INTERMEDIATE SCIENTIFIC REPORT - 2023
regarding the exploratory research project:

Modeling current and future land favorability for crops in Romania under
climate change scenarios

Acronym: RO-CROP
project code: PN-111-P4-PCE-2021-1350

SCIENTIFIC DESCRIPTION OF STAGE 11/2023

STAGE 11 / 2023. Spatial modeling of soil quantitative and qualitative parameters. Land
suitability evaluation of the main crops in Romania under current and future climate
conditions.

The second stage of the project was dedicated to the spatial modeling of the soil parameters
that define its quality in relation to agricultural uses, as well as to the spatio-temporal assessment
of the land suitability in relation to the main agricultural crops in Romania under current and future
climate conditions.

First of all, the issue of spatial and temporal modeling of surface soil erosion, started in the
first stage of the project (Act. 1.4), was completed by making forecasts regarding the evolution of
these processes in the future. Thus, based on the erosion factors (deliverables L1 - L4) the current
erosion was determined (deliverable L5). the projection for the future was made by extrapolating
the rainfall erosivity values (deliverables L7 — L9) based on a statistical model between this
parameter and the modified Fournier index (Patriche et al., 2023a), calculated based on average
monthly precipitation, both for the current period and for the future (respectively the periods 2041-
2060, 2061-2080 and RCP 4.5 and RCP 8.5 scenarios of atmospheric CO; evolution). Integrating
the projected data of rainfall erosivity in the RUSLE model (Renard et al., 1997), the estimates of
the future evolution of surface soil erosion rates were achieved and the differences in respect to
the current erosion rates were computed (Patriche, 2023) (deliverables L10 — L13).

Act 2.1 — Testing several categories of methods for digital mapping of soil parameters:
geostatistical methods, machine learning algorithms, fuzzy techniques. Selection of the
optimum method for each soil parameters by independent sample statistical validation.

This activity comes in continuation of the activity Act. 1.1 from the first stage of the
project, which created the necessary database for the project. The soil data extracted from the
European LUCAS database (https://esdac.jrc.ec.europa.eu/content/lucas2015-topsoil-data),
comprising over 1000 soil profiles for the territory of Romania, were spatialized using different



methods, respectively: ordinary kriging (OK), regression-kriging (RK), geographically weighted
regression (GWR), geographically weighted regression combined with ordinary kriging of
residuals (GWR-OK), machine learning methods (EML) (Patriche et al., 2023ab). With the
exception of ordinary kriging, the other methods based their predictions on a series of explanatory
factors, which synthesize the effect of pedogenetic factors on soil properties: altitude, terrain slope,
topographic wetness index (TWI), normalized difference vegetation index (NDVI) (deliverables
L14 — L17), latitude and longitude.

Spatializations focused on the following soil parameters: soil reaction (pH), electrical
conductivity (EC), organic carbon (OC), calcium carbonates (CaCO3), nutrient macro-elements,
respectively total nitrogen (N), mobile phosphorus (P ) and mobile potassium (K), particle size
fractions: clay, silt, sand.

Ordinary kriging is the simplest method and is based on the concept of spatial
autocorrelation, with values at unknown points being interpolated based on values at neighboring
known points that are assigned weights determined based on the semi-variogram. This method was
implemented through the ArcGIS 10.8 software (ESRI, https://www.esri.com/en-us/arcgis/), using
the Geostatistical Analyst module.

The regression-kriging method combines regression analysis, by which prediction is made
based on explanatory factors, with ordinary kriging, which is used to interpolate the regression
residuals. The method is applied in 2 main stages: based on the multiple regression analysis, a
regression equation is determined which is used to estimate the dependent (soil) variable; the
regression residuals are interpolated by ordinary kriging and the spatial model of the residuals is
summed with the spatial regression model, resulting in the final model. Due to these
characteristics, theoretically, the regression-kriging model is superior to the one resulting from
ordinary kriging. To apply this method, the statistical analysis program XLSTAT
(https://help.xlIstat.com/) was used, for the regression analysis and the ArcGIS program,
respectively the Geostatistical Analyst module, for the kriging analysis.

The Geographically Weighted Regression (GWR) method developed by Fotheringham et
al. (2002) is a more complex spatialization method that involves the application of simple or
multiple regression at the local level, within moving windows of fixed or variable size. The points
that are included inside the moving window are used to estimate the value at the center point of
the window. These points are assigned different weights according to a Gaussian function, so that
points closer to the center of the window receive higher weights. The method was applied using
the ArcGIS 10.8 program, respectively the Geographically Weighted Regression module.

If we couple the GWR method with the determination and interpolation of residuals by
ordinary kriging, we obtain the next method applied in the present study, namely geographically
weighted regression combined with ordinary kriging of residuals. In this case, the regression
analysis (GWR) was performed using the Geographically Weighted Regression module, and the
kriging analysis using the Geostatistical Analyst module, both within the ArcGIS program.

The machine learning methods assume the application of negative feedback mechanisms
through which the program learns to improve the prediction, by iteratively adjusting the model
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parameters. Within the project, we applied the ensemble of Ensemble machine learning (EML)
methods described by Hengl (2021), which integrates 5 machine learning algorithms:
"regr.cvglmnet” - Generalized Linear Model with Lasso or Elasticnet Regularization, “regr.ksvm”
- Support Vector Machines, "regr.nnet” - Neural Network, "regr.ranger" - Random Forests,
"regr.xgboost” - eXtreme Gradient Boosting.

Act 2.2 — The selection of the optimum method for each soil parameters by independent sample
validation and statistical validation (using quality indices like R?, RMSE, MAE)

Each of the applied methods led to the realization of a set of maps regarding soil parameters
from the LUCAS database. The selection of the optimal model was carried out by validation with
an independent sample: initially a random sample was selected representing approx. 15% of the
total points with soil data, which was not used for the model computation; the achieved models
were applied to the points in the validation sample; their performance was evaluated by means of
several statistical quality indices: coefficient of determination (R2), root mean square error
(RMSE), mean absolute error (MAE), mean error (ME). In order to refine this validation stage and
ensure the stability of the mentioned quality indices, we proceeded to re-sampling the validation
data, respectively to the random extraction of 100 samples from the validation sample, representing
about 85% of the total, followed by calculation of the mentioned statistical parameters, including
their confidence intervals. This resampling was done using the Resampling Stats Addin developed
by Bruce P. (https://resample.statistics.com/excel/). The results of the validation are presented in
deliverable 18. Based on this validation, the optimal methods for each soil parameter were
selected (deliverable 19).

Act 2.3 — Achievement of a high resolution soil database (100x100 m) in raster format,
comprising the optimum spatial models identified within activity A 2.2

The results of the validation stage show that the optimal methods are, in most cases, the
machine learning (EML) and regression-kriging (RK) methods. Superior predictions were
obtained for pH, organic carbon and calcium carbonates, moderate predictions for electrical
conductivity, nitrogen, dust and sand, while the weakest prediction characterizes phosphorus
content. The spatial models selected as optimal are presented in deliverables L20 — L29 and
constitute part of the soil data that will be used for the assessment of soil quality in relation to
agricultural crops, in the following activities of the project.

Act 2.4 — Application of the standard land evaluation methodology used in Romania for the
assessment of the current land suitability for the main crops, using the climatic data of the 1961-
1990 and 1991-2013 periods. The analysis of land suitability evolution

The analysis of the evolution of the climatic factors’ suitability for the main field crops in
the recent period first assumed the creation of maps of average annual temperatures and



precipitations for 2 sub-periods (1961-1990 - the reference climatic period and 1991-2019 - the
recent period affected by climate changes). We note that, compared to the initial proposal, in which
we considered the period 1991-2013, because the ROCADA data stop in 2013, we have meanwhile
extended this recent period to 2019, because we decided to use the available CHELSA data.
Therefore, for the climatic reference period (1961-1990) we used ROCADA data (Dumitrescu,
Birsan, 2015), data interpolated on the basis of meteorological stations within a grid with an
equidistant distance of approx. 10 km and which were downscaled to the resolution of 100 m
through the regression-kriging technique using elevation as an explanatory variable. For the recent
period, we used CHELSA database (https://chelsa-climate.org/), a global raster data with a
resolution of about 800 m, which we downscaled to the same resolution of 100 m by bilinear re-
sampling. The spatial distributions of temperatures and precipitation for the 2 sub-periods are
shown in deliverables L 30 — L 33.

According to the Romanian agricultural land evaluation system (ICPA, 1987a),
temperatures and precipitations must be corrected according to the terrain slope and aspect, in the
case of temperatures, and according to the slope and soil permeability, in the case of precipitations.
To obtain the slopes and aspects, we used the EU-DEM (European Environment Agency) digital
elevation model, extracted for the territory of Romania, with a resolution of 25 m, while the
estimation of soil permeability was carried out according to the hydrological reaction class of the
soil, determined based on soil type, texture and degree of surface erosion (ICPA, 1987 b),
parameters inferred on the basis of the Romanian soil map 1:200000 in digital (vector) format. The
corrected temperature and precipitation maps achieved for the 2 time periods are shown in
deliverables L 34 — L 37.

Further, the temperature and precipitation data were classified according to the land
evaluation methodology (ICPA, 1987a), and the classes were assigned the suitability coefficients
specified by the methodology for the main agricultural crops. By converting the suitability
coefficients into raster format, the temperature and precipitation suitability maps for the 2 periods
(1961-1990, 1991-2019) were achieved, displayed in deliverables L 38 — L 41 for the winter wheat.

Following the analysis carried out so far, the following conclusions can be drawn:

e The Romanian agricultural land evaluation system should be updated to include
average annual temperatures higher than 12°C, both at the level of the corrected
temperature indicator and at the level of suitability coefficients, temperatures which
have occurred recently as a result of climate warming.

e The classes of hydrological reaction, based on which the soil permeability was
estimated, are not completely defined (there are soil-erosion-texture type combinations
that are not included in the table).

e Due to the recent climate changes, there are areas of the country with high precipitation
and high temperatures for which suitability coefficients are not defined.

e Recent climate changes cause significant modifications in temperature and
precipitation suitability for agricultural crops, which requires the use of current climate
data in the application of the land evaluation methodology.


https://chelsa-climate.org/

Act 2.5 - Application of the standard agricultural land evaluation methodology used in Romania
for the evaluation of land suitability for the main field crops, using the estimated climatic factors
of 2041-2060 and 2061-2080 periods under 2 scenarios of climate change (RCP 4.5 and 8.5).
The analysis of the future evolution of land suitability

For the analysis of the future evolution of climatic suitability for agricultural crops, we
used CHELSA v2.1 data (https://chelsa-climate.org/, temperatures and precipitation) for the
periods 2041-2060 and 2061-2080 and 2 extreme evolution scenarios of atmospheric carbon
dioxide: the RCP 4.5 scenario, more optimistic, and the 8.5 scenario, more pessimistic. Also, to
minimize uncertainty, we used the average prediction derived from several climate models. The
resulting spatial models are rendered in deliverables L42 — L49.

At the temperature level, climate warming is clearly observed, from an average for
Romania of 10.46°C, in the current period (1991-2019) to 11.47°C in the period 2041-2060, under
the RCP 4.5 scenario, and to 12.12°C under the RCP 8.5 scenario. For the period 2061-2080, the
temperature is predicted to reach an average annual value of 12.1°C, under the RCP 4.5 scenario,
and 13.4°C, under the RCP 8.5 scenario.

In the case of the average annual precipitations, there is a trend of increasing values in the
first period, from the current average of approx. 635 mm/year, to 654 mm/year in 2041-2060,
under the RCP 4.5 scenario, and to 651 mm/year, under the RCP 8.5 scenario. For the period 2061-
2080, a decrease in average annual precipitation is projected to lower values than at present,
namely to 626 mm/year, under the RCP 4.5 scenario, and to 614 mm/year, under the RCP 8.5
scenario.

DELIVRABLES

The erosion factors according to RUSLE model
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Current average annual erosion rates computed by RUSLE model
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Projected values of rainfall erosivity for 2041-2060, 2061-2080 periods and RCP 4.5, RCP
8.5 scenarios
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Differences between projected and current soil erosion rates (2041-2060, 2061-2080) under
2 scenarios of atmospheric CO> evolution (RCP 4.5, RCP 8.5)
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The predictors used in spatial modeling procedures to explain the spatial distributions of
soil parameters
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L 18 - Mean values and standard deviations of quality statistical indices computed for 100
resampled validation datasets

pH EC
Method” r ME MAE RMSE R? ME MAE RMSE
OK 0.417+0.067 0.060+0.087 0.683+0.535 0.953+0.057 | 0.187+0.085 0.499:+0.964 6.899+5.882 | 11.325+1.861
RK 0.464:+0.061 0.048+0.077 0.685+0.523 0.918+0.048 | 0.219+0.086 0.454+0.898 692445928 | 11.130+1.809
GWR 0.469:£0.064 0.006:+0.074 0.752+0.585 0.91240.059 | 0.189+0.068 -0.325+1.163 845749116 |  13.15241.461
GWR-OK 0.462:+0.061 0.03740.078 0.729+0.591 0.916+0.053 |  0.241£0.064 | -19.828+1.197 |  22.253+13.763 |  24.540+1.097
EML 0.458+0.063 0.4500.071 0.766+0.630 1.019+0.058 | 0.23620.062 -0.044+0.923 7.903+7.670 | 11.087+1.686
oC CaCO,
Method R ME MAE RMSE R’ ME MAE RMSE
OK 0.359:£0.109 -2.157:+0.900 7.062+7.658 10.576+0.795 | 0.300£0.114 0.41241.848 | 13.236+17.824 |  21.96742.519
RK 0.443+0.102 -1.964:+0.830 8.662+8.919 9.918+0.877 |  0.328%0.116 0.40141.830 | 12.889+15.600 |  21.283+2.596
GWR 0.322+0.118 3.175+1.544 7.850+8.321 17.39145219 | 0.328+0.134 S0.12741.934 | 15.067+19.456 |  22.888+2.639
GWR-0K 0.302+0.116 -2.597+1.553 14.582+23 883 17.02545.144 | 0.330£0.133 -0.004+1.824 | 11.053+16.254 |  23.46742.728
EML 0.353+0.096 -0.973+0.858 8.14149.673 9.849+0.883 | 0.30240.117 0.77341.915 | 12442414421 |  21.93042.870
p N
Method R ME MAE RMSE R? ME MAE RMSE
OK 0.015+0.021 -0.479+1.709 13.522417.310 19.32342.809 | 0.258+0.084 -0.106+0.079 0.608+0.536 0.896:+0.070
RK 0.044+0.031 -0.850+1.687 11.306+13.397 18.583+2.629 | 0.290+0.083 -0.094+0.077 0.748+0.746 0.881+0.080
GWR 0.015+0.027 -2.506:+2.446 17.030429.201 28.15144.976 | 0.2530.077 -0.191+0.101 0.659+0.587 1.084+0.110
GWR-OK 0.015+0.025 -2.466+2.082 22.041£39.497 2935944993 | 0.232+0.076 -0.178+0.084 0.926+0.886 1.105+0.119
EML 0.026+0.026 -0.384+1.614 11.516%14.592 19.443+2.554 | 0.25420.071 -0.007+0.073 0.648+0.737 0.852+0.068
K Clay
Method R ME MAE RMSE R’ ME MAE RMSE
OK 0.109:+£0.033 4679416572 | 133364205054 | 193.815441.131 | 0.109+0.044 0.99241.587 |  17.247+11.933 |  18.916+0.733
RK 0.118+0.033 -2.227417.079 98.735493.881 |  199.578+45.173 |  0.094+0.039 1.124+1.253 | 15.8304£11.137 | 18.9550.713
GWR 0.037+0.030 | -29.609+24.494 |  177.696+264.839 |  251.989+39.698 |  0.082+0.051 0.713+1.494 | 16.407+13.865 |  20.571+1.276
GWR-OK 0.038+0.029 |  -27.082+18.855 |  185.1334274.005 |  257.506+40.348 |  0.075+0.041 0.559+41.584 | 13.438+13.097 |  20.722+1.189
EML 0.150£0.048 0.059+16.672 | 1132754198039 |  194.797+44.996 |  0.11240.050 0.808+41.296 |  12.925+10.620 |  18.763+0.874
Silt Sand
Method R ME MAE RMSE R’ ME MAE RMSE
OK 0.187+0.051 -0.200+1.217 14.177+13.070 17.103+1.160 | 0.30320.061 -0.87141.396 | 12.570+10.853 |  16.746+1.067
RK 0.201:£0.052 -0.293+1.016 11.75611.172 16.82540.951 | 0.32620.060 -0.967+1.092 11.146+9.133 | 16.280+1.003
GWR 0.155+0.047 0.347+1.389 14.852413.195 18.286+1.078 | 0.18240.056 J0.438+41.224 | 12584412912 |  18.905+1.182
GWR-OK 0.164+0.048 0.2231.357 11.832+11.213 18.270+1.161 | 0.19620.059 -0.41941.437 | 13.810£14.993 |  18.889+1.127
EML 0.190+0.061 0.206+1.242 10.123+9.202 17.04741.200 | 0.331%0.059 S0.84741.204 | 1291211178 | 16.158+1.003

L 19 - The optimum models identified by quality statistical indices computed for validation

samples
Parameter The optimgm Regression equation“ GWR predictors EML predictors
methods

pH (H,0) |EML, GWR, pH = 2.954-0.00195 x DEM + 0.155 x LON DEM DEM, LON, NDVI

GWR-OK, RK
EC EML, RK EC =4.641 + 0.01639 x DEM + 0.888 x TWI - All predictors
oC RK OC =-0.406 + 0.0351 x DEM + 1.245 x TWI - -
CaCO; GWR-OK, RK, GWR | CaCOj3 = -51.392-0.0199 x DEM + 2.643 x LON + 0.722 x SLOPE - -
P RK, EML P =-77.223 + 0.0044 x DEM + 3.028 x TWI + 8.970 x NDVI + 1.334 x LAT- - -

0.092 x LON + 0.135 x SLOPE
N RK, EML, OK N=-3.411+0.00177 x DEM + 0.111 x LAT - DEM, LAT, TWI
K EML - DEM, NDVI, SLOPE, | All predictors
TWI
Clay EML - - All predictors
Silt RK, EML Silt = -22.532 +2.186 x LON +0.00711 x DEM - DEM, SLOPE, TWI,
LAT,LON

Sand EML, RK - - All predictors
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The optimum spatial models of soil parameters identified by validation process
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Uncorrected average annual temperatures for 1961-1990, 1990-2019 periods derived from
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Uncorrected average annual precipitations for 1961-1990, 1990-2019 periods derived from

CHELSA data

Average annual temperatures corrected according to terrain slope and aspect for 1961-
1990, 1990-2019 periods
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Average annual precipitations corrected according to slope and soil permeability for 1961-
1990, 1990-2019 periods
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Suitability coefficients for winter wheat for average annual temperature in 1961-1990 ,
1990-2019 periods
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Suitability coefficients for winter wheat for average annual precipitations in 1961-1990 ,
1990-2019 periods
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Evolution of average annual temperatures in 2041-2060 and 2061-2080 periods under RCP
4.5 si RCP 8.5 scenarios
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Evolution of average annual precipitations in 2041-2060 and 2061-2080 periods under RCP
4.5 si RCP 8.5 scenarios
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RESULTS DISSEMINATION

The results achieved during stage 11 / 2023 of the project were disseminated as follows::

e 4 articles were published in ISI ranked journals, of which 2 were sent to evaluation
during the first stage of the project:

o Patriche CV, Rosca B, Pirnau RG, Vasiliniuc I (2023) Spatial modelling of
topsoil properties in Romania using geostatistical methods and machine
learning. PLoS ONE 18(8): €0289286.
https://doi.org/10.1371/journal.pone.0289286, IF 3.7, AIS 0.946

o Patriche C.V., Rosca B., Pirniu R.G., Vasiliniuc 1., Irimia L.M. (2023).
Simulation of Rainfall Erosivity Dynamics in Romania under Climate Change
Scenarios. Sustainability, 15, 1469. https://doi.org/10.3390/su15021469, IF =
3.9, AIS =0.527
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o Patriche CV, Applying RUSLE for soil erosion estimation in Romania under
current an future climate scenarios, Geoderma Regional, 34 (2023) e00687.
https://doi.org/10.1016/j.geodrs.2023.e00687, IF 4.1, AlS 0.72

o Pravilie R., Niculitd M., Rosca B., Patriche C.V., Dumitrascu M., Marin Gh.,
Nita I.A., Bandoc G., Birsan M.V. (2023). Modelling forest biomass dynamics
in relation to climate change in Romania using complex data and machine
learning algorithms. Stochastic Environmental Research and Risk Assessment,
37(5), p. 1669-1695, IF = 4.2, AIS = 0.657.

e 10 scientific communications were presented at 8 scientific conferences, of which 3
organized abroad:

o European Geosciences Union (EGU) General Assembly, 23-28 April, Viena,
Austria. Presentations:

- Patriche C.V., Vasiliniuc L., Rosca B., Pirniau R.G., Simulation of
spatial and temporal dynamics of soil organic carbon reserve in
Romania (poster presentation).

o The 44th World Congress of Vine and Wine, OIV, 5 - 9 June 2023, Cadiz /
Jerez de la Frontera, Spain. Presentations:

- Patriche C.V., Irimia L.M., Assessing the impact of climate change
on the Romanian viticulture (poster presentation).

- Irimia L.M., Patriche C.V., Quenol H, Petitjean T., Tissot C.,
Santesteban L.G., Hofmann M., Neethling E., Foss C., De Resseguier
L., Le Roux R. Spatial shifts of suitability for the wine production in
European wine regions (poster presentation).

o Suitma 12th Conference on Soils of Urban, Industrial, Traffic, Mining and
Military Areas, Santiago de Compostela, 4—7 September 2023. Presentations:

- Pirnau R.G., Rosca B., Tencariu F., Asandulesei A., Patriche C.V.,
Vasiliniuc 1., Towards standardization of archaeological soils
classification and mapping with WRB (poster).

o International GIS Symposium, BACKUP Edition, Edition XXI1X-a, Iasi,
30.03.2023. Presentations:

- Patriche C.V,, Rosca B., Pirnau R.G., Irimia L.M., Vasiliniuc I.,
The potential impact of climate change on surface soil erosion
processes in Romania (oral communication).

- Rosca B., Pirniu R.G., Patriche C.V., Vasiliniuc 1., Updating spatial
databases using OpenSource applications for field data collection

o 36éme Colloque de I’Association Internationale de Climatologie, 3 — 7 Juillet
2023, Bucharest, Roumanie:

- Patriche C.V,, Irimia L.M., The impact of climate change on the
Romanian viticulture (poster).

o National symposium with international participation "Pedogenetic factors
and processes from the temperate zone", Edition XXXII, within lasi
Academic Days, Bacau, 4-8 october 2023. Presentations :
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- Patriche C.V., Rosca B., Pirnau R.G., Irimia L.M., Vasiliniuc I.,
Assessment of the impact of climate change on land suitability for the
main agricultural crops in Romania (oral communication).

o Annual Geography Symposium within lasi Academic Days, Edition XXXVIII,
12 october 2023, Iasi. Presentations:

- Patriche C.V., Rosca B., Irimia L.M., Pirniau R.G., Vasiliniuc 1.
(2023). The digital mapping, at the level of Romania, of the climatic
and terrain parameters that condition the performance of agricultural
crops (oral communication).

o Scientific National Symposium with international participation ,, Mircea
Savul”, 28 october 2023, Iasi. Presentations:

- Patriche C.V., Grozavu A., Rosca B., Vasiliniuc I., Pirniu R.G.,
Applications of Geographical Information Systems for quantifying the
terrain landslide susceptibility and surface soil erosion rates (poster).

STAGE SUMMARY

Stage Il / 2023 of the project entitled: Modeling the current and future favorability of the
land for agricultural crops in Romania in different climate change scenarios had as its main
objectives the spatial modeling of the soil parameters that define its quality in relation to
agricultural uses, as well as the evaluation the land suitability for the main crops in Romania, under
the climate change influences.

For the spatial modeling of soil parameters, soil data extracted from the European LUCAS
database were used (soil reaction, electrical conductivity, organic carbon, calcium carbonates, total
nitrogen, mobile phosphorus, mobile potassium, clay, silt and sand contents), which were
spatialized using different methods, namely ordinary kriging, regression-kriging, geographically
weighted regression, geographically weighted regression combined with ordinary residual kriging
(GWR-OK), machine learning methods. The optimal methods for each parameter were selected
based on independent sample validation using statistical quality indices (determination coefficient,
mean squared error, mean absolute error, mean error) and by refining through re-sampling the
validation data. The results of the validation stage show that the optimal methods are, in most
cases, the machine learning and regression-kriging methods. Superior predictions were obtained
for pH, organic carbon and calcium carbonates, moderate predictions for electrical conductivity,
nitrogen, silt and sand, while the weakest prediction characterizes phosphorus content.

The analysis of the land suitability for the main agricultural crops in Romania and its
evolution over time followed the quantification of the climatic factors (average annual
temperatures and precipitations) according to the Romanian land evaluation methodology,
respectively the application of slope - aspect corrections for temperatures and slope — soil
permeability corrections for precipitation, at the level of 2 time periods, namely the reference
climate period of 1961-1990 and the recent period of 1991-2019, affected by important climate
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changes. The results show the importance of updating the Romanian land evaluation system
because, as a result of recent climate changes, there have been areas in the country with high
precipitation and temperatures for which suitability coefficients are not defined in the
methodology. For the analysis of the future evolution of the land suitability in relation to the main
agricultural crops, we have used the CHELSA data for the periods 2041-2060 and 2061-2080 and
2 extreme scenarios of the evolution of atmospheric carbon dioxide: the more optimistic RCP 4.5
scenario and the RCP 8.5 scenario, more pessimistic. Also, to minimize uncertainty, we used the
average predictions derived from several climate models. The manifestation of climate warming
is clearly observed, while at the level of precipitation, the trend is one of increase in the first period
(2041-2060) and decrease in the second period (2061-2080) below the current precipitation levels.
These changes will certainly have important effects on climatic suitability for agricultural crops,
which we are going to quantify in the next stage of the project.
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