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Abstract

This study investigates the spatiotemporal dynamics of Land Use/Land Cover (LULC)
along precipitation gradients across Tiirkiye by integrating high-resolution satellite-based
precipitation datasets (CHIRPS, TerraClimate, and TRMM) with the European Space
Agency (ESA) WorldCover (10 m) product and multi-sensor Normalized Difference Vege-
tation Index (NDVI) composites (Landsat, MODIS, Sentinel-2). Tiirkiye’s heterogeneous
climate, characterized by a sharp contrast between humid coastal belts and semi-arid interi-
ors, serves as a natural laboratory to assess ecosystem responses to moisture availability.
The results reveal a systematic and non-linear transformation of LULC classes as precipita-
tion increases. In low-rainfall zones (200400 mm), agricultural activities and bare surfaces
predominate, reflecting human-induced land management in water-constrained environ-
ments. A critical ecological threshold was identified between 400 mm and 700 mm, where
grassland areas expand rapidly, becoming the dominant class. Beyond the 900 mm isohyet,
forest cover exhibits a sharp increase, approaching nearly 100% dominance in regions
exceeding 1200 mm, effectively displacing other LULC categories. Comparative analysis of
precipitation products shows that while all datasets capture the “coastal-wet/inland-dry”
pattern, TRMM tends to overestimate winter precipitation (exceeding 100 mm), whereas
CHIRPS and TerraClimate provide more conservative estimates (75-80 mm). Overlay
analyses between seasonal NDVI and precipitation confirm a pronounced “time-lag effect”
in vegetation phenology. Despite peak precipitation occurring in winter (~75 mm), NDVI
reaches its minimum (~0.03) due to thermal limitations and dormancy. Conversely, veg-
etation greenness peaks during the dry summer months (NDVI ~0.14 to 0.40), utilizing
antecedent soil moisture stored during the spring recharge. High-resolution Sentinel-2
data proved superior in delineating micro-topographic vegetation responses compared
to Landsat and MODIS. These findings provide a scientific baseline for sustainable land
management and climate adaptation strategies, highlighting that precipitation thresholds
are the primary determinants of Tiirkiye’s ecological boundaries.

Keywords: LULC dynamics; precipitation gradients; NDVI; remote sensing; eco-climatology;
Tiirkiye
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1. Introduction

The dynamics of land cover are changing rapidly due to the combined effects of climate
change and growing anthropogenic pressures, which exert a strong influence on ecosystem
structure and function [1-3]. Such alterations are not merely reflective of a change in
surface features but also deeper changes in biogeophysical and biogeochemical processes
that govern ecosystem activity. Therefore, to better interpret ecosystem reactions, gauge
environmental resilience, and understand the effects of global change agents on ecological
processes, it is necessary to know the dynamics of land cover [4,5]. Particularly in semi-arid
and arid regions, the spatial and temporal distribution of precipitation stands out as a
decisive control mechanism over land cover. In this context, studying land cover changes
along precipitation gradients is of great importance for understanding the responses of
ecosystems to climate variability [6,7].

Tiirkiye has a highly heterogeneous precipitation regime due to its location at the
intersection of different climate types [8-10]. While high and regular rainfall is observed
along the Black Sea coast, drier and more variable rainfall conditions prevail in the Central
and Eastern Anatolia regions [11]. This diversity directly affects the spatial distribution of
land cover, leading to the formation of different classes such as forests, pastures, agricultural
areas, and bare surfaces. Therefore, studying land cover changes related to precipitation
gradients across Tiirkiye is a critical research area for the sustainability of both natural
ecosystems and agricultural production [12-14].

In recent years, the development of remote sensing and re-analysis datasets has made
it possible to conduct long-term and high-resolution environmental analyses. Datasets
such as CHIRPS (Climate Hazards Group InfraRed Precipitation with Station data), Ter-
raClimate, and TRMM (Tropical Rainfall Measuring Mission), which are widely used in
obtaining precipitation data, provide reliable information at different spatial and temporal
resolutions [15,16]. The combined use of these datasets allows for a more comprehensive
assessment of both long-term trends and short-term variability of precipitation. On the
other hand, the ESA WorldCover dataset, used in land cover classifications, provides de-
tailed land cover information on a global scale thanks to its high spatial resolution (10 m).
In the literature, studies examining the relationship between land cover and precipitation
have generally been limited to specific regions or have been based on analyses from a
single dataset. However, the number of studies integrating different data sources is limited,
and research that addresses land cover dynamics related to precipitation gradients with a
holistic approach, especially on a Turkish scale, is not sufficiently developed. This situation
necessitates demonstrating the advantages of using multi-source datasets together [17,18].

This research seeks to answer the following questions, which previous studies have
not fully addressed: Under Tiirkiye’s heterogeneous climate regime, to what extent do
different remote sensing-based precipitation datasets (CHIRPS, TerraClimate, TRMM)
show consistent relationships with land cover classes, and under what conditions do the
sensitivity differences between these datasets become most apparent? At which specific
precipitation thresholds do nonlinear transitions between land cover classes occur along
the precipitation gradient, and how can these thresholds be mapped at high resolution
across the national scale? Finally, how much of a time-lag does vegetation’s phenological
response to precipitation variability exhibit at the seasonal scale, particularly in semi-
arid interior regions, and how can this lag be spatially demonstrated using multi-sensor
NDVI data?

The existing literature has generally offered only partial answers to these questions,
relying on single-source datasets, regional-scale analyses, or approaches that assume
linear relationships. For instance, Karabulut [19] used NDVI time series to evaluate how
extreme meteorological events, such as drought and excessive moisture, affect vegetation
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dynamics, focusing on the physiological resistance and temporal adaptation of different
vegetation types under stress conditions. Similarly, Celik [20] highlighted the value of
integrating remote sensing data with climatic variables to determine the spatial extent
and severity of drought, comparing the performance of different remote sensing- and
climate-based drought assessment approaches. While such studies demonstrate the utility
of individual remote sensing products for characterizing vegetation—climate interactions,
they remain confined to single data sources or specific stress events, and studies providing
an integrated, threshold-focused, and nationally scaled framework using multi-source data
remain limited.

This study addresses this gap by integrating multi-source precipitation data (CHIRPS,
TerraClimate, and TRMM) with ESA WorldCover and multi-sensor NDVI (Landsat, MODIS,
Sentinel-2) products. The novelty of the research lies in presenting a comparative analy-
sis of the spectral and spatial sensitivities of different remote sensing products, as well
as in concretizing the control mechanism of climatic variability on land cover within a
high-resolution spatial framework. The main objective of this study is to analyze land
cover dynamics along precipitation gradients across Tiirkiye and to reveal these relation-
ships through the integration of land cover data with different satellite-based precipitation
datasets. In this context, long-term precipitation data (1998-2019) from CHIRPS, TerraCli-
mate, and TRMM datasets are spatially overlaid with the 2021 ESA WorldCover land cover
map to analyze the relationship between precipitation and land cover distribution.

2. Data and Methods
2.1. Study Area

In Tiirkiye, agricultural areas constitute a significant portion of land use, covering
approximately 30-35% of the total surface area [21,22]. These agricultural areas are con-
centrated in regions with extensive plains and favorable climatic conditions, primarily
in Central Anatolia, Southeastern Anatolia, and the Aegean Region. In contrast, forests
and scrubland comprise approximately 28-30% of the country’s surface area, and are
widespread, particularly along the Black Sea and Mediterranean regions, due to the influ-
ence of humid and temperate climates [23]. Meadows and pastures cover approximately
18-20% of the total area, occupying a large area, especially in Eastern Anatolia, and play-
ing a critical role in livestock farming [24]. Tiirkiye’s average elevation is approximately
1130 m (Figure 1), and the rugged topography significantly limits land use and determines
the spatial distribution of agricultural activities. Climate diversity also directly influences
land use patterns [25,26]. The Black Sea climate allows for a concentration of forests, the
Mediterranean climate increases the diversity of agricultural products, and the continental
climate leads to the prominence of pasture areas and grain production in the interior and
eastern regions. In this context, land use patterns in Tiirkiye are shaped by the combined
influence of topography and climate factors, exhibiting significant regional differences.

2.2. Data

CHIRPS is a high-resolution, long-term precipitation dataset based on a combination
of satellite observations and ground station data. Spanning from 1981 to the present,
this dataset has a spatial resolution of approximately 0.05° (~5 km) and is widely used
in monitoring precipitation, particularly in semi-arid and arid regions. Thanks to the
integration of infrared satellite data and station measurements, CHIRPS provides data
continuity over wide areas and increases accuracy. The literature shows that it successfully
represents the spatial distribution of precipitation in regions with complex topography,
such as Tiirkiye; however, it may contain some uncertainties in mountainous areas and in
cases of intense convective precipitation. Therefore, CHIRPS is considered a reliable data
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source for long-term precipitation analyses and the investigation of land cover-precipitation
relationships [27-29].
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Figure 1. Location map and digital elevation model (DEM) of Tiirkiye.

TerraClimate is a high-spatial-resolution (~4 km) and globally comprehensive climate
dataset, created by combining long-term climate normals with reanalysis data. It provides
data on many climate variables, primarily precipitation, but also temperature, evapotran-
spiration, and water balance, on a monthly time scale. The dataset is specifically designed
for hydrological and ecological studies and offers significant advantages in terms of both
spatial detail and time-series consistency. Literature indicates that in regions with complex
topography, such as Tiirkiye, TerraClimate data successfully represents the regional distri-
bution of precipitation, although it may contain some discrepancies at the local level. In
this study, the TerraClimate dataset was used to analyze the spatial and temporal variation
in precipitation and to compare it with other satellite-based datasets [30-32].

TRMM is a satellite-based rainfall measurement mission developed by NASA and
JAXA and active between 1998 and 2019. This dataset has a spatial resolution of approxi-
mately 0.25° and is designed specifically for monitoring rainfall in tropical and subtropical
regions. Thanks to its radar and microwave sensors, TRMM offers estimates close to direct
rainfall measurements, providing a significant advantage in identifying short-duration
and intense rainfall events. However, its relatively low spatial resolution and limited data
coverage at high latitudes present some disadvantages. Studies in mid-latitude regions
like Tuirkiye indicate that TRMM data successfully represents the general distribution of
rainfall, but may not fully reflect local variations, especially in mountainous areas. In this
study, the TRMM dataset was evaluated in conjunction with other rainfall data sources to
conduct comparative analyses [33-35].
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ESA WorldCover is a highly detailed dataset developed by the European Space
Agency (ESA) that provides land cover information at a spatial resolution of 10 m on
a global scale (Table 1). Produced by combining data from the Sentinel-1 and Sentinel-2
satellites, this dataset covers various land cover classes such as forest, agricultural land,
grassland /pasture, settlement area, and bare surface. Its high spatial resolution provides
significant advantages, particularly in regional and local-scale land cover analyses. While
the literature indicates that ESA WorldCover data provides reliable results in terms of
classification accuracy and currency, it is also noted that it may contain classification errors
in some complex transition zones. In this study, the ESA WorldCover dataset was used as
the primary data source to analyze the spatial distribution of land cover classes depending
on rainfall gradients [36-38].

Table 1. Summary of geospatial and climate datasets used in the study.

Start Year of

Spatial Temporal Main Areas Period Used Purpose of Use in
Data Set Data Type Data . Resolution Resolution Data Source (General) in This Study This Study
Production
Satellite Eﬁ:i;?erize
infrared (IR) Drought )
N . ong-term
observations analysis, recipitation
S 5 . combined hydrological preaip
CHIRPS Precipitation 1981—present ~0.05° (~5km)  Daily, monthly with in-situ modeling 1998-2019 gradients and to
rain gauge climate change dlefme ];;rec1p1t§t110 n
measure- studies classes for spatia
ments overlay with LULC
and NDVI data
Used for
. comparative
Eﬁﬁgfele Statistical Climate trend validation of the
variables ~1/24° derivation of analysis, water spatial and
TerraClimate R 1958—present k Monthly CRU +]JRA55  balance, 1998-2019 temporal
(precipitation, (~4 km) reanalysis agricultural precipitation
temperature, dat deli distributi inst
PET, ctc.) ata modeling istribution agains
T CHIRPS and
TRMM
Used for
comparative
Tropical evaluation of
Satellite radar ~ rainfall }s;rteililpl)tii:zia;ﬁd
TRMM Precipitation  1998-2019 ~0.25 3h, daily, and analysis, flood 1995 2019 estimates,
(~25 km) monthly microwave modeling, . .
sensors atmospheric particularly winter
studies Pprecipitation
overestimation
relative to
CHIRPS/TerraClimate
Used as the
Sentinel-1 Land use reference lafn d
and change cover map for
2020 (and . ’ spatial overlay with
ESA Sentinel-2 ecosystem R
LULC updated 10 m Annual . . 2021 precipitation classes
WorldCover . satellite data analysis,
versions) + machine carbon stock to analyze LULC
learnin studies distribution along
8 precipitation
gradients
2.3. Methods

To ensure consistency among the Landsat, MODIS, and Sentinel-2 NDVI datasets,
a comprehensive preprocessing workflow was applied within the Google Earth Engine
(GEE) platform. Cloud contamination was masked using the quality assessment (QA)
bands and cloud probability layers provided with each product; atmospheric effects were
minimized using the Sen2Cor-derived Level-2A surface reflectance products for Sentinel-2
and the ready-to-use surface reflectance products for Landsat. Temporal harmonization was
achieved by generating monthly NDVI composites using the Maximum Value Composite
(MVC) approach, in which the highest NDVI value within each month was selected;
this approach reduces the influence of residual clouds and short-term variability while
preserving peak vegetation signals. Due to differences in spatial resolution among the
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datasets (MODIS: 250 m, Landsat: 30 m, Sentinel-2: 10 m), all datasets were reprojected
to a common coordinate reference system (WGS 84/UTM appropriate to the study area),
and spatial alignment was ensured by matching pixel grids and geographic extents; where
resolution conversion was required, the nearest-neighbor resampling method was applied
to preserve original spectral characteristics, and no additional interpolation was applied to
avoid introducing uncertainty into the NDVI values. The complete workflow including data
acquisition, quality filtering, cloud masking, atmospheric correction, temporal compositing,
spatial harmonization, and pixel-based information extraction was carried out within
the Google Earth Engine environment, while final map preparation and cartographic
visualization were completed using Geographic Information System (GIS 10.x) software.

NDVI was computed using the standard formulation based on red and near-infrared
(NIR) spectral reflectance values, expressed as [39,40]. NDVI = (NIR — RED)/(NIR + RED).
NDVI values theoretically range between —1 and +1, where higher values correspond to
denser and more vigorous vegetation cover, whereas lower values indicate sparse vegetation,
bare soil, or non-vegetated surfaces such as water bodies and built-up areas [41,42]. To
minimize noise arising from atmospheric effects, cloud contamination, and sensor-specific
inconsistencies, multi-year composite NDVI products were generated. In this context, datasets
derived from Landsat, MODIS, and Sentinel-2 missions were harmonized through spatial
and temporal alignment procedures and subsequently averaged to produce consistent NDVI
layers suitable for long-term comparative analysis [43,44].

Precipitation data derived from the CHIRPS dataset were used to characterize hydro-
climatic gradients across the study area. In order to evaluate the influence of rainfall
variability on vegetation and land use/land cover (LULC) patterns, precipitation values
were reclassified into discrete zones [45,46]. Two principal classes were defined as low-to-
moderate precipitation regions (200-1600 mm) and high precipitation regions (>1600 mm).
These thresholds were selected to capture the dominant climatic transitions within the
region and to enable a systematic comparison of vegetation responses under contrasting
moisture conditions. A spatial overlay framework was implemented to quantify the inter-
relationships among precipitation regimes, vegetation greenness, and land cover structure.
Initially, precipitation classes derived from CHIRPS data were spatially intersected with
ESA WorldCover LULC products to evaluate the distribution of land cover types across
hydro-climatic gradients [47,48]. Subsequently, seasonal NDVI composites generated from
Landsat, MODIS, and Sentinel-2 datasets [49,50] were overlaid with corresponding seasonal
precipitation layers. This procedure enabled the assessment of vegetation responses to tem-
poral precipitation variability at a seasonal resolution. All spatial datasets were resampled
to a common spatial resolution to ensure analytical consistency. The overlay operations
were conducted within a GIS environment using raster-based spatial intersection tech-
niques. Following these procedures, zonal statistical analyses were applied to extract mean
NDVI values for each precipitation class and LULC category, thereby facilitating quantita-
tive comparisons across environmental gradients. The relationship between precipitation
variability and vegetation dynamics was evaluated through comparative analysis of NDVI
distributions across predefined precipitation zones and seasonal intervals. Variations in
NDVI were interpreted as proxies for changes in vegetation productivity, ecosystem vigor,
and surface greenness response to hydro-climatic forcing. Furthermore, LULC distributions
within distinct precipitation regimes were analyzed to identify potential shifts in land cover
composition associated with changes in moisture availability. This integrative approach
enabled the assessment of coupled interactions among precipitation, vegetation dynamics,
and land cover structure [51,52].

The overall methodological framework consists of sequential analytical steps en-
compassing data acquisition and preprocessing of CHIRPS, TerraClimate, TRMM, ESA

https://doi.org/10.3390/earth7040130


https://doi.org/10.3390/earth7040130

Earth 2026, 7, 130

7 of 25

WorldCover, and multi-sensor NDVI datasets, followed by precipitation classification into
predefined thresholds (Figure 2). Seasonal NDVI composites were subsequently derived
and integrated with precipitation and LULC layers through spatial overlay analysis. Zonal

statistics were then extracted to quantify spatial patterns, and the resulting outputs were

interpreted to elucidate spatiotemporal vegetation—climate relationships. This integrated

methodological design provides a robust and reproducible framework for evaluating the

impacts of precipitation variability on vegetation dynamics and land cover distribution.

1. DATA ACQUISITION & SOURCES

Multi-Sensor NDVI Land Cover Map
(ESA WorldCover)
10 m | 2021

11 Classes

Multi-Year | 250 m - 10 m
16-Day / Monthly

Satellite Rainfall
(TRMM 3B43)

25 km | Monthly
1998-2019

Climate Variables
(TerraClimate)
4 km | Monthly
1958-2019

Precipitation Data
(CHIRPS)
5 km | Daily/Monthly
1981-Present

I
I
I
1
: (Landsat, MODIS, Sentinel-2)
I
I
I
I
I

2. PRE-PROCESSING & HARMONIZATION

Multi-Year Composite NDVI
(Seasonal Aggregation)
Monthly / Seasonal
2000-2023

SR
S

Spatial Alignment & Resampling
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' gore
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Pixel-wise Overlay ?'Str:t;"mo" + Precipitation vs. NDVI + NDVI ~ Precipitation « NDVI ~ s(Precipitation) Thresholds * 95% Confidence
Analysis T Sgnalean Signifi + Metrics: R?, RMSE, MAE « Metrics: R?, EDF, « Breakpoint {(mm) Intervals
5 i o icance (p-value
Are.a F“r?pnrtlon I G g + p-value (<0.05) RMSE, MAE, p-value - 85% CI, R2, RMSE, MAE * Robustness of
+ Variability (SD) Thresholds

4. SCIENTIFIC OUTPUTS

4.1 Spatio-Temporal NDVI Dynamics
(Seasonal Response & Time-Lag)
- Seasonal NDVI Trends
+ Time-Lag Analysis with Precipitation
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4.2 Comparative

(CHIRPS vs TRMM vs TerraClimate)
« LULC Area (%) Along Precipitation Gradients
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+ Uncertainty Comparsion

4.3 Statistical Validation & Interpretation |

- Correlation & Regression Results

= Non-linear Responses (GAM)
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LULC Distributions

==

! : e

Sustainable Land Management & Climate Response Interpretation
Evidence-Based Insights for Policy Support, Ecosystem Conservation,
and Climate Adaptation Strategies in Turkiye

Figure 2. Methodological workflow of the study.

3. Results
3.1. Comparative Analysis of LULC Distribution Along Precipitation Gradients

Figure 3 shows the annual average rainfall distribution across Tiirkiye for the period
1998-2019 using three different rainfall datasets (TerraClimate, CHIRPS, and TRMM), and
reveals the differences in resolution/sensitivity between these datasets. All three datasets
successfully represent Tiirkiye’s fundamental hydroclimatological characteristic: “high
rainfall in coastal areas, low rainfall in inland areas.” The concentration of maximum
rainfall, particularly in the Eastern Black Sea coastal zone, and the arid areas in Central and

Southeastern Anatolia are clearly visible on all maps.
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TerraClimate
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Figure 3. Spatial distribution of mean annual precipitation (mm) across Tiirkiye derived from
TerraClimate, CHIRPS, and TRMM datasets for the 1998-2019 period.

Figure 4 presents the linear trends in annual mean precipitation derived from the
CHIRPS, TerraClimate, and TRMM datasets for the period 1998-2019. All three datasets
indicate a slight positive trend in annual precipitation over the study period, as reflected by
the positive regression slopes. TerraClimate shows the strongest increasing trend (0.18 mm
year 1), followed by CHIRPS (0.15 mm year~!), whereas TRMM exhibits the weakest trend
(0.08 mm year~1). Despite these positive slopes, the coefficients of determination are very
low (R? = 0.03-0.04 for CHIRPS and TerraClimate, and R? = 0.01 for TRMM), indicating
that only a very small proportion of the interannual variability is explained by the linear
trend. Furthermore, the relatively high p-values (CHIRPS: p = 0.43; TerraClimate: p = 0.35;
TRMM: p = 0.63) demonstrate that none of the observed trends are statistically significant at
the 95% confidence level (p < 0.05). The annual precipitation series also exhibits substantial
year-to-year fluctuations, with pronounced wet and dry years occurring throughout the
observation period. These large interannual variations dominate the precipitation record
and largely obscure any long-term linear tendency. Overall, the results suggest that annual
precipitation remained relatively stable between 1998 and 2019, with only weak, statistically
insignificant increasing trends consistently detected across all three precipitation products.
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Linear Trend Analysis of Annual Mean Precipitation (1998-2019)

(A) CHIRPS
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Figure 4. Linear trend analysis of annual mean precipitation derived from (A) CHIRPS, (B) Terra-
Climate, and (C) TRMM datasets for the period 1998-2019. The regression equation, coefficient of
determination (R?), and p-value are shown in each panel.
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The LULC distribution along the rainfall gradient based on CHIRPS data shows a
significant and systematic change in land cover classes as rainfall increases. At low rain-
fall levels (200400 mm), agricultural areas and bare surfaces dominate, reflecting water
scarcity and sparse vegetation. As rainfall reaches moderate levels (400-700 mm), grass-
land areas increase significantly and become the dominant class, indicating that increased
moisture conditions support herbaceous plant growth. Above 600 mm, forest areas begin
to increase rapidly and become the most dominant land cover class after approximately
900 mm. In high rainfall regions (>1200 mm), forest ecosystems become clearly dominant,
while agricultural and bare areas almost completely disappear. Furthermore, the observed
increase in water surfaces, especially at rainfall levels above 1600 mm, may reflect both
hydrological accumulation and the enhanced capability of the satellite-derived dataset to
capture seasonal and temporary variations in surface water extent under wetter condi-
tions. Overall, the results reveal a strong positive relationship between precipitation and
vegetation density, suggesting that precipitation is among the key factors influencing land
cover distribution in Ttirkiye (Figure 5A). The LULC distribution along the precipitation
gradient based on TerraClimate data reveals a significant and sharp transformation in
land cover classes depending on the increase in precipitation. At low precipitation levels
(200-300 mm), bare areas and agricultural lands are dominant, indicating the prevalence of
arid and semi-arid conditions. As precipitation increases to the 300-700 mm range, pasture
areas rapidly increase and become the most dominant land cover class in this range. At
the same time, a gradual decrease in the proportion of agricultural lands is observed in
this transition zone. As precipitation rises above 700 mm, forest areas increase significantly
and become the dominant class, especially in the 900-1200 mm range. After 1200 mm,
forest cover increases very sharply, reaching almost 100%, and other land cover classes
largely disappear. This situation shows that TerraClimate data represents forestation more
dominantly and sharply in high-rainfall regions. On the other hand, a significant increase
in water surfaces is observed at rainfall levels of 1700 mm and above. The dominance of
water surfaces, especially at the 2000 mm level, reflects both the hydrological effects of
high rainfall and the sensitivity of the dataset in these regions. Overall, the results show
that TerraClimate data represents the relationship between rainfall and land cover with
sharper transitions and predominantly highlights forest and water classes, especially in
high-rainfall regions (Figure 5B). The LULC distribution along the rainfall gradient based
on TRMM data shows a gradual and consistent transformation in land cover classes parallel
to the increase in rainfall. Under low rainfall conditions (200400 mm), agricultural areas
are overwhelmingly dominant, revealing that human activities play a decisive role in water-
limited environments. Bare areas and low-density vegetation are also noteworthy in the
same range. As rainfall increases to the 400-800 mm range, grassland areas rapidly increase
and become dominant in this transition zone. This clearly shows that moderate rainfall
supports herbaceous vegetation. A significant decrease in agricultural land is also observed
in this range. Above 800 mm, forest areas increase rapidly and become the dominant land
cover class after approximately 1000 mm. In the 1200-1600 mm range, forest cover reaches
almost 100%, largely eliminating all other land cover classes. This demonstrates that TRMM
data strongly represents forest ecosystems under high rainfall conditions. At even higher
rainfall levels (>1600 mm), a significant increase in water surface area is observed. The
rapid increase in water class, particularly in the 1800-2000 mm range, reflects both the
hydrological effects of increased rainfall and the sensitivity of the TRMM dataset to high
rainfall regions. Overall, the TRMM results reveal a strong and linear relationship between
rainfall and land cover; showing a clear dominance of agriculture in low rainfall, pasture in
moderate rainfall, and forest in high rainfall (Figure 5C).
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Figure 5. LULC distribution along precipitation gradient in Tiirkiye based on CHIRPS, TRMM and
TerraClimate datasets.

Segmented regression revealed distinct precipitation thresholds for different LULC
classes, indicating that land-cover responses to annual precipitation are non-linear.
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Water exhibited the highest breakpoint (1763.03 mm) and the strongest model fit
(R? = 0.99), highlighting its close dependence on precipitation. Forest (873.82 mm;
R? = 0.83) and agriculture (773 mm; R? = 0.98) also showed well-defined thresholds,
suggesting that precipitation is a dominant driver of their spatial distribution. In contrast,
wetlands (200 mm; R? = 0.38), settlements (843 mm; R? = 0.47), and shrublands (621 mm;
R? = 0.46) exhibited weaker relationships, implying that additional factors such as hydrol-
ogy, topography, soil properties, and anthropogenic influences substantially contribute to
their distribution (Table 2).

Table 2. Breakpoint (segmented regression) results for the relationships between annual precipitation
and major LULC classes across Tiirkiye.

LULC Class Breakpoint (mm) R?
Forest 873.82 0.831
Grassland 1400.00 0.737
Water 1763.03 0.994
Wetland 200.08 0.383
Agriculture 773.40 0.983
Settlement 843.33 0.475
Shrubland 621.15 0.458
Bare Land 421.29 0.965

Figure 6 illustrates the nonlinear relationships between mean annual precipitation
and the major land cover classes using Generalized Additive Models (GAMs). Overall, the
results demonstrate that the response of land cover to precipitation is highly nonlinear, with
different land cover types exhibiting distinct ecological thresholds and response patterns.
The generally high coefficients of determination for most classes (R? = 0.52-0.98) indicate
that precipitation is an important driver of land cover distribution, although its influence
varies among ecosystems. Forest exhibits the strongest model performance (R? = 0.98,
p < 0.001), with forest cover increasing rapidly as precipitation rises to approximately
800-900 mm, remaining relatively high under intermediate precipitation conditions, and
reaching a maximum at around 1700-1800 mm before showing a slight decline. Grassland
also shows a strong nonlinear relationship (R? = 0.94, p < 0.001), where cover increases
under moderate precipitation, peaks near 1200-1400 mm, and then declines sharply under
very humid conditions, suggesting a transition toward forest-dominated landscapes. Water
bodies display a pronounced threshold response (R? = 0.78, p < 0.001). Water cover remains
relatively stable across most of the precipitation gradient but increases abruptly under
extremely wet conditions (>1700 mm), indicating that perennial water bodies become
substantially more abundant only in the wettest environments. Wetlands exhibit a weaker
but still significant relationship (R? = 0.52, p = 0.0618), characterized by relatively higher
cover under low precipitation followed by a gradual decline and stabilization, implying that
factors such as topography, groundwater, and hydrological conditions likely exert stronger
controls than precipitation alone. Agricultural land demonstrates a very strong inverse
relationship with precipitation (R? = 0.92, p < 0.001). Agricultural cover is highest under
relatively dry conditions and decreases rapidly as annual precipitation increases, remaining
low throughout humid environments. This pattern suggests that agricultural activities in
Ttirkiye are concentrated primarily in semi-arid and sub-humid regions rather than in the
wettest climatic zones. Settlement areas exhibit a moderate nonlinear relationship (R? = 0.63,
p =0.0017). Settlement cover increases under moderate precipitation conditions, reaches
its highest values around 800-1100 mm, and subsequently stabilizes or declines slightly,
indicating that human settlements preferentially occur in climatically favorable regions but
are also strongly influenced by socioeconomic and geographical factors. Shrubland also
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displays a significant hump-shaped response (R? = 0.57, p = 0.0144), with maximum cover
occurring under intermediate precipitation before declining toward wetter environments,
reflecting its adaptation to semi-arid and transitional climatic conditions. Bare land shows
a strong negative relationship with precipitation (R* = 0.76, p < 0.001). Bare surfaces
dominate under dry climates but decline rapidly with increasing precipitation, approaching
minimal values across intermediate and humid environments where vegetation becomes
increasingly established. Collectively, these GAM results indicate that precipitation exerts
substantial but highly nonlinear control over land cover distribution in Ttiirkiye, with clear
ecological thresholds separating arid, transitional, and humid landscape types.
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Figure 6. The Generalized Additive Model (GAM) showing the nonlinear relationship between mean
annual precipitation and land cover classes.

The land cover map of Tiirkiye, based on ESA WorldCover data, reveals significant
spatial differences and strong geographical patterns across the country. Examination of the
map shows that forest areas are concentrated particularly along the Black Sea coast and in
the mountainous regions of Western Anatolia. This distribution is consistent with the high
rainfall and humidity conditions in these regions, reflecting the influence of climatic factors
that support the development of forest ecosystems. In contrast, agricultural areas and
pastures dominate large parts of Central and Eastern Anatolia. Lower and more variable
rainfall conditions in these regions lead to limited natural vegetation, and land use driven
by human activities takes center stage. The prevalence of pastures, especially in steppe-like
areas, is indicative of semi-arid climate conditions. While settlements are concentrated
around and around large cities, water surfaces are limited to lakes and dam reservoirs.
Lake Van, Lake Tuz, and large dams are prime examples of this. Furthermore, bare areas
and sparse vegetation are observed particularly in arid and topographically challenging
regions. Overall, the findings suggest that the distribution of land cover in Tiirkiye is
largely influenced by climatic factors, particularly precipitation patterns and topography.
This spatial pattern supports the strong relationship between precipitation and land cover,
which is the main objective of this study (Figure 7).
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Figure 7. Land Use/Land Cover Map of Tiirkiye (ESA WorldCover 2021).

3.2. Overlay Analysis Between the NDVI and Precipitation

Figure 8 represents the seasonal variation in NDVI derived from Landsat data for 2024,
showing vegetation density across Tiirkiye. Given that NDVI values range from —1 to +1,
dark green areas on the map represent dense and healthy vegetation (forests, agricultural
areas), while brown/yellow tones represent sparse vegetation or bare surfaces. Vegetation
activity is observed to reach its maximum in spring throughout the country (especially
in coastal areas). During the summer months, a significant decrease (browning) in NDVI
values is observed in the inland and southeastern regions of Tiirkiye. This situation can be
explained by the drying out of herbaceous plants and the barrening of agricultural fields
after harvest due to high evapotranspiration and decreased precipitation.

Figure 9A shows the covariation of Landsat NDVI and TRMM precipitation data.
NDVI levels reach their maximum during the summer and their minimum during the
winter. NDVI shows a rapid increase in spring, peaks in summer, and gradually decreases
in autumn. Figure 9B shows the relationships between seasonal NDVI and precipitation
variables. NDVI values reach a maximum of approximately 0.14 in summer and a minimum
of approximately 0.03 in winter. In contrast, precipitation reaches its highest value in winter
at 70-75 mm and its lowest level in summer at approximately 20 mm. This creates the
impression of a superficially negative relationship between the two variables. NDVI values
drop to a minimum level (~0.03) during winter due to low temperatures or plant dormancy
despite heavy rainfall; they increase with spring rainfall and reach a peak (~0.14) in summer.
This inverse phase pattern between NDVI and rainfall scientifically confirms the “time-
lag effect” in vegetation response to rainfall and that the main limiting factor for plant
growth is temperature in winter and soil moisture in summer. The overall NDVI amplitude
remaining below 0.15 indicates that the study area is characterized by sparse vegetation or
semi-arid steppe formations (Figure 9C).
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Figure 8. Landsat-based seasonal NDVI maps for Ttirkiye (2024).
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Figure 9. The relationship between seasonal total precipitation (mm) and Landsat NDVI values in
the study area ((A): TRMM, (B): CHIRPS, (C): TerraClimate).
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Figure 10 shows the seasonal NDVI variation derived from the MODIS sensor for
the year 2024. Landsat maps (30 m) offer high-resolution details of local topography and
small-scale agricultural areas, while MODIS (250 m/500 m) provides a more generalized
spatial view. MODIS data, thanks to its high radiometric resolution and daily pass-through
capacity, reflects seasonal “greening-up” and “browning” processes more stably. In the
Summer panel, it is observed that vegetation stress in Central and Southeastern Anatolia is
highlighted with a more homogeneous brown tone compared to Landsat, and is more free
from local noise.
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Figure 10. MODIS-based seasonal NDVI maps for Tiirkiye (2024).

The MODIS NDVI trend shows a distinct seasonal increase and decrease pattern.
Vegetation activity reaches its maximum level in spring and summer, and NDVI values rise
to approximately 0.40. In autumn, a slight decrease in NDVI values is observed due to the
decrease in vegetation, and the values fall to approximately 0.35 (Figure 11a). MODIS-based
NDVI and CHIRPS precipitation data reveal the seasonal eco-climatological dynamics of
the study area. The precipitation regime shows a distinct winter rainy-summer dry climate
structure, with maximum values (~75 mm) in winter and minimum values (~20 mm) in
summer. In contrast, the fact that NDVI values reach a maximum (~0.40) during the summer
period when precipitation is lowest indicates that vegetation development depends on
hydrological accumulation in previous periods rather than instantaneous precipitation
conditions. This situation reveals that the response of vegetation to hydrological inputs
exhibits a time-lag character and that ecosystem dynamics are controlled by phenological
processes (Figure 11b). In Tiirkiye, the fact that vegetation activity peaks in spring and
summer after the maximum rainfall (~75 mm) observed during the winter season, reaching
NDVI values of ~0.40, may indicate that the vegetation exhibits a significant time-delayed
response in its growth cycle and that winter cumulative rainfall acts as a buffer against
summer drought through soil moisture (Figure 11c).
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Figure 11. The relationship between seasonal total precipitation (mm) and MODIS NDVI values in
the study area ((a): TRMM, (b): CHIRPS, (c): TerraClimate).

Sentinel-2 presents seasonal NDVI variation derived from satellite data. Because
Sentinel-2 has a much higher spatial resolution of 10 m compared to both Landsat (30 m)
and MODIS (250 m), it has the potential to reflect the land cover dynamics of Tiirkiye down
to the finest detail (micro-topography, plot-based agriculture, vegetation along riverbeds).
Sentinel-2 maps, particularly in the Spring and Summer panels, have been the dataset
that most clearly distinguishes the boundaries between agricultural areas and natural
vegetation. Sentinel-2 maps show that maximum values (between 0.72 and 0.97) vary
seasonally. The highest upper value of 0.977 reached in the Autumn map is likely due to the
spectral differentiation of post-harvest second crops or permanent forest cover (Figure 12).

This study comparatively reveals the seasonal agreement between Sentinel-2-based
NDVI data and different precipitation datasets (TRMM, CHIRPS, and TerraClimate). All
three analyses consistently show a typical time-lag eco-hydrological cycle where vegetation
activity peaks in spring (~0.32), remains high throughout summer, and precipitation reaches
its maximum in winter. The main difference between the datasets lies in the precipitation
amplitudes: TRMM data provides a higher estimate of winter precipitation, showing over
100 mm, while CHIRPS and TerraClimate data follow a more similar and conservative
trend within the 75-80 mm range (Figure 13).
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Figure 13. The relationship between seasonal total precipitation (mm) and Sentinel-2 NDVI values in
the study area ((a): TRMM, (b): CHIRPS, (c): TerraClimate).

4. Discussion

This study reveals the sensitivity of land cover dynamics to rainfall gradients across
Tiirkiye through high-resolution satellite data and vegetation indices. The findings confirm
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that rainfall is a dominant, though not exclusive, control mechanism governing land cover
patterns across Tiirkiye, reflecting the country’s heterogeneous topography and climatic
diversity. In particular, annual rainfall between 400 mm and 700 mm constitutes a crit-
ical ecological threshold in the transition from steppe ecosystems to forest ecosystems
in Tirkiye’s interior regions. This threshold behavior indicates that vegetation responds
nonlinearly to precipitation, with abrupt changes occurring when certain limits are ex-
ceeded [53]. Even small changes in precipitation can lead to large differences in land cover.
When the relationship between LULC distribution and rainfall gradient is examined, the
dominance of agricultural areas and bare surfaces in low-rainfall regions (200400 mm)
indicates that human activities (irrigation, fallow, etc.) are decisive in water-constrained
ecosystems. In particular, human activities in these areas significantly shape land cover
dynamics by altering natural processes [54]. However, at rainfall values of 800 mm and
above, the forest density approaching 100% as seen in ESA WorldCover data proves that
biophysical constraints become more dominant than human intervention. Similar relation-
ships between precipitation and vegetation distribution have been widely reported in the
literature; this relationship is particularly evident in semi-arid to humid transition zones
where water is the primary limiting factor [55,56].

Many studies have investigated the interactions between land-cover changes and
climatic processes in the Mediterranean Basin, where Tiirkiye is located. Carvalho Santos
et al. [57] evaluated the separate and combined effects of land-cover changes and future
climate scenarios on hydrological services in the Vez watershed, northern Portugal, which
has similar hydroclimatic characteristics to the Mediterranean climate zone that includes
Tiirkiye. Using the SWAT (Soil and Water Assessment Tool) model, the study demonstrated
that the eucalyptus/pine-dominated land-cover scenario reduced annual water availability
by approximately 7% and decreased summer streamflow by up to 17%. Although future
climate conditions had a limited effect on annual discharge, they caused more pronounced
reductions in low flows during dry periods, ranging from 15% to 38%. Furthermore, the
combined assessment of climate change and land-cover scenarios revealed that forest plan-
tations with high evapotranspiration capacity may intensify pressure on water resources
during dry seasons, whereas agricultural expansion may increase soil erosion and nitrate
losses. The authors emphasized that climate variability and land-cover dynamics should
be considered together to develop sustainable watershed-scale management strategies. von
Keyserlingk et al. [58] investigated how ecosystem resilience of dry rangelands in southern
Cyprus to climatic disturbances such as drought is regulated by grazing intensity and
environmental conditions using a 28-year Landsat NDVI time series and the BFAST (Breaks
For Additive Seasonal and Trend) change detection approach. Their study provided im-
portant insights into the relationships among climate variability, vegetation dynamics, and
land-use characteristics in Mediterranean ecosystems. The results showed that areas with
more favourable environmental conditions, including higher NDVI values and northern
slope orientation, exhibited greater resistance to climate variability and faster recovery
after drought events. In contrast, areas characterized by unfavourable environmental con-
ditions and high grazing pressure showed reduced vegetation recovery rates after drought
and developed less responsive ecosystem states under climatic stress. Furthermore, low
grazing intensity positively influenced the NDVI recovery trend after drought, although it
did not significantly improve long-term resistance to climate variability. These findings
demonstrate that drought impacts in Mediterranean ecosystems cannot be explained solely
by climatic factors such as reduced precipitation or increased temperature, but are also
influenced by land-cover characteristics and vegetation conditions. Long-term satellite-
based NDVI analyses provide an effective approach for assessing climate change impacts
on vegetation dynamics and evaluating ecosystem resilience under different environmental
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conditions. Therefore, in regions such as Tiirkiye, where Mediterranean climatic influences,
increasing drought trends, and land degradation processes coexist, integrating climate
variability with land-cover dynamics is essential for sustainable land management and
ecosystem conservation strategies.

The findings of this study reveal the current relationships between land cover dynam-
ics and precipitation gradients in Tiirkiye and also provide a strategic framework for future
research. In this context, it is necessary to develop various research orientations to gain a
more holistic understanding of land cover and climate interactions. Firstly, it is crucial to
integrate the current LULC—precipitation relationships with future climate scenarios such
as CMIP6-based SSP2-4.5 and SSP5-8.5, taking into account ecological threshold values.
This integration will allow for the modeling of changes in the spatial distribution of land
cover classes and bioclimatic shifts that may occur until 2100. This approach is particularly
critical for predicting potential changes in the horizontal and vertical boundaries of forest
and steppe ecosystems. Furthermore, beyond this study, where precipitation is the primary
determining factor, it is necessary to address topographic and edaphic variables in more
detail. The combined assessment of variables such as soil moisture, potential evapotranspi-
ration (PET), and land surface temperature (LST) will contribute to a more comprehensive
explanation of land cover changes. The use of deep learning algorithms in conjunction
with machine learning methods (Random Forest, Support Vector Machines) in this process
will enable a more effective revelation of nonlinear relationships between variables. Since
explaining land cover changes solely through climatic factors is insufficient, the impact of
human activities must also be included in the analysis. In this context, integrating indica-
tors such as the Human Influence Index into the methodology is crucial to differentiate
the effects of urban expansion, agricultural land conversion, and land-use decisions on
natural vegetation. This will allow for a clearer understanding of the relative contributions
of anthropogenic and natural processes to land cover. High-resolution local modeling is
also needed to advance the analytical approach. Macro-scale assessments across Tiirkiye
should be supported by micro-scale analyses in ecologically sensitive areas such as the
humid ecosystems of the Eastern Black Sea or the saline basins of Central Anatolia. For this
purpose, using sources such as high-resolution satellite data or unmanned aerial vehicle
(UAV) images with resolutions below 10 m will increase spatial accuracy. Finally, the scien-
tific findings obtained need to be integrated into policy-making processes. Implementing
dynamic land management approaches is crucial for protecting ecosystems sensitive to
land cover changes and developing climate change adaptation strategies. In this context,
the inclusion of scientific outputs in national climate change action plans is considered a
critical requirement for Tiirkiye’s long-term ecological sustainability.

4.1. Beyond Climatic Determinism: The Role of Anthropogenic Drivers

The present findings attribute LULC distribution primarily to precipitation amount,
climatic gradients, and hydro-climatic conditions; however, climatic variables alone may
be insufficient to fully explain land cover patterns in a country like Tiirkiye, where human-
landscape interactions are pronounced. For instance, the dominance of agriculture and
bare surfaces in low-rainfall zones (200400 mm) is attributed to “human-induced land
management,” yet the specific anthropogenic mechanisms underlying this pattern are not
examined in detail raising the risk that precipitation thresholds are overstated as causal
drivers when the observed patterns may partly reflect the spatial footprint of human
intervention rather than climatic forcing alone.

Incorporating the following human-driven factors would strengthen the interpretive
power of the results:
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Agricultural expansion: The dominance of agriculture in low-rainfall zones may
reflect not only water-constrained natural response but also active encroachment on natural
steppe and grassland areas. Since ESA WorldCover lacks the temporal depth to distinguish
expanding from stable agricultural boundaries, the reported precipitation-agriculture
relationship may partly represent a static land-use pattern rather than a climatic response.

Irrigation practices: In semi-arid /arid regions such as Central and Eastern Anatolia,
agricultural presence may depend more on groundwater and surface irrigation infrastruc-
ture than on natural precipitation regimes. Without distinguishing irrigated from rain-fed
agricultural land, the precipitation-land cover relationship may be overstated.

Afforestation programs: The 400-700 mm steppe-to-forest transition threshold is
presented as a purely natural ecological boundary; however, state-supported afforestation
and erosion-control programs in Tiirkiye are often concentrated precisely in these transition
zones. Part of the observed forest expansion may therefore stem from planned afforestation
rather than a natural precipitation threshold.

Urban growth: Near-saturated forest cover in high-rainfall zones (>1000 mm) is
attributed to climatic forcing overriding land-use pressures. Yet the Black Sea coastal
zone is also under considerable urbanization pressure, and the effect of built-up expan-
sion on the forest—agriculture balance is not treated as a separate variable, leaving an
incomplete picture.

Socioeconomic factors: Population growth, land management and agricultural policies,
and rural population shifts (particularly rural-to-urban migration) are long-term drivers
of land cover change. Rural depopulation in parts of Central Anatolia, for example, has
led to agricultural abandonment and natural revegetation a process unrelated to increased
precipitation. Omitting such socioeconomic dynamics risks mistaking what may be partly
socioeconomic thresholds for purely ecological ones.

In conclusion, while the precipitation-land cover relationships identified in this study
offer a valuable hydro-climatic framework, the assumption that climatic variables alone
constitute a sufficient explanatory model should be reconsidered. Future work should
quantitatively incorporate agricultural expansion, irrigation infrastructure, afforestation
programs, urban growth, and socioeconomic indicators (e.g., via a Human Influence Index
or land-use change statistics) to disentangle the relative contributions of climatic and
anthropogenic drivers and strengthen the causal interpretation of the findings.

4.2. Limitations and Future Directions

This study has several limitations that should be acknowledged. First, the precipita-
tion datasets used (CHIRPS, TerraClimate, and TRMM) have different spatial resolutions
(approximately 5-25 km), and although resampling procedures were applied, resolution
mismatches with the finer-scale land cover and NDVI products (ESA WorldCover, Landsat,
MODIS, Sentinel-2) may still introduce uncertainties particularly in representing orographic
precipitation processes across Tiirkiye’s topographically complex terrain. These satellite-
based precipitation estimates were not validated against ground station observations, and
their accuracy is known to decline in high-mountainous areas and during extreme precip-
itation events, warranting cautious interpretation of extreme-value results. Second, the
analyses rely exclusively on remote sensing products; important environmental drivers
such as temperature, soil properties, evapotranspiration, topography, and land manage-
ment practices were not quantitatively incorporated, which may limit the explanatory
completeness of the precipitation-land cover relationships identified. Third, the analyses
are primarily descriptive and do not employ statistical tests (e.g., regression, correlation,
significance testing) to quantify the strength or significance of these relationships. Fourth,
classification uncertainties persist in ecotones and semi-arid transition zones, where spec-
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tral similarity between bare and sparsely vegetated surfaces can reduce mapping accuracy.
Fifth, human-induced land-use changes such as irrigation, deforestation, and urban ex-
pansion were discussed qualitatively but could not be statistically isolated from climatic
effects, as these anthropogenic interventions can obscure signals associated with the natural
precipitation gradient. Finally, the study is based on current and historical conditions only
and does not incorporate future climate projections (e.g., CMIP6 SSP scenarios) to assess
potential future land-cover trajectories. Addressing these limitations through ground-truth
validation, inclusion of additional biophysical variables, formal statistical modeling, and
explicit separation of anthropogenic and climatic drivers represents an important direction
for future research.

Future research should extend this framework by incorporating projected climate
scenarios, such as SSP2-4.5 and SSP5-8.5, to assess how anticipated precipitation decline
and intensified drought conditions may drive spatial reorganization of vegetation zones
across Tirkiye. Such scenario-based projections would allow the ecological thresholds
identified in this study to be evaluated under future climatic trajectories, providing a
stronger scientific basis for climate change adaptation and sustainable land management
strategies. In addition, coupling these projections with quantitative statistical modeling
and ground-based validation, as noted in the Limitations section, would further strengthen
the reliability of vulnerability assessments for ecosystem stability and associated services
in Ttrkiye.

5. Conclusions

This study aimed to examine the spatiotemporal dynamics of land use/land cover
(LULC) along precipitation gradients across Tiirkiye, using a multi-source remote sensing
approach that integrates CHIRPS, TerraClimate, and TRMM precipitation datasets with
the ESA WorldCover (10 m) land cover product and multi-sensor NDVI composites (Land-
sat, MODIS, Sentinel-2). The most important scientific findings show that precipitation
acts as the dominant environmental control on land cover distribution across Tiirkiye. A
clear ecological threshold was identified between 400 and 700 mm of annual precipita-
tion, marking a sharp transition from steppe-dominated landscapes to woody vegetation
systems. Below 400 mm, land cover is characterized by sparse vegetation, bare soil, and
irrigation-dependent agriculture, while regions receiving more than 1000 mm particularly
along the Black Sea coast show near-saturated forest cover, indicating that climatic forcing
overrides land-use pressures in humid zones. Seasonal NDVI dynamics further reveal that
vegetation greenness tracks precipitation variability closely, with a delayed ecohydrological
response evident in semi-arid interior regions. The scientific contribution and novelty of
the study lie in providing a reproducible, transferable methodological framework that
harmonizes precipitation datasets of differing spatial resolution (5-25 km) with 10 m land
cover products within a cloud-based geospatial environment. Comparative evaluation
shows that while all precipitation datasets capture broad climatic gradients, CHIRPS is
more sensitive to orographic variability, whereas TerraClimate performs more stably in
representing long-term land-atmosphere water balance a comparative dimension that
moves beyond prior single-dataset studies in the literature. These findings carry direct
implications for policy. The identified ecological thresholds indicate that even modest
reductions in annual precipitation could trigger substantial shifts in land cover, particularly
in grassland—forest ecotones. This underscores the need to embed threshold-sensitive,
dynamic land-use planning into national climate adaptation strategies, prioritizing vulner-
ability hotspots where ecosystem stability is most exposed to hydro-climatic variability.
Ultimately, this study demonstrates that precipitation thresholds are the primary deter-
minants of Tiirkiye’s ecological boundaries, making science-based, threshold-driven land
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management no longer optional but an urgent imperative for safeguarding the country’s
ecosystems under a changing climate.
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