC technique is the delta mapping technique, which establishes the 
relationship between observed and modeled data as: 

 

 𝑋𝑜,ℎ = 𝑋𝑚,ℎ ∗ 𝑋𝑜,ℎ
̅̅ ̅̅ ̅/𝑋𝑚,ℎ

̅̅ ̅̅ ̅̅    (3) 

 
where Xo,h and Xm,h represent value of the observed and modeled variables for 

histrorical period, and 𝑋𝑜,ℎ
̅̅ ̅̅ ̅/𝑋𝑚,ℎ

̅̅ ̅̅ ̅̅  is ratio of the mean values of series of observed 

and modeled data for histrorical period. Sometimes, this technique is not considered 
as the one from a group of BC, but only uses the model's response to climate change 
to modify the observations [17]. 

The corrected value of the considered parameter at a certain moment in the future 
is obtained as follows: 

 

 𝑋𝑐,𝑓 = 𝑋𝑚,𝑓 ∗ 𝑋𝑜,ℎ
̅̅ ̅̅ ̅/𝑋𝑚,ℎ

̅̅ ̅̅ ̅̅      (4) 

 
where Xc,f  is the bias-corrected future projection value of model at time t, Xm,f is 

the projected value of the model at time t, and, and 𝑋𝑜,ℎ
̅̅ ̅̅ ̅/𝑋𝑚,ℎ

̅̅ ̅̅ ̅̅  is ratio of the mean 

values of series of observed and modeled data for historical period. Therefore, when 

correcting the model data in the prediction period, the ratio 𝑋𝑜,ℎ
̅̅ ̅̅ ̅/𝑋𝑚,ℎ

̅̅ ̅̅ ̅̅  is used from 

reference period. 

 Mapping using normal distribution 

Quantile mapping using normal distribution was conducted for mean daily 
temperature. First, Normal distribution parameters (mean and variance) are 
estimated separately for the observed Xo,h and modeled Xm,h data during the 
historical period. The bias-corrected future projection at time t is given by: 

 

 𝑋𝑐,𝑓 =  𝐹𝑜,ℎ
−1 [𝐹𝑚,𝑓 (𝑋𝑚,𝑓(𝑡))]    (5) 

 
Therefore, the corrected value of the model at some time t from the prediction 

period is obtained as the inverse function of the normal cumulative distribution for 
the specified mean value and standard deviation from the historical period. 

To correct the bias of the temperature data, it is suitable to use normal distribution 
because of the negative values that this climate parameter can have. 
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 Mapping using gamma distribution 

The two-parameter gamma distribution is recommended for BC of precipitation 
data [18, 19]. This distribution has the following distribution parameters: 

 

𝛼 =
𝑋𝑜,ℎ̅̅ ̅̅ ̅̅ 2

𝜎2 ;   𝛽 =  
𝜎2

𝑋𝑜,ℎ̅̅ ̅̅ ̅̅
    (6) 

 

where  𝑋𝑜,ℎ
̅̅ ̅̅ ̅ is the mean value of the series of data from the historical period, and 

σ2 is the variance of this series. 
In the same way as for the normal distribution, via equation (5), the corrected 

value of monthly precipitation at some point t in time in the future is obtained, using 
the parameters of the gamma distribution in the calculation. The diagram shown in 
Figure 3 illustrates how simulated value, a quantile of the simulated distribution, is 
replaced by the quantile of the observed distribution corresponding to the same 
probability. 

 

 Assessment of the suitability of applied techniques 

After calibrating the data using four different BC techniques, the suitability of each 
technique for fitting the modeled data (from GCM EC-Earth) to the observed values 
(from E-OBS base) throughout the verification period is assessed by the three error 
measures: mean absolute error (MAE), mean square error (MSE) and root mean 
square error (RMSE): 

 

𝑀𝐴𝐸 =  
1

𝑛
∑ |𝑋𝑚,𝑣 − 𝑋𝑜,𝑣

̅̅ ̅̅ ̅|𝑛
𝑖=1    (7) 

 

𝑀𝑆𝐸 =
1

𝑛
∑ (𝑋𝑚,𝑣 − 𝑋𝑜,𝑣

̅̅ ̅̅ ̅)
2𝑛

𝑖=1   (8) 

𝑅𝑀𝑆𝐸 = √∑
(𝑋𝑜,𝑣̅̅ ̅̅ ̅̅ 2

−𝑋𝑚,𝑣)

𝑛
𝑛
𝑖=1     (9) 
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Figure 3. Precipitation bias correction by gamma distribution of modelled and 
observed values corresponding to the same probability. 
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where 𝑋𝑜,𝑣
̅̅ ̅̅ ̅ the mean value of the data series from the verification period, 𝑋𝑚,𝑣 

represents modeled/corrected data values. 

 RESULTS 

The results of the research are presented for each grid cell covering two studied 
basins through RMSE, MAE and MSE in the GCM validation period. The BC GCM 
results obtained by the three techniques are shown in parallel to the uncorrected 
GCM results for temperature (Figure 4) and precipitation (Figure 5). The blue bars 
in Figure 4 and Figure 5 show error measures of the uncorrected GCM outputs, while 
green, red and purple bars show corresponding error measures of bias corrected 
GCM outputs. 
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Figure 4. RMSE, MAE and MSE for uncorrected and bias corrected model outputs for 
temperature data 
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 DISCUSION 

Based on the obtained error measures shown in the Figure 5. and Figure 6., it 
can be seen that by correcting the bias of the raw output data of the model, better 
agreement with the observed values is achieved in all cases. In the temperature 
analysis (Figure 4), the difference between the three used BC techniques was not 
large, i.e. all three techniques were equally successful in the process of adapting the 
data model outputs to the observed values. In the case of precipitation, the DM (red 
bar) slightly corrected the model data, but not enough to be reliably used for future 
precipitation projections. On the other hand, GD and LTF gave very good results, 
where GD was slightly better compared to LTF.  

Luo et al. [20], used 7 BC techniques for the correction of RCM precipitation: 5 
techniques for the correction of average, and one per minimum and maximum daily 
temperatures for the period 1965-2004. The results of the research [20] indicated a 
poor fit of precipitation in wet seasons, and also that original RCM outputs are very 
biased. All used methods, such as Linear Scaling, Distribution mapping, Empirical 
Quantile Mapping and others, give correct results in the correction of RCM bias. 
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Figure 5. RMSE, MAE and MSE for uncorrected/corrected model outputs for monthly 
precipitation data 
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Bigger differences are obtained in the analyzes of precipitation, which is generally 
also shown in this paper [20]. The methods based on probability distribution 
performed best [20], which is the case in this research as well. Beyer et al. [21] found 
an excellent performance of the DM method, which proved to be better than quantile 
mapping techniques. The paper also mentions the accuracy of techniques based on 
probability distributions. This technique performed relatively well in higher latitudes 
and elevations where there is less precipitation, which brings about less uncertainty 
compared to humid and subtropical areas [22] . 

A Q-Q (P-P) plot in Figure 6 shows precipitation values for the historical period 
for cell 33/27, where observed monthly precipitation values are plotted on the x-axis, 
and the uncorrected values from the model on the y-axis, together with the corrected 
model values of the three different BC techniques. The diagonal represents ideally 
fitted data with observed values. The values above the diagonal represent higher 
values compared to the observed ones, and values below the diagonal represent 
lower precipitation values compared to the observed values. By correcting the data 
from the model, they approach the diagonal. DM provides better results only for 
extremely high precipitation compared to LTF and GD, and for precipitation lower 
than 55 mm/month it performs worse even when compared to uncorrected model 
values. The precipitation values obtained by the LTF method are located closest to 
the diagonal (purple circles). However, as already discussed (Figure 2), these 
techniques give poor results when considering extremes. For the lower extremes, 
only the GD technique proved to be solid, while with LTF, departure from the 
diagonal can be seen in the lower part of the diagonal. 

Figure 7 shows a Q-Q (T-T) plot for the daily temperatures in the verification 
period for the cell 33/27. Given that the historical period has a large amount of data 
(18263), and a much smaller range of variation of values compared to precipitation, 
the plots are different. The differences between the corrected values and the 
observed values for extreme cases are not as pronounced as for precipitation, 
moreover, ND gives excellent results. Here, ND proved to be the best of the BC 
techniques used. The model itself, as expected, gives the largest deviation from the 
diagonal, and between LTF and DM, the DM technique better adapts the model 
values to the observed values at temperatures below 10 ̊C, while for higher values, 
LTF is better. Here, the DM method proved to be somewhat more acceptable for 
model correction unlike in the case of precipitation. 
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 CONCLUSION 

The efficiency of four BC techniques on the temperature and precipitation output 
data of GCM EC-Earth was investigated for two catchments in the Južna Morava 
river basin. The results show that all investigated techniques provide much better 
match to the observed values compared to the raw GCM output data. 

The results of the obtained error measures indicated that BC methods based on 
theoretical probability distributions provide good, and in the case of temperatures, 
the best agreement of the model data with the observed values. DM was poorest for 
precipitation, while it gave acceptable results in temperature analyses. LTF 
performed best in precipitation analyses. 

 In general, it was shown that the extreme values significantly differ from the 
observed values, especially in the case of precipitation, which indicates that the 
zones of extremes should be treated separately, i.e. additional action is needed in 
these zones. 
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