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ABSTRACT

In this article monthly maximums and minimums of 2-meter air temperature from three GCMs of CMIPS5 [1] database has been statis-

tically downscaled using RCMES [2] package, with four different methods for 27 selected meteorological stations on the territory of
Georgia. Stations have been selected all over the territory of Georgia, based on the completeness of their air temperature series through-
out the entire period of 1961-2010, their credibility (measured by the number of non-missing data) and to cover as much complex
climate features of the territory as possible. The downscaling methods have been trained for the period of 1961-1985 and validated for
the period of 1986-2010. Some statistical parameters have been calculated by applying R statistics environment to compare observed
and simulated time series and to evaluate temporal and spatial goodness of each method. Downscaling model, driven by the validation
study was used for future Tmin and Tmax time series construction for the 2021-2070 period under RCP4.5 and RCP8.5 scenarios.
Temperatures time series have been constructed from a multimodel ensemble, with mean and spread. Future change tendencies have
been assessed in comparison of the period of 1986-2010 but was also compared with previous 25-years period (1961-1985) to compare
future changes with the magnitudes of past tendencies.
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Introduction fect even at a global scale. Future climate change
information is uncertain due to mentioned complex-
ity and inadequacy of the models in capturing all of
its underlying processes, also for unknown amount
of future emission and climate internal variability.
Careful and systematic evaluation of GCMs from
multiple climate modeling centers is widely rec-
ognized as critical for improving our understand-
ing of future climate change. The Coupled Model
Inter-comparison Project (CMIP), currently in its
sixth phase, is an internationally coordinated multi-
GCM experiment that has been undertaken for de-
cades to assess global-scale climate change [4-5].

The climate change signal is not uniform over
the globe, contrary to long-term trends and year-to-
year variability of the mean meteorological vari-
ables and especially extremes considerably varies
for different geographical regions [3]. The Global
Climate Models (GCMs), or also referred as the
General Circulation Models demonstrate a signifi-
cant skill to simulate climate change information at
the continental and hemispheric spatial scales and
incorporate a large proportion of the complexity of
the global system, but they are far from being per-
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It should be noted that characterizing present cli-
mate conditions and providing future climate pro-
jections at a regional scale is an extremely difficult
task [6] (Mahmood and Babel 2013) as it involves
additional uncertainties while reducing, a spa-
tial scale of GCMs simulated climate parameters.
GCMs have a very coarse spatial resolution and are
unable to simulate sub-grid scale features and phys-
ical dynamics [7] and outputs are often too coarse
to be effectively used in climate change impacts,
adaptation, and vulnerability assessment studies
[8]. The decrease in spatial accuracy of GCMs sim-
ulated climate variables occurs from continental to
local scale using statistical downscaling (SD) or
dynamical downscaling (DD) techniques. The last
option involves the use of high-resolution Region-
al Climate Model (RCM) to simulate physical pro-
cesses at fine spatial scale from the host GCM and is
considered as costly and time-consuming one [9-11]
(Giorgi 1990; Jones et al. 1995). SD is faster and
simpler in use, less computationally expensive and
applicable for uncertainty and risk analyses [12].

Using SD a statistical/empirical relationship is
established between GCMs simulated large-scale
atmospheric variables (predictors) with station (lo-
cal) scale meteorological variables (predictands)
[13-15] A Statistical downscaling method by itself
divides into three groups: multiple linear regression,
nonlinear regression (e.g. artificial neural networks)
and stochastic weather generators, which mostly are
used in different sectoral impact studies. Each SD
method includes the uncertainties in downscaling
result from the concept on which the downscaling
models are based and from the data used in the study.

The variability of the results obtained using dif-
ferent types of downscaling models suggest the use
of as many statistical downscaling methods as possi-
ble in the development of climate change projections
at the local scale. These capabilities are necessary to
ensure reliable characterization of the future climate,
which can lead to conscious decision-making, taking
into account the climate characteristics of the region.

There are several studies devoted to the region-
al climate change projection for Georgia and more
widely, for the South Caucasus region. These stud-
ies are mostly focused on regional climate model-
ing approaches and describe how well the regional
climate models (RCMs) simulate regional and local
climate peculiarities. Mainly two GCMs are men-
tioned in above-mentioned researches dynamical-
ly downscaled by also two different RCMs. Some
seldom researches are also available, in which fu-
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ture climate change patterns for Georgia is assessed
based on GCM ensemble. There is a gap in stud-
ies specifically focused on assessing uncertainty
in downscaling results due to different statistical
methods, also in a creation of ensembles from dif-
ferent GCMs and SD methods on several sites on
the territory of Georgia [16-17].

We have performed statistical downscaling us-
ing RCMES - Regional Climate Model Evaluation
System (RCMES) package. Mean monthly max-
imums and minimums of 2-meter air temperature
from 3 GCMs of CMIP5 database with four differ-
ent methods have been downscaled for 27 locations,
where Georgian hydro-meteorological stations are
located. Models based on SD methods have been
trained for the period of 1961-85 and validated for
the period of 1986-2010. Different statistical met-
rics were used to asses models performance, beyond
of means and variances comparison. Results of this
study discussed and Representative Concentration
Pathway (RCP 4.5, RCP 8.5) scenarios constructed
for above-mentioned 27 locations in chapter 2.

1. Data and method
1.1. Study area

Georgia’s climate conditions are very diverse
for a relatively small territory of the country, that
is a result of its location on the northern edge of
the subtropical zone between the Black and Caspi-
an seas and also because of the complexity of its
special topography. Climatic peculiarities in Geor-
gia are mostly conditioned by the Greater Caucasus
mountain range from the north and to the Black Sea
in the west. The Greater Caucasus range serves as a
barrier against cold air from the north. Warm, moist
air from the Black Sea easily moves into the coastal
lowlands from the west. Climatic zones are deter-
mined by a distance from the Black Sea and by the
altitude. The Lesser Caucasus range runs parallel to
the Turkish and summers and cold winters. Precip-
itation is comparatively less than at the same heights
elsewhere in Georgia.

In the Fig. A.1 maps of annual mean maximal and
minimal temperatures averaged over 1961-85 period
are presented, where 27 stations of Georgian meteo-
rological network are also marked. Time series from
these stations of temperature mean monthly maxi-
mums and minimums have been used for this study.
Selection criteria of these stations with some addi-
tional information is provided below in section 3.1.
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1.2. RCMES toolkit

We decided to choose RCMES for performing
our study. The Regional Climate Model Evaluation
System (RCMES) is an enabling tool of the Nation-
al Aeronautics and Space Administration to support
the United States National Climate Assessment [2].
RCMES is designed to yield information from the
various database to import climate models and ob-
servations in different formats, also performance
metrics are designed to assess and quantify model
skill, with plotting and visualization routines. Be-
sides of above-mentioned user-friendly interfaces
for quickly configuring is an additional benefit.

RCMES is an open, publicly accessible process
enabled by leveraging the Apache Software Foun-
dation’s OSS library, Apache Open Climate Work-
bench (OCW). RCMES provides datasets and tools
to assess the quantitative strengths and weakness
of climate models, typically under present climate
conditions for which we have observations for com-
parison, which then forms a basis to quantify our
understanding of model uncertainties in future pro-
jections. OCW also allows users to build their own
climate data analysis tools, such as the statistical
downscaling toolkit provided as a part of RCMES.

We performed statistical downscaling using RC-
MES package for near-surface mean maximum and
minimum temperature from 3 GCMs - MPI-ESM-
MR; HadGEM2-ES; GFDL-CM3 runs exiting in
CMIP5 database and available via RCMES.

1.3. GCM data (Baseline and Future
scenarios)

RCMES toolkit allowing direct access to
CMIP (e.g. CMIP5, CMIP6) global models,
through access to the Earth System Grid Feder-
ation. Coupled Model Inter-comparison Project
(CMIP) was established under the World Climate
Research Programme (WCRP) by Working Group
on Coupled Modelling (WGCM) as a standard ex-
perimental protocol for studying the output of cou-
pled atmosphere-ocean general circulation models
(AOGCMs). CMIP provides a community-based
infrastructure in support of climate model diagno-
sis, validation, inter-comparison, documentation
and data access [18-21]. The Output from about 60
GCMs with various historical experiment simula-
tions and future emission scenarios are available on
this database. We downscaled output temperatures
from only three of them. GCM selection criteria was
meant to use those models where we plan to have or
316
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already got dynamically downscaled results.

Below in the table B.1. Grid Resolutions of se-
lected three GCMs - namely for atmosphere and
ocean are presented.

Table B 1. Grid Resolutions of selected three
GCMs for atmosphere and ocean

Model Atmospheric Grid Ocean Grid
Latitude Longitude Latitude Longitude
GFDL-CM3 2 2,5 0,3344,1 1
HadGEM2- 1,25 1.875 0,3396 1
MPI-ESM- 1,875 1,875 Orthogonal curvilinear

The climate model of the Geophysical Fluid Dy-
namics Laboratory’s (GFDL) at NOAA is one of the
leading climate models used in the Fifth Assessment
Report of the IPCC. It encompasses the predictabili-
ty and sensitivity of global and regional climate, the
structure, variability, dynamics and interaction of the
atmosphere and the ocean; and is influenced by vari-
ous trace constituents. In CMIPS5 phase of the project,
version 3 of the model is participating. CM3 includes
aerosol—cloud and chemistry—climate interactions, and
links between the troposphere and stratosphere [22].

CMIPS5 set of centennial experiments includes
Met Office Hadley Centre’s Earth System Model
(ESM) HadGEM2-ES which focuses on how the
climate system is likely to respond to human-in-
duced disturbances. Model simulations consider
greenhouse gas concentrations, aerosol precursors,
stratospheric and tropospheric ozone assumptions,
as well as an implementation of land-use change
and natural forcings for the HadGEM2-ES histori-
cal and future experiments following the Represen-
tative Concentration Pathways [23].

The new Max-Planck-Institute Earth System
Model (MPI-ESM) is used in the Coupled Model
Inter-comparison Project phase 5 (CMIP5) in a se-
ries of climate change experiments for either ide-
alized CO2-only forcing or forcings based on ob-
servations and the Representative Concentration
Pathway (RCP) scenarios. MPI-ESM (MPGQG) is a
comprehensive Earth-System Model, in the sense
that it consists of component models for the ocean,
the atmosphere and the land surface. These compo-
nents are coupled through the exchange of energy,
momentum, water and important trace gases such as
carbon dioxide [24].

On the upper panel of the Fig. A.2 maps of the
Tmax for 1961-85 period are presented. The first plot
is constructed from CRU data, the second — from
the output of GFDL-CM3, III and IV — from Had-
GEM2-ES and MPI-ESM-MR, respectively. On the
second panel identical maps for Tmin are presented.
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1.4. The downscaling methods

Statistical downscaling involves the establish-
ment of empirical relationships between historical
and/or current large-scale atmospheric and local
climate variables. Once relationships are defined
and validated, atmospheric variables are used to
predict future local climate variables. However, this
approach relies on the critical assumption that the
relationship between present large-scale circulation
and local climate remains valid under different forc-
ing conditions for future climate [25]. Main disad-
vantages of this method are: 1) local, small-scale
dynamics and climate feedbacks are not simulated,
as the GCMs are not able to simulate weather and
climate processes at scales smaller than their grid
spacing, and statistically downscaled data do not add
information at the smaller scale, and 2) assumptions
of stationarity between the large and small-scale dy-
namics are made to downscale future projections.
The problem of assuming stationarity is that some
of the interactions between the large and small-scale
are already changing, so this information is not rep-
resented in the downscaled projections.

We Downscaled temperatures from 3 GCMs
output with 4 different methods: Delta method (ad-
dition); Delta method (bias correction); Quantile
mapping; Asynchronous linear regression.

1. Delta method (addition) is the technics, where
the difference between present and future simula-
tions are added to the present observation. First, the
mean difference between present simulation and fu-
ture simulation is calculated. The calculated differ-
ence is added to the present observation to make a
downscaled future prediction. In this method, only
the change in mean values in simulations is consid-
ered in the future projection and the variance re-
mains unchanged [26]. Distribution of observed and
raw Tmin time series from MPI-EMS-MR3 model
output for trained (1961-85) and testing/validation
periods (1986-2010) for Tbilisi are presented on the
Fig. A.3 (a), and Fig. A.3 (b), the bottom plot rep-
resents distribution of a downscaled Tmin simulat-
ed by MPI-EMS-MR3 model for testing/validation
period (1986-2010) for Tbilisi.

2. In Delta method (bias correction), the mean
bias of present simulation from present observation
is calculated and added to the future simulation [27].
Delta method uses a raw model output for the future
period and corrects it using the differences (A) be-
tween historical reference data from the model and
observations. If we assume the variability as equal
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for both GCMs and observations, the monthly data is
simply shifted by the mean bias in the reference peri-
od. On the Fig. A.4 (a) results of using bias correction
method for the same time series are presented.

3. The other methodology is quartile mapping
method fitting cumulative distribution functions
of observed, training and testing data [28] Li et al.
(2010). Quantiles for observed (XO), as well as
GCM (XGCM) simulated data are first calculated.
Then linear transformation to each quantile from
GCM data to adjust its range is applied to match the
quantile with observed data. The Same correction
to the quantiles in the future data should be used.
Downscaling results using quantile mapping meth-
od are shown on the Fig. A.4 (b).

4. Statistical Asynchronous Regression (SAR)
method is a technique for determining a relation-
ship between two-time varying quantities without
simultaneous measurements of both quantities [29].
It requires that there is a time invariant, monotonic
function Y = u(X) relation between the two quanti-
ties, Y and X. In order to determine u(X), we only
need to know the statistical distributions of X and Y.
u(X) converts the distribution of X into the distribu-
tion of Y, while conserving probability. Downscal-
ing results using Statistical Asynchronous Regres-
sion method are shown on the Fig. A.4 (c).

In the next chapter goodness and weakness of
each method is discussed and some metrics are ana-
lyzed to prove some conclusions.

2. Validation results and discussion

2.1. Performance of model downscaling and
validation

Prior to future scenario construction, the re-
sults of the observed data of mean monthly max-
imum and minimum temperature are compared
with the simulated data during the training and
validation periods using some statistical param-
eters (metrics).

Twenty-seven sites broadly scattered throughout
Georgia were selected based on the completeness of
their temperature series throughout the entire peri-
od of 1961-2010 and their credibility measured by
the number of non-missing data, as well as to cover
as much complex climate features of the country as
possible. The locations and summary information
for the 27 stations selected are shown in Fig. A.1
and Table B.1, respectively.

The study carried out the downscaling process
for every 27 stations feeding three GCMs outputs
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using four downscaling methods, which produced
27*3*4 time series for each parameter, and the study
then took the best matching method for constructing
future climate scenarios.

The models were trained (downscaled) using ob-
servations of 25 years of data (1961-1985, termed the
base period) and the remaining 25 years of data (1986—
2010, termed the validation period), respectively.

Model evaluation has been performed using
R-Instat - open source menu driven statistical soft-
ware, powered by R - programming language and
free software environment for statistical comput-
ing and graphics, supported by the R Foundation
for Statistical Computing [30].

2.2. Indicators of performance assessment

The Pearson’s correlation coefficients (CC) and
plots of squared CC values contributed to the identi-
fication and selection of the most valuable methods
for developing the downscaling model. Except the
CC to evaluate the quality of the model predictions,
following metrics were used as measures of the
statistical agreement between the predicted values
and observed data, including the mean bias, mean
absolute error (MAE), the root mean square error
(RMSE), as well mean (1), median (Med), standard
deviation (SD), median absolute deviation (MAD),
coefficient of variation (CV) and standard error of
mean (SE p). They were calculated for all three
models and four downscaling methods separately.

The value of CC is indicative of strength between
observed and simulated values whereas mean bias,
MAE and RMSE are used to determine the accuracy
of the model. However, u, median and SE_p are ex-
ercised to test how well the model predicted the mean
values, while SD, CV and MAD are used to investi-
gate the variability of data simulated by the model.

The last Indicator, chosen as the criteria for eval-
uating the performance of downscaling methods,
was the assessment of an effect of each downscal-
ing method on trends in seasonal and annual mean
minimum and maximum temperatures for the val-
idation period in comparison with the behavior of
observed data series temporal variability. Spear-
man’s Rho rank correlation was used to determine
the statistical significance of trends for maximum
and minimum temperature on seasonal and annual
timescales. This statistic is a non-parametric mea-
sure of correlation, adapted to data sets with strong
autocorrelation (temperature). It makes no assump-
tions about the probability of the distribution of the
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investigated data and it is less affected by outliers or
by any form of data discontinuity [31]. The statistical
significance was determined at the 95% confidential-
ity level. The magnitude of the trend was calculated
by the slopes of the linear trends using ordinary least
square fitting and expressed in °C decade ™.

2.3. Evaluation of downscaling methods

Table B.3(a) shows the mean CCs between
modeled and observed minimum temperatures for 3
GCMs using 4 candidate methods during the valida-
tion period (1986-2010) for each season over all 27
stations and Table B.3(b) shows the same for max-
imum temperature. Seasons are defined as follows:
as the following: winter-DJF (December—February),
spring-MAM (March-May), summer-JJA (June—
August) and autumn-SON (September—November).

Overall, it is evident that both the simulated
maximum and minimum temperatures were closely
consistent with observations. CC between simulat-
ed and observed temperature exceeded or equaled
to 0.8 in the validation period. Also, it could be seen
that the minimum temperature is modelled slightly
better than the maximum. There are some differences
in seasonal dependence. Namely, for both parameters,
summer and autumn seasons have higher correlations
with observed patterns. Regarding the advantages of
the methods, delta addition (1) and delta correction
(2) methods are the most satisfactory.

Results of comparison between observed and
downscaled mean annual Tmax, Tmin in terms of
statistical measures for validation period are given
in Table B.4(a) and Table B.4(b).

Mean annual biases in validation were in the
range of (+0.33)+(+0.94)°C and (+0.50)+(+1.04)°C
for minimum and maximum temperature, respec-
tively, with MAE about 1.5-2°C and RMSE 2-2.5°C.
Different patterns of bias are observed in seasonal
context. Both maximum and minimum tempera-
ture differences are similar across the seasons. The
greatest positive deviations (3-4°C) were found in
winter for absolute errors and spring - for mean bias
(Fig. A.5). The closest Simulations to observation
have been found out in summer season. Annual and
seasonal biases indicate that, in average, simula-
tions for both parameters are overestimated regard-
ing observed values with slightly higher deviations
for maximum temperature, cool biases were found
mostly in summer in the range up to 2°C. All three
metrics assessing the accuracy of the models have
a strong seasonality among a majority of stations,
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the relatively less effect they display among coast-
al stations while in both variables, the largest and
most seasonally dependent bias magnitudes origi-
nate from a high-mountainous stations (Fig. A.6).

Comparison of downscaling methods with
regard to model errors show an overall warm
bias of the same magnitude similar for three
(delta edition, delta correction, quantile map-
ping) methods deviations are higher for the
last — regression-based approach. For MAE,
and RMSE the less matching method is the delta
correction, while three other methods have approxi-
mately same deviations in mean annual values.

Analysis of other statistical metrics used to test
model on the prediction of mean values demonstrate
the abilities of those statistical downscaling methods
to reproduce mean minimum and maximum tem-
perature (Fig. A.7). The differences between mod-
eled and observed parameters are not significant, all
within a range of £0.8°C, depending on the metric.
For instance, SD and SE_p are strongly defended
on site elevation and three among four downscal-
ing methods (except delta correction) can reproduce
this feature properly, whilst the best simulation of
a median is performed by delta correction method.

After model evaluation by statistical metrics lin-
ear trend analysis has been fulfilled, the magnitude
of annual and seasonal linear trends for maximum
and minimum temperature for the investigated peri-
od (1986-2010) are presented in Table B.5.

Based on observation data, investigated stations
show a positive trend with medium significance
for both parameters in all seasons except winter,
with the highest magnitude in autumn. In winter
most trends are not significant, herewith minimum
temperature has mostly cooling tendency. Due to
this, annual trends are positive for both parame-
ters, but with higher fidelity for minimum tempera-
ture. However, the magnitude of the trend is lower
than the one for maximum temperature (+0.41°C
decade™! for minimums and +0.60°C decade™ for
maximums). In addition, the increase in minimum
temperature is enhanced at the coastal zone and the
western part of the country.

Finally, the effect of each downscaling method
on trends in seasonal and annual average minimum
and maximum temperatures have been investigat-
ed. Analysis of modeled data changing behavior
shows that annual pattern of trends are more or
less well captured by all GCMs downscaled using
three of four methods. The exception is a delta addi-
tion method that revealed not a steady but negative
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annual trend for both parameters. Seasonal trends
coincidence is relevant to annual. The exception is
again the winter with the minimum cooling tenden-
cy repeated only by delta addition method.

Annual trends representing the tendency of
changes via year-to-year variability is significant-
ly reduced by the delta addition method. As in this
case, the linear trend of observed temperatures for
the testing period (1961-85) is repeated in corre-
sponding downscaled parameters for the validation
period and warming tendency is stronger in the val-
idation period, than in the beginning for entire terri-
tory in average.

Investigation of model performance indicators
(metrics) revealed no clear indication of the best
downscaling method. First one (delta addition)
more likely fit the observation, the other three
methods show no fixed advantage. Statistical trends
analysis revealed the weakness of the delta addition
method. Comparison of linear trends magnitudes
suggest that the most appropriate method for both
parameters is delta correction as the best associated
with observed trends pattern [32].

3. Projected changes for future climate
scenarios

Future Tmin and Tmax time series were con-
structed for the period of 2021-2070 under RCP4.5
and RCPS8.5 scenarios by RCMES. We used delta
correction method to produce desired future scenar-
ios with reference to the period of 1961-85, where
relationship between large-scale predictors —-GCMs
output Tmin and Tmax and local scale variables
(stations Tmin and Tmax) have been established
and validated. In the following sections, temporal
and spatial changes of mentioned two parameters,
obtained from three downscaled GCM ensembles
are described. Corresponding deltas between two
future periods 2021-2045 and 1946-2017 in com-
parison with the 1986-2010 period are presented on
charts and in tables. As well, future changes have
been compared with the magnitude of past tenden-
cies comparing the period of 1986-2010 to previous
25-year period (1961-1985).

3.1. Variation of seasonal air temperatures

Mean seasonal observed (1961-1985, 1986-
2010) and projected (2021-2045, 2046-2070) min-
imum and maximum temperature in Georgia under
the two scenarios are shown in the Fig. A.8. All
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mean seasonal temperatures increase in the future
50 years under both scenarios.

Regarding seasonal pattern, for Tmin and Tmax
the most significant increase in the past period oc-
curring in summer, in the range of 0.6-0.7°C, is
predicted to be shifted in winter during the whole
future period under both scenarios becoming the
summer as the least experiencing warming season
throughout the year. Although for Tmax at the end
of the 2060s minimum increase in the range of 2°C
is anticipated in spring. The highest increase in
Tmin and Tmax, up to 5°C is expected in winter un-
der RCP8.5 scenarios in 2046-2070.

Overall, past trends are sustained and will be
enhanced in the future. The exception is Tmax
behavior in autumn, when no significant decrease
(-0.13°C) is observed in the 2000s, will be reversed
in future. According to simulation, autumn maxi-
mums will grow rapidly than in other seasons and
will reach up to +3.96, and +4.58°C to the end of the
2060s under the RCP4.5, and RCP8.5 scenarios, re-
spectively, that are the highest after winter positive
increments in the range of +4.26, and +5.19°C. In
the 2040s, the minimum increase under both sce-
narios for minimums is 0.14°C occurring in summer
and for maximums is 0.41°C, occurring in spring,
increasing to 1.5 and 2.5°C to the end of 2060s.

Therefore, the temperature will show an obvi-
ously increasing tendency averaged over entire ter-
ritory in the future. The patterns of increase are sim-
ilar for minimum and maximum temperatures with
slightly more considerable warming for maximums
than for minimums.

3.2. Variation of annual mean air
temperatures

Fig. A.9 shows the projections obtained for min-
imum/maximum temperature averaged over the 27
stations of Table B.2. Different colors correspond to
distinct scenarios. The solid lines correspond to the
ensemble means for the RCP4.5 and RCP8.5 sce-
narios. The Spread of models are shown as shaded
areas for each scenario and models historical run for
1961-2010 with observation time-series plotted as a
black solid line. As can be seen all GSM/RCP proj-
ect are increasing temperatures. For both tempera-
ture variables, the MPI-ESM-MR (GFDL-CM3)
systematically projects the weakest (strongest) in-
crements, whereas the HadGEM2 provides mod-
erate results. The mean increments for 2021-2045
and 2046-2070 are in between 1.5°C and 4.5°C (2°C
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and 5°C) for minimum (maximum) temperature, de-
pending on the GCM and RCP.

Table B.6 shows the changes in temperature
for Georgia in the 2000s, 2040s, and 2060s with
respect to the reference period under the RCP4.5
and RCP8.5 scenarios obtained from the RCMES.
Under the RCP4.5 scenario, the mean annual mini-
mum (maximum) temperature will increase by 1.66
(1.91) and 2.62°C (3.14) in the 2040s, and 2060s, re-
spectively that are significantly higher than the past
2000s increments (0.32°C) with regard to 1980s, for
both targeted variables. As expected, the changes
under RCP8.5 are greater than under RCP4.5 and
mean annual minimum (maximum) temperature
will increase by 1.82 (2.16) and 3.35°C (4.01) in the
2040s, and 2060s, respectively. Therefore, it is clear
that in Georgia temperature shows significant posi-
tive trends and these changes will be more intensive
towards the end of this century.

It is also revealed that increase in Tmax is more
prominent than in Tmin. The upward rate of Tmax
is especially obvious under RCP8.5 for the second
future period. Except this, the difference between
two scenarios is also more considerable for Tmax
and for annual values, it is in the range of 0.7-0.9°C
whilst for Tmin it is not more than 0.2-0.3°C, de-
pending on the period.

3.3 Spatial patterns of air temperature

In order to assess the spatial distribution of these
results, deltas are calculated by subtracting the
mean of the historical reference period (1986-2010)
from the ensemble mean of the target scenario peri-
ods (2021-2045 and 2046-2070) - for all investigat-
ed stations over the country. Positive deltas are ob-
tained throughout the whole country for both tem-
peratures, finding the highest increments over the
plain territory of east Georgia. Moreover, the pro-
jected warming signal is higher for minimum than
for maximum temperature, extended also over the
west Georgia central lowlands in the second future
25-years period. The smallest warming magnitudes
are revealed in the Black Sea coastal zone and ad-
jacent lowlands under both scenarios for the whole
future period. Relatively moderate changes are ex-
pected in the high-mountainous area with the alti-
tude higher 1000 and 1500 meter above sea level for
minimum and maximum temperatures, respective-
ly. Finally, the two RCPs considered lead to sim-
ilar delta spatial patterns (although intensified for
the RCP8.5) for the two target variables. It should
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be noted that revealed spatial peculiarities of warm-
ing are in accordance with the past period, but with
slightly greater magnitudes of upward trends for
maximum temperature. Also, the most significant
warming occurring currently in the furthest eastern
part (Kakheti region) getting relatively less inten-
sive in future with regard to the rest of the territory.

In the 2000s the spatial distribution of the in-
crease in air temperature is similar for both variables
experiencing greater warming in the east part of the
country with the average magnitude not more than a
half degree with regard 1980s records. Furthermore,
the maximum warming is located over Kakheti re-
gion (East Georgia), reaching +0.54°C.

For the 2040s, the experiencing warming is
greater than in the 2000s and is mainly located over
Qvemo Qartli region (East Georgia), where the
annual minimum and maximum temperature will
increase by amounts in the range 2.0-2.5°C under
both RCP4.5 and RCP8.5. The remaining parts ex-
periencing slightly less warming (1.5-2.0°C).

In the 2060s, the increase will be larger than 3°C
in most of the territory under RCP8.5 and up to 4.0-
4.5°C under RCPS8.5. In addition, the maximums in-
crease will be greater than minimums.

On the whole, most of the territory may expe-
rience an obviously increasing trend in the future
50-years period under both scenarios. However, a
few areas, including some patches, such as coast-
al zone and mountainous regions, are expected to
show not so steady trends. With the passage of the
decades (the 2000s, 2040s, and 2060s), the increase
will be greater, and the area of higher temperature
will grow in size.

4. Conclusion

Validation of statistical downscaling methods
show that all of the methods have some advantages
and disadvantages on the temporal and spatial scale.
The metrics we used for model performance evalu-
ation varies from station to station, year to year, and
season to season.

The results of calculations have shown that the
mean Person’s CCs between modeled and observed
Tmax and Tmin for all three GCMs (GFDL, MPI,
HadGEM?2) using four candidate methods for each
season, over all 27 stations, exceeded or equaled to
0.8 during the validation period (1986-2010). Also,
Tmin has been modelled slightly better than Tmax
for both parameters, summer and autumn seasons
have slightly higher correlations with observed pat-
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terns and delta addition with delta correction meth-
od had the most satisfactory results.

Comparison of downscaling methods, with re-
gard model errors, have shown an overall warm
bias of the same magnitude similar for three (delta
edition, delta correction, quantile mapping) meth-
ods and deviations have been higher for the last —
regression-based approach. For MAE and RMSE
the less matching method was the delta correction,
while three other methods had approximately same
deviations in mean annual values.

The magnitudes of annual and seasonal linear
trends for Tmin and Tmax based on observation
data in all seasons except winter (Tmin had mostly
cooling tendency) were positive with medium sig-
nificance (with the highest magnitude in autumn,
with higher fidelity for Tmin) for the investigated
period (1986-2010). However, the magnitude of the
trend is lower for minimum compare to maximum
temperature (+0.41°C decade—1 for minimums and
+0.60°C decade—1 for maximums). In addition, the
increase in minimum temperature is enhanced at the
coastal zone and the western part of the country.

The effect of each downscaling method on the
tendency of seasonal and annual average Tmin and
Tmax has shown that annual pattern of trends more
or less well captured by all downscaling methods
with exception of delta addition method.

Investigation of model performance indicators
(metrics) revealed no clear indication of the best
downscaling method. Delta addition method more
likely fit the observation, the other three methods
show no fixed advantages. Statistical trends anal-
ysis revealed the weakness of the delta addition
method. Comparison of linear trends magnitudes
suggest that the most appropriate method for both
parameter is delta correction as the best associated
with observed trends pattern and future tempera-
tures were downscaled using this method.

According to the simulations the mean annual
minimum (maximum) temperature will increase by
1.66(1.91)and 2.62°C (3.14) in the 2040s, and 2060s
under the RCP4.5 scenario, that are significantly
higher than the past 2000s increments (0.32°C) with
regard to 1980s, for both targeted variables. As ex-
pected, the changes under RCPS8.5 are greater than
under RCP4.5 and mean annual minimum (maxi-
mum) temperature will increase by 1.82 (2.16) and
3.35°C (4.01) in the 2040s, and 2060s, respectively.

Regarding the seasonal pattern, for Tmin and
Tmax past trends are sustained and will enhance in
the future. The most significant increase is predict-
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ed to be in winter during the whole future period
under both scenarios becoming the summer as the
least experiencing warming season throughout the
year. Although for Tmax at the end of 2060s min-
imum increase in the range of 2°C anticipated in
spring. The highest increase in Tmin and Tmax up
to 5°C is expected in winter under RCP8.5 scenarios
in the period of 2046-2070.

It should be noted that this research contains sev-
eral uncertainties (choice of GCM, RCP and down-
scaling methods) and more precise investigations of
each type of uncertainties and calculation of proba-
bilities are planned for the future.
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Fig. A.1 Maps of annual mean maximal (a) and minimal (b) temperatures for 1961-85 period,
interpolated from observation of 90 Georgian meteorological network's stations.
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Fig. A.2. Maps of observed and simulated Tmax and Tmin for 1961-85 period. The first plot on the upper
panel is Tmax constructed from CRU data, the second — from the output of GFDL-CM3, Il and IV — from
HadGEM?2-ES and MPI-ESM-MR, respectively. On the second panel are identical maps for Tmin.
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Fig. A.3 (a) Original and (b) downscaled by delta addition method mean Tmin time series frequency
distribution of observed and MPI simulated ones for two periods for Thilisi.

Fig. A.4. Frequency distribution of mean Tmin time series for two periods for Thilisi observed and MPI
simulated downscaled by (a) Delta method (bias correction), (b) quartile mapping, (c) Statistical Asyn-
chronous Regression (SAR) method.
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Fig. A.5. Mean bias values by seasons between the observed and downscaled projections of mean
monthly minimum (a) and maximum (b) temperatures at 27 stations in Georgia for validation period
(1986-2010). Downscaling methods are shown as: 1 — Delta Addition, 2 — Delta Correction, 3 — Quantile
Mapping, 4 — Asynchronous Linear Regression. Solid lines show medians, the boxes represent the range
between first and third quartiles, and the whiskers indicate minimum and maximum values of all data.
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Fig. A.6. Mean Absolute Errors (MAE) between the observed and downscaled projections of mean monthly
minimum (a) and maximum (b) temperatures at 27 stations in Georgia for validation period (1986-2010).
Values are plotted as a function of the station elevations. Downscaling methods are shown as: 1 — Delta
Addition, 2 — Delta Correction, 3 — Quantile Mapping, 4 — Asynchronous Linear Regression. Solid lines show
medians, the boxes represent the range between first and third quartiles, and the whiskers indicate minimum
and maximum values of all data.
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Fig. A. 9 Time series of historical and projected change for the mean annual minimum (a) and max-
imum (b) temperatures, as simulated by the subset of CMIP5 multi-model ensemble averaged over 27
stations of Georgia. The shaded areas represent the spread of simulation results for individual mod-
els, while the heavy lines indicate the ensemble average. Results are based on statistical downscaling
of 27 weather stations in Georgia. Change is computed relative to the 1961-2010 period. The spread
amongst models, evident from the shaded area, is quantified by the box and whisker plots to the right
of each panel. The boxes represent the range between first and third quartiles, and the whiskers
indicate minimum and maximum values of all data for the 2021-2070 period for RCP4.5 and RCP8.5
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Appendix B. Tables

Table B.2. Summary information for the selected stations in Georgia

. Elevation Latitude Longitude
# Station Name (m) N) CE)
1 Akhalgalaqi 1723 41.40 43.48
2 Akhaltsikhe 994 41.65 43.00
3 Ambrolauri 549 42.53 43.13
4 Bakuriani 1665 41.73 43.52
5 Bolnisi 536 41.45 44.57
6 Borjomi 802 41.83 43.38
7 Dedoplistskaro 803 41.47 46.10
8 Gori 602 42.00 44.12
9 Khashuri 645 42.03 43.82
10 Xhulo 1338 41.65 42.30
11 Lagodekhi 429 41.82 46.30
12 Mestia 1448 43.07 42.75
13 Mta-Sabueti 1248 42.03 43.47
14 Pasanauri 1080 42.35 44.68
15 Poti 3 42.13 41.68
16 Qeda 256 41.60 41.92
17 Qobuleti 5 41.87 41.78
18 Qutaisi 109 42.25 42.62
19 Sachkhere 461 42.33 43.43
20 Sagarejo 806 41.75 45.32
21 Shovi 1508 42.70 43.68
22 Thilisi 432 41.75 44.77
23 Telavi 545 41.93 45.52
24 Tianeti 1105 42.10 44.97
25 Tsalka 1468 41.60 44.10
26 Zestaphoni 150 42.12 43.02
27 Zugdidi 121 42.52 41.88
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Table B.3. Explained variances between candidate methods of mean minimum (a) and maximum
(b) temperatures (predicted) over the Georgia territory. Values are Pearson's correlation
coefficients (CC) averaged over 27 weather stations (Table 1). Downscaling methods are shown
as: 1 — Delta Addition, 2 — Delta Correction, 3 — Quantile Mapping, 4 — Asynchronous Linear
Regression

(a)

GCM GFDL MPI HadGEM2
Method 1 2 3 4 1 2 3 4 1 2 3 4
DJF 091 088 088 087 091 09 09 097 091 090 090 0.90
MA
M 09 094 091 091 096 09 094 094 09 092 090 091
JJA 098 096 096 096 098 09 097 095 097 096 09 0.9
SON 096 097 096 096 096 097 095 095 096 097 096 0.96

Season

GCM GFDL MPI HadGEM2
Method 1 2 3 4 1 2 3 4 1 2 3 4
DJF 088 085 084 088 088 096 09 09 088 087 0.89 0.88
MA
M 091 088 08 087 091 092 088 0.89 091 0.8 0.83 0.81
JJA 093 088 092 09 093 086 088 082 092 091 087 0.86
SON 091 093 091 091 092 092 09 088 091 092 089 0.89

Season

Table B.4. Statistical comparison of observed and downscaled mean monthly minimum (a) and
maximum (b) temperatures during validation period (1986-2010). Downscaling methods are
shown as: 1 — Delta Addition, 2 — Delta Correction, 3 — Quantile Mapping, 4 — Asynchronous
Linear Regression

(a)
Model u Med SEpy SD CV MAD Bias MAE RMSE

Method = - s 258 320 0.7 874 339 840

1 GFDL 322 400 017 859 267 818 065 133 173
MPI 312 391 017 859 276 813 054 130 169
HedGEM2 299 383 017 863 288 820 033 130 170

2 GFDL 322 352 014 731 227 743 065 200 272
MPI 312 346 014 719 231 742 054 198 253
HedGEM2 299 321 015 791 264 828 033 162 219

3 GFDL 323 383 016 849 263 843 066 160 220
MPI 313 378 016 842 269 850 055 135 176
HedGEM2 300 338 017 871 290 863 033 144 193

4 GFDL 352 405 016 837 238 855 094 168 232
MPI 341 400 016 832 244 870 084 147 190

HedGEM2 316 339 017 866 275 907 048 153 203
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(b)
Method Model M Med SE_u SD CV MAD Bias MAE RMSE
CRU 1356 14.73 0.18 942 0.69 9.34
1 GFDL 1432 1549 0.18 926 065 900 0.76 1.58 1.98
MPI 14.06 1522 0.18 927 066 9.09 050 1.50 1.89
HedGEM2 1433 1554 0.18 927 0.65 903 0.77 158 1.98
2 GFDL 1432 1478 0.17 876 061 976 076 196 254
MPI 14.06 14.64 0.14 732 052 753 050 244 3.02
HedGEM2 1433 1490 0.16 827 058 845 077 203 255
3 GFDL 1434 1568 0.18 933 065 978 077 186 241
MPI 14.07 15.14 0.17 9.09 065 9.63 0.51 1.55 1.96
HedGEM2 1434 1535 0.18 955 0.67 986 078 186 226
4 GFDL 1445 1526 0.18 9.19 064 1000 089 184 239
MPI 1438 1535 0.17 9.02 063 935 0.81 1.71 2.19
HedGEM2 14.60 1566 0.18 954 0.65 9.65 104 196 238

Table B.5. Statistical trends slope and significance of observed and downscaled mean monthly
minimum (a) and maximum (b) temperatures during validation period (1986-2010). Downscaling
methods are shown as: 1 — Delta Addition, 2 — Delta Correction, 3 — Quantile Mapping, 4 —
Asynchronous Linear Regression

(@

Model GFDL MPI HadGEM2 CRU
Method 1 2 3 4 1 2 3 4 1 2 3 4
DJF - - -
0.00 001 002 002 000 000 001 000 000 008 009 0.09 -
8 9 7 4 8 7 8 9 8 6 8 9 0.010
MAM 0.00 0.08 0.10 0.10 000 005 007 007 000 0.08 010 0.10
e 3 4 7 4 3 7 8 2 3 8 9 1 0.043
& JA - - -
& 0.03 0.05 0.07 0.07 0.03 0.07 007 008 003 006 008 0.07
0 8 2 2 0 0 1 9 0 1 0 0 0.040
SON - - -
000 0.05 0.06 006 000 0.10 0.11 012 0.00 0.07 0.08 0.08
- 8 1 4 2 8 0 9 7 8 4 5 5 0.066
DJF 0.00 0.12 0.17 0.12 0.00 0.06 0.12 006 000 023 023 0.22 -
c 9 9 8 5 9 7 8 7 9 5 0 2 0.080
A MAM 000 036 037 036 0.00 041 038 041 000 045 050 045
6 1 5 1 6 1 2 1 6 9 5 8 0.339
JA - - -
032 047 043 045 032 053 053 053 032 068 070 0.68
2 2 2 5 2 5 6 6 2 7 5 7 0.380
SON - - -
003 040 042 040 003 064 061 064 003 055 054 055
5 0 8 9 5 5 2 4 5 8 4 5 0.603
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Model GFDL MPI HadGEM2 CRU
Method 1 2 3 4 1 2 3 4 1 2 3 4
DJF - - -

003 001 002 001 003 000 000 000 003 009 010 0.11
9 6 1 7 9 5 6 6 9 5 3 3 0.035
001 009 011 010 001 005 007 006 001 009 011 0.11
5 9 4 4 5 1 4 6 5 8 9 7 0.050
JIA - - -
001 007 007 008 001 008 008 011 001 007 009 0.09
0 8 2 2 0 4 0 0 0 6 6 1 0.047
SON - - -
001 007 007 008 001 010 012 013 001 005 007 0.06
6 8 9 2 6 3 5 4 6 7 0 8 0.076
DJF - - -
015 0.11 011 011 015 005 006 005 015 028 027 028
8 4 9 4 8 5 4 5 8 8 4 8 0.122
008 032 031 032 008 022 020 022 008 037 039 037
7 1 8 1 7 8 8 3 7 5 0 6 0.372
jA - - -
011 042 042 042 011 042 045 042 011 036 043 036
8 1 8 1 8 4 0 4 8 6 5 3 0.382
SON - - -
013 040 040 039 0.13 047 047 047 013 036 029 036
8 2 0 7 8 2 2 2 8 3 8 3 0.589

Slane

Rhn

Table B. 6. Mean seasonal changes in observed and projected minimum (a) and maximum (b) temperatures

under RCP4.5 and RCP8.5 scenarios simulated by the subset of CMIP5 multi-model ensemble between four

25-years periods. Differences are shown as: A, indexes indicate comparable periods, corresponding to: 1 -
1961-1985, 2 - 1986-2010, 3 —2021-2045, 4 — 2046-2070

Season | Az OBS | Asx RCP4.5 | Ax» RCP85 | Ao RCP45 | A« RCP8.5

DJF 0.32 3.82 4.12 4.36 5.09

Tmin JJA 0.60 0.15 0.14 1.28 2.37
oC > | MAM 0.27 1.01 1.12 2.15 2.62
SON 0.08 1.65 1.90 2.67 3.30

Year 0.32 1.66 1.82 2.62 3.35

DJF 0.40 3.73 3.99 4.29 5.19

Tmax JJA 0.69 0.90 1.03 2.53 3.80
°C > | MAM 0.34 0.41 0.56 1.80 2.46
SON -0.13 2.60 3.05 3.96 4.58

Year 0.32 1.91 2.15 3.14 4.01
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