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Abstract: Topographic heterogeneity can mediate radiation, moisture redistribution, and
microclimate, yet it is commonly represented by single terrain variables. We evaluated long-term
vegetation dynamics across low, moderate, and high topographic heterogeneity (TH) classes in
Trabzon, northeastern Tiirkiye, using a 5 m-grid Shannon entropy-based Topographic Heterogeneity
Index (THI), Landsat NDVI/EVI (1985-2025), CORINE land cover, elevation strata, and TerraClimate
PDSI (1985-2024). High TH maintained higher mean productivity than low TH, with a larger contrast
for EVI (32.3%) than NDVI (9.8%); differences were strongest below 2000 m and converged at higher
elevations. All classes greened significantly, although the moderate class showed the largest trend
magnitude, whereas high TH showed lower relative temporal variability. After controlling class-
specific temporal trends and clustering inference by year, current-year PDSI effects were not
supported. Previous-year PDSI slopes differed among TH classes; the only individually significant
slope was a negative EVI association in low TH ( = -0.00524, p = 0.0167), while NDVI class-specific
slopes were not significant. Trend-adjusted drought metrics showed event-specific responses rather
than a uniform drought-year decline; recovery and resilience ratios remained above 1 but were based
on four events. A raster-scale sensitivity analysis retained 77.5% agreement with the 5 m
classification at 30 m (x = 0.586), declining to 72.0% at 100 m (x = 0.468). The results support a
robust association of terrain complexity with vegetation productivity and relative stability, while
emphasizing limits related to spatial scale and regional drought indices.
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1. Introduction

Terrestrial vegetation dynamics are shaped by the interaction of climate, land cover,
disturbance regimes, and the physical structure of the landscape (Sturtevant & Fortin, 2021).
Remote sensing has made it possible to monitor these dynamics over multi-decadal periods,
with vegetation indices such as the Normalized Difference Vegetation Index (NDVI) and
Enhanced Vegetation Index (EVI) widely used as proxies for vegetation greenness,
productivity, and canopy condition (Huete et al., 2002; Tucker, 1979). However, long-term
vegetation variability is often interpreted primarily through broad-scale climatic gradients
or land-use change, whereas the role of terrain structure as a spatial filter of vegetation
processes remains less explicitly quantified (Liang et al., 2024). This is a critical limitation in
mountainous and dissected landscapes, where topography mediates solar radiation, soil
moisture, wind exposure, cold-air drainage, and local hydroclimatic conditions over short
distances (Moeslund et al,, 2013; Stein et al., 2014). Topography therefore does not merely
provide a background template for vegetation; it can actively structure the spatial
distribution, productivity, and temporal variability of plant communities (Isik & Eraslan,
2026).

Topographic heterogeneity refers to the structural diversity of terrain conditions,
including variation in elevation, slope, aspect, surface roughness, landform position,
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radiation exposure, and moisture redistribution (J. Wang et al., 2023). This concept differs
from land-cover heterogeneity, which describes the composition and configuration of
surface-cover classes. While land-cover heterogeneity reflects the current ecological or
anthropogenic surface state, topographic heterogeneity represents a more persistent
physiographic framework that can influence the conditions under which vegetation
develops. Previous work has shown that environmental and topographic heterogeneity can
increase niche availability, generate microclimatic gradients, support local diversity
patterns, and mediate ecological responses to regional climate change (Moeslund etal., 2013;
Suggitt et al, 2018). In mountain landscapes, such heterogeneity can create fine-scale
variation in vegetation response, even when regional climate forcing is shared across the
broader landscape (Bueno de Mesquita et al., 2018).

Despite this recognized importance, topographic heterogeneity is frequently simplified
in vegetation studies. Many analyses represent terrain using single variables such as
elevation, slope, aspect, or ruggedness (Liang et al,, 2024). Although these variables are
informative, they capture only one component of terrain complexity and may fail to
represent the multidimensional structure of the landscape. This is particularly problematic
in regions where several topographic controls operate simultaneously. Aspect can modify
radiation exposure, valley-ridge position can influence moisture accumulation and exposure,
and surface roughness can generate local variability in habitat conditions (Wani et al., 2023).
A single topographic metric cannot adequately capture this combined variability.
Information-theory approaches, particularly Shannon entropy, provide a useful framework
for quantifying heterogeneity because they measure the diversity and proportional
representation of categorical states within a defined neighborhood (Shannon, 1948; C. Wang
& Zhao, 2018). Applied to terrain derivatives, this approach allows topographic
heterogeneity to be represented as a composite landscape property rather than as an isolated
terrain variable.

Turkiye provides a particularly relevant geographical setting for this problem. Its
position between major biogeographic regions, high mountain systems, and strong
environmental gradients has produced high biological and physiographic diversity (Kaya &
Raynal, 2001; Sekercioglu et al,, 2011). In such landscapes, vegetation patterns may be
influenced not only by climate and land cover, but also by the underlying diversity of terrain
structure. The Eastern Black Sea region is especially suitable for testing this relationship
because steep elevation gradients, humid climatic conditions, and extensive vegetation cover
occur over short horizontal distances (Glir¢ay et al.,, 2025; Isik et al., 2024). Trabzon Province
was therefore selected as a pilot mountainous landscape in which the relevance of high-
resolution topographic heterogeneity for long-term vegetation dynamics could be evaluated.
Recent regional evidence from the Eastern and Central Black Sea also shows that elevation,
slope, and aspect strongly structure the spatial distribution of human modification,
reinforcing the need to account for topographic controls when interpreting vegetation and
land-cover patterns in this region (Eraslan, 2024).

A key gap remains in understanding whether multidimensional topographic
heterogeneity is associated with vegetation productivity, temporal stability, and
hydroclimatic sensitivity after accounting for elevation and land-cover structure (Ibarra-
Manriquez et al., 2022; Muscarella et al., 2020; Xu et al., 2015). Existing studies have often
focused on single terrain variables, short-term vegetation responses, or broad climatic
controls, while fewer studies have combined high-resolution terrain heterogeneity metrics
with multi-decadal satellite-derived vegetation records (Torresani et al., 2024). Addressing
this gap is important because topographic heterogeneity may help explain why vegetation
productivity and variability differ among areas exposed to similar regional climatic
conditions.

The aim of this study is to evaluate how topographic heterogeneity relates to long-term
vegetation dynamics in a humid mountainous landscape. Rather than treating topography as
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a single elevation or slope variable, this study uses a multidimensional topographic
heterogeneity framework and links it with long-term NDVI and EVI records, land-cover
information, elevation zones, and hydroclimatic variability. Specifically, the study addresses
three research questions:

(1) Do low, moderate, and high topographic heterogeneity classes differ in long-term
NDVIand EVI productivity after accounting for elevation and land-cover structure?

(2) Do vegetation indices show different long-term trends and interannual stability
across topographic heterogeneity classes?

(3) Does topographic heterogeneity modify vegetation responses to current and
lagged hydroclimatic variability and to objectively selected extreme drought
years?

Based on the role of terrain complexity in structuring local environmental conditions,
we expected that areas with higher topographic heterogeneity would show higher vegetation
productivity and lower interannual variability than areas with lower heterogeneity.
However, we also expected that these relationships could vary between NDVI and EVI
because the two indices differ in their sensitivity to canopy structure and high-biomass
vegetation conditions. By shifting the focus from individual terrain variables to a
multidimensional, entropy-based measure of topographic complexity, this study provides a
transferable framework for evaluating the relationship between terrain structure and
vegetation dynamics in mountainous landscapes.

2. Materials and Methods

2.1. Study area

The study was conducted in Trabzon Province in the northeastern Black Sea region of
Tiirkiye (40°30'-41°30" N, 38°30'-40°30’ E), covering approximately 4664 km? (Figure 1).
The province is a humid mountain landscape with relief rising from sea level to more than
3400 m within less than 50 km. The climate is humid temperate (Képpen Cfb), and annual
precipitation exceeds 2000 mm in high-altitude sectors (Oztiirk et al., 2017). The elevation
gradient supports deciduous forests below approximately 800 m, mixed and coniferous
forests dominated locally by Picea orientalis between about 800 and 2000 m, and alpine
vegetation above the treeline (>2000 m) (Atalay, 2002). Vegetation indices were analyzed
for 1985-2025; Palmer Drought Severity Index (PDSI)-based analyses covered 1985-2024.

2.2. Overall workflow

The research followed a multi-scale integrative framework linking terrain complexity
with multi-decadal vegetation dynamics. The methodological pipeline consisted of four
interconnected stages (Figure 2):

Topographic Heterogeneity Modeling: A fine-grid Topographic Heterogeneity Index
(THI) was produced in SAGA GIS v9.8.1 from 11 terrain-derived layers using local Shannon
entropy (Conrad et al., 2015).

Stratification and Classification: The archived 0-5 THI class raster was regrouped as low
(0-1), moderate (2), and high (3-5) heterogeneity. The upper classes were merged to avoid
sparse strata while retaining the upper tail of terrain complexity.

Big Data Processing in Google Earth Engine (GEE): A stratified data extraction was
performed using GEE (Gorelick et al., 2017). Landsat-derived NDVI and EVI composites
(1985-2025) were intersected with a unique ClassID layer, formed by the spatial overlay of
land-cover x elevation x THI units. NDVI was selected to monitor chlorophyll-sensitive
greenness (Aktas, 2024), while EVI was integrated to minimize atmospheric noise and
account for structural canopy variations in high-biomass areas (Huete et al., 2002).

Statistical Synthesis and Robustness Testing: Annual April-October summaries were
analyzed in R v4.2.2 using area weights. Hydroclimatic models incorporated class-specific
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temporal trends, current- and previous-year PDSI, and year-clustered bias-reduced cluster-
robust (CR2) inference. Drought metrics were recalculated after temporal detrending, and
an independent raster-scale sensitivity analysis evaluated the stability of topographic
heterogeneity (TH) classes at 30 and 100 m.
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Figure 1. Location of Trabzon Province in northeastern Tiirkiye
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Figure 2. Overall methodological workflow used to link topographic heterogeneity with long-term

vegetation dynamics

2.3. Topographic data and heterogeneity mapping

The archived THI product used in this study is a single-band raster with 5 m output cell
spacing in Universal Transverse Mercator (UTM) Zone 37N (EPSG:32637). The original
terrain-processing archive did not retain the provenance of the source elevation model;
consequently, 5 m is reported strictly as the output grid spacing of the THI and not as verified
native digital elevation model (DEM) accuracy. This metadata limitation is explicitly
considered when interpreting fine-scale patterns.

Eleven terrain-derived layers were processed in SAGA GIS v9.8.1 (Conrad et al., 2015)
to represent morphometry (elevation, slope, ruggedness, and roughness), hydro-
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geomorphology (topographic moisture, flow-related terrain, and topographic position),
energy exposure (solar radiation and hillshade), and orientation (aspect and aspect
suitability). Together, these layers describe complementary controls on relief, water
redistribution, exposure, and terrain position (Figure 3; Riley et al., 1999; Weiss, 2001).
Continuous layers were discretized into categorical states, and directional variables
were grouped by orientation. Local Shannon entropy was calculated in a 5 x 5-cell moving
window. Because the output grid spacing was 5 m, the nominal neighborhood was 25 x 25
m, close to the spatial grain of Landsat observations. Shannon entropy was calculated using

Eq. (1):

s
H' = = pilnG) ()
i=1
where S is the number of terrain states in the moving window and p; is the proportional
abundance of state i. The 11 entropy layers were standardized before combination so that
layers measured on different numerical ranges contributed on a comparable scale, and the
standardized layers were combined with equal weights using Eq. (2). Equal weighting was
selected because the layers represent complementary terrain dimensions and no
independently validated ecological basis was available for assigning differential weights.

n
1 !
THI = n Z H'j standardizea ,n = 11 (2)

j=1

The equal-weight formulation assumes comparable ecological relevance among
standardized layers and does not explicitly remove inter-layer correlation. A principal
component analysis (PCA)-weighted index could reduce covariance and maximize explained
statistical variance, but its loadings would be sample-specific and variance-based rather than
direct measures of ecological importance. Accordingly, equal weighting was retained for
interpretability, and the absence of a PCA-weighted sensitivity analysis is acknowledged as a
limitation. The archived 0-5 raster was regrouped into low (0-1), moderate (2), and high (3-
5) TH classes.

2.4. Cloud-based data extraction and spatial integration

Long-term vegetation dynamics were analyzed using the GEE platform, which enables
high-performance processing of multi-decadal satellite archives (Gorelick et al., 2017). We
utilized Landsat Collection 2 Tier 1 Level 2 (Surface Reflectance) data, which provides the
highest radiometric quality and consistent cross-calibration across the Landsat 5, 7, 8, and 9
sensors (Masek et al.,, 2020).

Two primary vegetation indices were extracted to capture complementary aspects of
plant productivity:

NDVI: NDVI = (NIR - Red)/(NIR + Red), used as a proxy for chlorophyll-sensitive
greenness and photosynthetic capacity (Tucker, 1979).

EVI: EVI=2.5 x (NIR - Red)/(NIR + 6Red - 7.5Blue + 1), designed to reduce atmospheric
and canopy-background effects in dense vegetation (Huete et al., 2002).

Monthly 32-day NDVI and 8-day EVI composites were summarized for the April-
October growing season. Elevation zones were derived from the 30 m United States
Geological Survey (USGS) Shuttle Radar Topography Mission (SRTM) v3 DEM and classified
as 0-250, 250-500, 500-750, 750-1000, 1000-1500, 1500-2000, 2000-3000, and >3000 m
(Farr etal, 2007).



https://dergipark.org.tr/en/pub/tuzal

Turkish Journal of Remote Sensing 8 (2026) 1944988 Research Article

a)

M 2
o

26.802347

\ 41.202897

h)

. 132956481
9.73561

u 32679915 L é:_mm
0
k)
N
80633001 0 25 50 75 100
2520624 T Km

Figure 3. Terrain-derived Shannon entropy layers used in the construction of the Topographic
Heterogeneity Index. Panels show Shannon entropy surfaces for (a) elevation, (b) slope, (c) aspect, (d)
flow-related terrain layer, (e) aspect suitability, (f) solar radiation index, (g) topographic moisture, (h)

ruggedness, (i) roughness, (j) hillshade, and (k) topographic position index

Temporal land-cover changes were controlled using the Copernicus Coordination of
Information on the Environment (CORINE) land-cover dataset (100 m). We applied a
temporal synchronization rule, where each Landsat observation year was matched with the
chronologically closest CORINE layer (1990, 2000, 2006, 2012, or 2018). To ensure the
analysis focused on ecological productivity, non-vegetated classes (urban, artificial surfaces,
and water bodies) were strictly excluded (Biittner, 2014).

The THI asset, SRTM elevation zones, and temporally matched CORINE land-cover
classes were combined categorically to generate a ClassID for grouped extraction using Eq.
(3). The retained analytical table records valid 30 m Landsat pixel counts, and analysis areas
were therefore based on realized Landsat observations. CORINE was used only as a
categorical thematic stratum; assigning its classes to the analytical grid did not increase the
native 100 m information content. Accordingly, 5 m refers only to the THI output grid
spacing, not to the resolution of the vegetation analysis.

ClassID = (LC x 100) + (EZ x 10) + TH (3)

where LC is the CORINE land-cover code, EZ is the elevation-zone code, and TH is the three-
class topographic heterogeneity code. The identifier supported grouped extraction of median
NDVI/EVI values, valid pixel counts, and analysis area.
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2.5. Vegetation index summarization and area estimation

The data extraction in GEE was initially conducted for an extended phenological
window (March to November). However, to minimize the potential interference of late-
spring snow cover and low solar zenith angles in the high-altitude zones of the Eastern Black
Sea Mountains, the final statistical summaries were restricted to the core growing season,
defined as April to October. This window ensures that the captured signal represents peak
photosynthetic activity and stable leaf-on conditions in temperate mountain forests (White
etal, 2009).

Spatial summaries were generated with ee.Reducer.median().group(). The median was
used to reduce sensitivity to residual cloud contamination, terrain-shadow outliers, and
sensor artifacts (Flood, 2013). For each ecological unit u, the valid analysis area was
calculated from the number of unmasked Landsat pixels using Eq. (4):

A, = N, x (30m x 30m) = N, x 0.0009 km? (4)

where N, is the valid Landsat pixel count. Area weighting therefore reflected the realized,
cloud-masked vegetation surface rather than theoretical class extent.

2.6. Regional hydroclimatic forcing: TerraClimate PDSI

To evaluate the influence of interannual moisture variability on vegetation dynamics,
we utilized the PDSI from the TerraClimate dataset (Abatzoglou et al.,, 2018). TerraClimate
provides high-temporal resolution (monthly) water-balance variables by integrating high-
spatial-resolution climatological averages (WorldClim) with coarser-resolution time-series
data (Climatic Research Unit (CRU) TS4.0 and Japanese 55-year Reanalysis (JRA-55)), making
it uniquely suited for long-term ecological studies in complex terrains where station-based
data are sparse.

The PDSI was selected because it accounts for both precipitation and
evapotranspiration, providing a comprehensive measure of cumulative moisture surplus or
deficit. The data were extracted via GEE at a spatial resolution of 1/24° (~4 km). Following
the dataset’s metadata, a scale factor of 0.01 was applied to the raw values. For each year, a
mean growing-season PDSI was calculated by averaging monthly values from April to
October.

It is important to note that PDSI was employed as a regional hydroclimatic indicator
representing macroclimatic pulses rather than a local microclimatic measurement. This
approach allows for the assessment of how high-resolution topographic heterogeneity
mediates the vegetation response to broader regional climate fluctuations. Due to the
temporal availability of the TerraClimate archive at the time of analysis, the climate-
sensitivity and drought-response models covered the period 1985-2024, whereas the
autonomous vegetation trend analyses extended to 2025.

2.7. Statistical analyses

Statistical analyses were performed in R v4.2.2 (R Core Team, 2022). NDVI and EVI
values outside -1 to 1 were excluded. Monthly observations were aggregated into year x
land-cover x elevation-zone x TH-class ecological units, with at least three valid growing-
season months required. This aggregation reduced pixel-level pseudo-replication, but it did
not guarantee removal of residual spatial dependence.

Area-weighted annual means were used to compare productivity among TH classes.
Monotonic trends were evaluated using the Mann-Kendall test and Sen’s slope (Mann, 1945;
Sen, 1968). Temporal variability was summarized using the coefficient of variation [Eq. (5)]
and deviations from each unit’s long-term mean [Eq. (6)].

Extreme drought candidates were defined as years in the lowest 10% of growing-season
PDSI. Consecutive candidate years were treated as a single event cluster, represented by the
year with the minimum PDSI. Resistance [Eq. (8)], recovery [Eg. (9)], and resilience [Eq. (10)]
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used two-year pre-event and two-year post-event windows. To prevent long-term greening
from inflating post-drought ratios, annual NDVI and EVI series were divided by their class-
specific fitted temporal trends [Eq. (7)]; linear detrending was used for the primary results,
with quadratic and natural-cubic-spline trends as sensitivity checks.

SD(VI
CV, = 100 x B v
Mean(V1,,)
Anomaly,, = VI,, — Mean(VI,) !
Vigpservedt
Vig = Vo 7
adjusted,t V[expected trend,t 7
VI
Resistance = — )
Mean (Vi)
Mean(V1
Recovery = M .
Vldrought
Mean(VI
Resilience = M .
Mean(lere)

Regional hydroclimatic sensitivity was re-evaluated on a common 1986-2024 sample
using current-year PDSI, previous-year PDSI, and a combined current-plus-lag model.
Because each annual PDSI value was repeated across ecological units, coefficient inference
used CR2 standard errors clustered by year. The primary lagged model included class-
specific linear time trends, elevation, and land cover, as specified in Eq. (11):

Anomaly,; = Bo+ Biepsi,_, + Barm, + Baepsi,_, x1wy) + BaYear, + Bs(Year, X TH,) + BeElevation,
+ frLandCover, + &,

Joint PDSI x TH interactions were evaluated with year-clustered CR2 Wald tests. Akaike
information criterion (AIC) and Bayesian information criterion (BIC) were used only as
secondary model-comparison criteria because the effective hydroclimatic replication was 39
years. Robustness was assessed by replacing linear class-specific trends with quadratic and
natural cubic spline (df = 3) trends. A separate stratified bootstrap (1000 iterations)
resampled matched year x elevation x land-cover High-Low contrasts to evaluate
productivity differences (Efron & Tibshirani, 1994).

3. Results

3.1. Spatial patterns of topographic heterogeneity and vegetation productivity

The spatial distribution of topographic heterogeneity and vegetation productivity
reveals marked geographic variation across Trabzon Province (Figure 4). The topographic
heterogeneity map (Figure 4a) highlights the fragmented terrain structure of the Eastern
Black Sea Mountains, where higher heterogeneity values are mainly concentrated along
deeply incised valleys, rugged hillslopes, and mid-altitudinal mountain belts.

A visual comparison between topographic heterogeneity and the long-term mean NDVI
and EVI patterns suggests a clear spatial correspondence between terrain complexity and
vegetation productivity (Figure 4b,c). Areas characterized by higher topographic
heterogeneity generally coincide with zones of relatively high greenness, particularly along
central and coastal-facing slopes. This pattern may reflect the combined influence of local
moisture accumulation, slope-driven microclimate variation, topographic shading, and
habitat diversity on vegetation development.
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The representative field photographs taken from the marked area in Figure 4a provide
ground-level context for these spatial patterns (Figure 4d-f). The photographs illustrate
rugged terrain, exposed rock surfaces, steep hillslopes, and heterogeneous vegetation
structure, all of which are consistent with the high terrain complexity captured by the
topographic heterogeneity index. These initial spatial observations provide a basis for the
subsequent quantitative analyses of vegetation productivity across topographic
heterogeneity, elevation, and land-cover gradients.
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Figure 4. Spatial distribution of (a) topographic heterogeneity, (b) long-term mean NDVI, and (c) long-
term mean EVI across Trabzon Province. The black rectangle in panel (a) indicates the representative
field-photo area. Panels (d-f) show field photographs from this area, illustrating rugged hillslopes,
exposed rock surfaces, and heterogeneous vegetation structure associated with complex terrain

conditions

3.2. Altitudinal distribution of topographic heterogeneity classes

The proportional representation of TH classes exhibited non-linear variations across
the altitudinal gradient of the study area (Figure 5). The moderate heterogeneity class
constituted the dominant physiographic matrix in all elevation belts, consistently accounting
for more than 50% of the total area. This dominance was most pronounced in the montane
(1500-2000 m) and high-alpine (3000+ m) zones, where terrain complexity remained
relatively uniform.

The high heterogeneity class followed a distinct unimodal distribution, occupying a
substantial proportion (approximately 30-35%) of the landscape within the lower and
middle elevation zones (0-1500 m). The maximum relative share of high TH was observed
in the 1000-1500 m belt, indicating peak terrain fragmentation in this transitional zone.
Above 1500 m, the share of high heterogeneity decreased sharply, reaching its minimum at
the highest altitudes (>3000 m).
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In contrast, the low heterogeneity class remained a minority (typically <20%) across
most zones below 2000 m. However, a significant expansion of low TH areas was observed
in the high-alpine regions (2000-3000 m and >3000 m), where high-altitude plateaus and
smoother summit reliefs became more prevalent. These findings demonstrate that the
physical template for vegetation development—defined by topographic complexity—is
stratigraphically organized along the elevation gradient.
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Figure 5. Area-based distribution of topographic heterogeneity classes across elevation zones.
Percentages represent the proportional area of low, moderate, and high topographic heterogeneity
classes within each elevation zone. Area values were calculated in km?

3.3. Area-weighted NDVI and EVI productivity across topographic heterogeneity
classes

The area-weighted annual growing-season NDVI and EVI values exhibited systematic
variations across the TH gradient (Figure 6). For both indices, a positive monotonic
relationship was observed, with mean values increasing from the low to the high
heterogeneity class.

For NDVI, the area-weighted mean values were recorded as 0.662 for the low class,
0.701 for the moderate class, and 0.727 for the high heterogeneity class (Figure 6B). Violin
plots indicated a substantial distributional overlap between the three categories; however,
the high TH class consistently maintained the highest central tendency. The 95% confidence
intervals (CIs) for the mean values remained narrow across all classes, indicating high
precision in the area-weighted estimates.

The magnitude of difference was more pronounced for EVI than for NDVI. Mean EVI
values increased from 0.371 (low class) and 0.413 (moderate class) to 0.491 in the high
heterogeneity class. Unlike NDVI, the EVI distribution for high TH areas showed a distinct
upward shift relative to the low and moderate classes (Figure 6A). The relative increase in
mean productivity from low to high heterogeneity was approximately 9.8% for NDVI and
32.3% for EVI, indicating a sharper contrast in structural greenness than in chlorophyll-
sensitive greenness across the terrain complexity gradient.

3.4. Altitudinal stratification of NDVI and EVI across heterogeneity classes

The interaction between elevation and TH resulted in distinct productivity patterns
across the altitudinal gradient (Figure 7). While both indices showed a general decline with
increasing altitude, the influence of TH was non-uniform across different zones.
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NDVI patterns: In the lower-to-middle elevation zones (0-1000 m), NDVI remained high
(approximately 0.74-0.78) with limited inter-class separation. Differences widened between
1000 and 2000 m; in the 1500-2000 m belt, high TH retained a mean NDVI of 0.708
compared with 0.653 for moderate and 0.627 for low TH. Above 2000 m, NDVI declined
sharply and class differences narrowed, reaching the lowest values above 3000 m.

EVI patterns: EVI showed clearer separation among TH classes from sea level to 2000
m. In the 250-500 m belt, mean EVI was 0.417, 0.467, and 0.558 in low, moderate, and high
TH, respectively. This ordering persisted through 1500-2000 m. Above 2000 m, EVI
converged rapidly (0.322-0.353 in the 2000-3000 m belt); above 3000 m, all classes showed
strong productivity limitation.
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Figure 6. Area-weighted NDVI and EVI productivity across topographic heterogeneity classes. (A)
Distribution of annual growing-season NDVI and EVI unit means across low, moderate, and high
topographic heterogeneity classes. (B) Area-weighted mean NDVI and EVI values with 95% confidence
intervals. White points indicate area-weighted class means

3.5. Long-term NDVI and EVI trends across topographic heterogeneity classes

Area-weighted annual growing-season NDVI and EVI increased monotonically in all TH
classes during 1985-2025 (Figure 8; Table 1). All Mann-Kendall tests and Sen-slope
estimates were positive (p < 0.001).
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Figure 7. Area-weighted vegetation productivity across elevation and topographic heterogeneity
classes. Area-weighted annual growing-season NDVI and EVI means are shown across elevation zones
for low, moderate, and high topographic heterogeneity classes. Error bars indicate 95% confidence
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Figure 8. Area-weighted long-term NDVI and EVI dynamics across topographic heterogeneity classes.
Annual growing-season area-weighted NDVI and EVI means are shown for low, moderate, and high
topographic heterogeneity classes from 1985 to 2025. Solid lines and points represent annual values,

and dashed lines represent linear trends

NDVI trends: The moderate TH class had the strongest trend (linear slope = 0.00469
year™!; R? = 0.8331; Mann-Kendall T = 0.7463; Sen slope = 0.00464, 95% CI 0.00407-
0.00527). Low and high TH had linear slopes of 0.00422 and 0.00378 year™, respectively.
High TH nevertheless maintained higher absolute NDVI than low TH through most of the
record.
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EVI trends: The moderate TH class again showed the largest increase (linear slope =
0.00334 year'l; R? = 0.8257; Sen slope = 0.00327, 95% CI 0.00281-0.00385). Low and high
TH had linear slopes of 0.00291 and 0.00296 year™*. High TH occupied the highest absolute
EVIlevel across nearly all years.

Table 1. Area-weighted long-term NDVI and EVI trend statistics across topographic heterogeneity

classes
Index Heterogeneity Nyears Linearslope Linear R? Mann- Sen slope 95% Cl for Sen p-value
class Kendall t slope
Low 41 0.00422 0.7407 0.6537 0.00435 0.00342-0.00511 <0.001
NDVI Moderate 41 0.00469 0.8331 0.7463 0.00464 0.00407-0.00527 <0.001
High 41 0.00378 0.7950 0.6878 0.00377 0.00317-0.00443 <0.001
Low 41 0.00291 0.6455 0.6122 0.00293  0.00215-0.00374 <0.001
EVI Moderate 41 0.00334 0.8257 0.7341 0.00327  0.00281-0.00385 <0.001
High 41 0.00296 0.7027 0.5951 0.00280  0.00223-0.00350 <0.001

3.6. Interannual stability and anomaly variability across heterogeneity classes

Area-weighted vegetation stability metrics exhibited a systematic response to the TH
gradient, although the magnitude of this response varied between indices and metrics
(Figure 9).

NDVI Stability: For NDVI, both temporal and interannual variability decreased
monotonically as terrain complexity increased. The area-weighted mean temporal coefficient
of variation (CV) declined from 10.29% in the low TH class to 9.44% in the moderate class
and reached a minimum of 8.04% in the high TH class. A consistent pattern was observed for
interannual anomaly variability; the anomaly standard deviation (SD) decreased from
0.0656 (low) to 0.0568 (high), while the mean absolute anomaly values similarly dropped
from 0.0532 to 0.0461 along the same gradient.

EVI Stability: In the case of EVI, the temporal CV showed the most pronounced response
to terrain structure, decreasing from 14.57% in low-heterogeneity areas to 10.71% in high-
heterogeneity areas. However, unlike NDVI, EVI-based anomaly metrics remained relatively
stationary across the heterogeneity classes. The mean anomaly SD showed negligible
differences, with values of 0.0538 (low), 0.0530 (moderate), and 0.0529 (high). Mean
absolute anomalies were also tightly clustered between 0.0422 and 0.0427 across all TH
categories.

Overall, the results indicate that high topographic heterogeneity is associated with
lower relative temporal variability (CV) for both indices, whereas the reduction in absolute
interannual anomaly variability was index-specific, being clearly evident for NDVI but not for
EVL
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Figure 9. Area-weighted vegetation stability across topographic heterogeneity classes. (A) Temporal
coefficient of variation calculated from annual growing-season means for land-cover-by-elevation-by-
heterogeneity units. (B) Interannual anomaly variability expressed as anomaly standard deviation.

White points indicate area-weighted class means

3.7. Area-weighted climate sensitivity to regional moisture forcing

After class-specific temporal trends were included and inference was clustered by year,
current-year PDSI was not independently associated with NDVI or EVI anomalies. In the
common 1986-2024 sample, current-year PDSI x TH interactions were non-significant for
NDVI (p = 0.643) and EVI (p = 0.629). Model comparison instead supported a one-year-
lagged PDSI formulation: it had the lowest AIC and BIC for EVI and the lowest BIC for NDVI.

NDVI lagged response: Previous-year PDSI slopes differed among TH classes (joint CR2
Wald p = 0.0065), but none of the individual class slopes was distinguishable from zero: low
B =-0.00379 (95% CI -0.00882 to 0.00123; p = 0.126), moderate = 0.00020 (95% CI
-0.00372 to 0.00411; p = 0.914), and high 8 = -0.00081 (95% CI -0.00443 to 0.00281; p =
0.636). Thus, the NDVI result indicates heterogeneous slope structure rather than a
confirmed lagged effect within a specific class.

EVIlagged response: The previous-year PDSI x TH interaction was significant (joint CR2
Wald p = 0.0015). Low TH showed a negative slope ( = —-0.00524; CR2 standard error (SE)
=0.00189; 95% CI -0.00935 to -0.00113; p = 0.0167), whereas moderate (§ = -0.00177; p
=0.251) and high TH ( = -0.00141; p = 0.405) were non-significant (Table 2). The pattern
remained under quadratic and spline time controls, with the low-TH EVI slope significant in
all three specifications and the interaction p < 0.00017 in the two nonlinear specifications.

The results do not support a uniform same-year negative PDSI effect. Instead, they
indicate a heterogeneous, one-year-lagged association, strongest for EVI in low-
heterogeneity terrain. Its negative sign is treated as an association rather than evidence that
moisture deficit enhances vegetation (Figure 10).
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Figure 10. Year-clustered CR2 estimates of previous-year PDSI slopes for NDVI and EVI across
topographic heterogeneity classes. Error bars are 95% confidence intervals. The horizontal dashed line
indicates zero

Table 2. Previous-year PDSI slopes from the primary area-weighted, trend-controlled model with CR2

inference clustered by year

Index Heterogeneity class Lag-1 PDSI slope CR2 SE 95% CI t-ratio p-value
Low -0.00379 0.00231 -0.00882 to 0.00123 -1.642 0.126

NDVI Moderate 0.00020 0.00179 -0.00372 t0 0.00411 0.110 0914
High -0.00081 0.00166 -0.00443 to 0.00281 -0.486 0.636

Low -0.00524 0.00189 -0.00935 to -0.00113 -2.776 0.0167
EVI Moderate -0.00177 0.00146 -0.00497 to 0.00143 -1.210 0.251
High -0.00141 0.00164 -0.00498 to 0.00215 -0.863 0.405

Note. Models included class-specific linear time trends, elevation, and land cover and were weighted by
valid analysis area. CR2 standard errors were clustered by year. Joint previous-year PDSI x TH tests
were significant for NDVI (p = 0.0065) and EVI (p = 0.0015); only the low-TH EVI slope was individually
significant.

3.8. Ecosystem stability metrics during extreme drought events

Four independent drought events were selected from the lowest 10% of growing-
season PDSI (1994, 2014, 2018, and 2021). Drought-year deviations from class-specific
linear trends varied in sign among events and did not show a uniform vegetation decline
(Figure 11). Mean trend-adjusted drought-year deviations ranged from -1.27% to 0.84% for
EVI and from -0.15% to 1.00% for NDVI across TH classes.

NDVI response: Trend-adjusted resistance was close to 1 in all classes (1.010 low, 1.008
moderate, and 0.999 high). Mean recovery ranged from 1.006 to 1.029, and mean resilience
ranged from 1.015 to 1.039. These values describe modest post-event gains relative to fitted
long-term trajectories rather than a statistically tested universal recovery response.

EVI response: Trend-adjusted resistance was 1.001 in low TH and slightly below 1 in
moderate (0.985) and high TH (0.977). Recovery was 1.034-1.050 and resilience was 1.019-
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1.050. Relative to raw metrics, linear detrending reduced mean resilience by 0.016-0.024,
confirming that long-term greening inflated the unadjusted ratios but did not reverse their

direction. Quadratic and spline detrending yielded the same directional conclusions (Table
3).
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Figure 11. Drought-year NDVI and EVI deviations from class-specific linear trends across topographic
heterogeneity classes. Points represent the four selected PDSI events; boxplots summarize event-to-

event variation. The dashed line indicates no deviation from the fitted temporal trend

Table 3. Trend-adjusted drought resistance, recovery, and resilience metrics across topographic
heterogeneity classes

Heterogeneity Pre-event Drought- Post- . -
Index N events event Resistance Recovery Resilience
class mean yearmean
Low 4 0.9970 1.0057 1.0346 1.010+0.051 1.029+0.036 1.039 £ 0.065
NDVI Moderate 4 1.0021 1.0100 1.0159 1.008+0.025 1.006+0.028 1.015+0.038
High 4 0.9999 0.9985 1.0169 0.999+0.025 1.019+0.034 1.017+0.030
Low 4 1.0106 1.0084 1.0577 1.001+0.099 1.050+0.038 1.050+0.091
EVI Moderate 4 1.0149 0.9981 1.0321 0.985+0.053 1.034+0.016 1.019 £0.055
High 4 1.0118 0.9873 1.0357 0.977+0.051 1.050+0.035 1.025+0.035

Note. Values are based on annual indices divided by class-specific linear temporal trends. Resistance =

drought-year/pre-event mean; recovery =

post-event/drought-year mean; resilience = post-

event/pre-event mean. Values are mean * SD across four events and are interpreted descriptively.

Quadratic and spline detrending produced the same directions.

3.9. Stratified bootstrap validation of productivity differences

A stratified bootstrap analysis (1000 iterations) was conducted to validate the
robustness of the productivity gap between high and low topographic heterogeneity classes
after matching for year, elevation, and land-cover strata (Figure 12).

NDVI Robustness: For NDVI, the observed area-weighted High-Low difference was
0.01264, with a nearly identical bootstrap mean of 0.01263. The 95% bootstrap confidence
interval (0.00944-0.01576) remained entirely above the zero-difference threshold, yielding
a probability of a positive difference of 1.000 (p < 0.001). Although the difference was
statistically significant, the paired effect size was relatively small (Cohen’s d = 0.221; partial
1% =0.1700). The area-weighted percentage of positive High-Low pairs was 61.9%.

EVI robustness: The observed High-Low difference was 0.11021 (bootstrap mean
0.11022), with a 95% interval of 0.10630-0.11410 entirely above zero (Figure 12). The
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paired effect size was large (Cohen’s d = 1.423; partial n® = 0.4384), and 92.3% of area-
weighted pairs were positive.
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Figure 12. Area-weighted bootstrap robustness of High-Low productivity differences. Bootstrap
distributions of mean High-Low differences for NDVI and EVI. Differences were calculated within
matched year x elevation x land-cover strata. The red dashed line indicates zero difference, and black

dotted lines indicate the 95% bootstrap confidence interval

3.10. Raster-scale sensitivity of topographic heterogeneity classes

The original 5 m class raster was independently aggregated by majority class to 30 m
and 100 m. Coarse cells were retained when at least 50% of their underlying 5 m cells were
valid. At 30 m, overall agreement with the original map was 77.51% (Cohen’s k = 0.586), with
mean class purity of 0.775. At 100 m, agreement declined to 72.03% (x = 0.468) and mean
purity to 0.720 (Table 4).

Aggregation increased the moderate class from 59.35% at 5 m to 64.88% at 30 m and
69.34% at 100 m, while reducing the relative area of both low and high TH. Thus, the broad
spatial organization remained recognizable at Landsat scale, but progressively coarser grids
smoothed the most contrasting terrain classes. This analysis evaluates classification stability
only and does not rerun the NDVI/EVI models.

Table 4. Raster-scale sensitivity of the three-class topographic heterogeneity map

S(c:ll)e Low (%) Mogz;ate High (%) Agr((e(;)n)lent Cohen’s k s:lli?tr;r
5 18.88 59.35 21.77 100.00 1.000 1.000
30 15.30 64.88 19.82 77.51 0.586 0.775

100 12.46 69.34 18.21 72.03 0.468 0.720

Note. Original values were regrouped as low = 0-1, moderate = 2, and high = 3-5. Coarse classes were
defined by the majority of valid 5 m cells; at least 50% valid coverage was required.

17


https://dergipark.org.tr/en/pub/tuzal

Turkish Journal of Remote Sensing 8 (2026) 1944988 Research Article

4. Discussion

4.1. Topographic heterogeneity as a multidimensional control of vegetation
productivity

The spatial correspondence between high THI values and high vegetation productivity
zones (Figure 4) suggests that multidimensional terrain complexity provides an important
physiographic template for vegetation development in Trabzon Province. The representative
field photographs (Figure 4d-f) provide ground-level context for this pattern, illustrating
incised valleys, rugged hillslopes, exposed rock surfaces, and heterogeneous vegetation
structures within the marked high-complexity area. These landform conditions may enhance
local moisture retention, topographic shading, and microclimatic buffering, thereby creating
more favorable vegetation conditions than those found on less complex surrounding slopes.
This aligns with integrated assessments in other rugged landscapes, where topography and
aspect orientation have been shown to function as essential microclimatic refugia, effectively
protecting vegetation health and moisture levels from regional environmental stressors
(Dhammar et al., 2026).

This study demonstrates that topographic heterogeneity is associated with systematic
differences in long-term vegetation productivity in a humid mountainous landscape. The
high topographic heterogeneity class generally exhibited higher area-weighted NDVIand EVI
values than the low heterogeneity class, even when vegetation summaries were structured
by land-cover class and elevation zone. This finding supports the central expectation that
terrain complexity is not merely a passive background condition, but a spatial filter that can
differentiate vegetation productivity within the same regional climatic setting (Muscarella et
al,, 2020).

The result is consistent with recent work emphasizing that topography can structure
vegetation dynamics through its control over radiation, water redistribution, and
microclimatic variation. For example, global Landsat-based evidence from alpine zones
shows that topographic conditions modulate both vegetation greening and vegetation area
expansion, and that elevation and aspect can produce divergent vegetation-change patterns
across mountainous regions (Zou et al,, 2025). Similarly, recent vegetation-topography
coupling research in the Loess Plateau indicates that topographic heterogeneity can shape
spatial heterogeneity in vegetation status, particularly through its influence on water
availability, solar radiation, and landform-controlled environmental conditions (Luo et al.,
2024). Our study extends this logic to a humid mountain environment by using a multi-layer
Shannon entropy-based topographic heterogeneity index rather than a single topographic
variable.

The stronger separation observed for EVI than for NDVI is also ecologically meaningful.
EVI is generally more responsive to canopy structural variation in dense or high-biomass
vegetation, while NDVI can become less sensitive when canopy greenness is already high.
This helps explain why the High-Low difference was much larger for EVI than for NDVI and
why the bootstrap analysis showed a stronger effect size for EVI. The implication is not that
NDVI is unsuitable, but that NDVI and EVI capture partly different dimensions of vegetation
condition in a humid, densely vegetated mountain landscape. In this context, EVI appears
more sensitive to heterogeneity-related differences in canopy condition, whereas NDVI
provides a more conservative greenness signal (Stein et al.,, 2014).

The elevation-stratified results further indicate that the effect of topographic
heterogeneity is not uniform across the elevation gradient. The 1000-2000 m elevation
interval broadly overlaps the transition from mixed broadleaved-conifer forests to conifer-
dominated montane forests in the Eastern Black Sea region, whereas subalpine and alpine
vegetation becomes prevalent above the regional treeline at approximately 2000 m (Atalay,
2002). Consequently, part of the elevation-dependent variation in NDVI and EVI among TH
classes may reflect covariation between terrain configuration and altitudinal vegetation
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zonation rather than an entirely independent effect of topographic heterogeneity. Although
the elevation- and land-cover-stratified analyses reduce this potential confounding, they
cannot eliminate it completely.

Differences among heterogeneity classes were more pronounced at low and middle
elevations and diminished above 2000 m, suggesting that the ecological expression of
topographic heterogeneity depends on its position along the elevation gradient. At higher
elevations, temperature limitation, shorter growing seasons, reduced soil development, and
greater exposure may override local heterogeneity effects (Rogora et al, 2018). This
situation is consistent with broader mountain research showing that topographic controls
interact with elevation-dependent climatic constraints rather than operating independently.
Global evidence from alpine regions further indicates that the influence of topography on
vegetation dynamics varies among vegetation metrics and along elevation gradients,
reinforcing the need to assess topographic effects within an elevation-stratified framework
rather than as a single landscape-wide relationship (Zou et al., 2025).

4.2. Long-term greening and stability across heterogeneity classes

The long-term NDVI and EVI results indicate a clear greening signal from 1985 to 2025
across all topographic heterogeneity classes. This suggests that the study area has
experienced a broad increase in growing-season vegetation greenness and canopy condition
over the last four decades. However, the trend magnitudes were not highest in the high
heterogeneity class. Instead, the moderate heterogeneity class showed the strongest NDVI
and EVI trend magnitudes, while the high heterogeneity class generally maintained higher
absolute index values across much of the time series.

This distinction is important. Higher topographic heterogeneity was associated more
clearly with higher productivity levels than with the fastest rate of increase. In other words,
high heterogeneity areas appear to occupy a relatively high-productivity state through time,
whereas moderate heterogeneity areas showed stronger upward trends. This may reflect the
fact that high heterogeneity zones already supported relatively high vegetation index values
earlier in the record, leaving less room for strong additional increases (Piao et al., 2020). It
may also indicate that moderate heterogeneity landscapes provide enough environmental
variability to support greening while still retaining larger areas of climatically or
physiographically favorable vegetation units.

The stability results provide an additional dimension to this interpretation. Temporal
coefficient of variation decreased from low to high heterogeneity classes for both NDVI and
EVI, and NDVI anomaly variability was also lower in the high heterogeneity class. These
patterns support the idea that heterogeneous terrain can reduce temporal variability in
vegetation condition, likely because local variation in slope, aspect, radiation exposure,
moisture accumulation, and landform position creates a broader range of microsites. Such
microsite diversity may allow different parts of the landscape to respond differently to
annual climatic variability, reducing the overall variability of the aggregated vegetation
signal (S. Wang & Loreau, 2014).

This interpretation aligns with the growing microclimate literature showing that fine-
scale topographic variation can create local climatic conditions that are decoupled from
broader macroclimatic forcing. Recent empirical work demonstrates that microrefugia can
maintain distinct temperature and vapor pressure deficit conditions during extreme events,
potentially reducing plant water stress (Finocchiaro et al., 2024). Similarly, topography-
driven microclimate gradients have been shown to influence forest structure, diversity, and
composition in refugial forest systems, indicating that small-scale terrain variation can have
persistent ecological consequences (McNichol et al, 2024). Our results do not directly
measure microclimate, but they are consistent with the expectation that terrain
heterogeneity may contribute to more stable vegetation-index behavior through spatial
averaging of contrasting local responses.
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At the same time, the stability signal was stronger for temporal CV than for anomaly-
based EVI metrics. This means that the conclusion should be framed carefully: high
heterogeneity areas showed lower relative temporal variability, but not all stability metrics
responded equally. The study therefore supports a nuanced interpretation in which
topographic heterogeneity contributes to vegetation stability, especially in NDVI and CV-
based metrics, but does not uniformly reduce all forms of interannual variability.

4.3. Hydroclimatic sensitivity and drought-year responses: evidence and caution

The hydroclimatic analysis indicates that the apparent same-year negative PDSI
relationships largely reflect opposing long-term trends: PDSI declined through time while
NDVI and EVI increased. After accounting for class-specific time trends and year-level
dependence, current-year PDSI effects and interactions were not supported. The results
instead indicate a heterogeneous one-year-lagged association (Schwalm et al., 2017).

The lagged EVI association was concentrated in low TH, whereas moderate and high TH
slopes were weak and non-significant. This attenuation is compatible with, but does not
prove, topographic buffering: contrasting aspects, slope positions, shading, fog interception,
and soil-water redistribution may reduce the correspondence between a regional moisture
index and local canopy conditions (De Frenne et al., 2021). The negative low-TH slope
remains ecologically counterintuitive and may reflect delayed phenology, radiation-cloud
covariation, unmeasured disturbance, or residual temporal confounding. It is therefore
interpreted as a robust statistical association rather than a causal benefit of drought.

NDVI and EVI differed in inferential detail. NDVI showed significant heterogeneity
among lagged slopes, but no class-specific slope differed from zero. EVI showed both a
significant interaction and an individually significant low-TH slope. This difference is
plausible because EVI is more sensitive to canopy structure and high-biomass variation,
whereas NDVI saturates more readily in dense vegetation (Xue & Su, 2017). Accordingly, the
climate result is index-specific and should not be generalized as a common vegetation
response.

The trend-adjusted drought analysis further showed that regional PDSI extremes did
not generate a consistent drought-year decline. Recovery and resilience ratios remained
above 1 on average, but only four independent events were available and error bars
represent event-to-event SD rather than inferential confidence intervals. Detrending
reduced the magnitude of post-event ratios, demonstrating that part of the raw apparent
resilience reflected background greening. These metrics are therefore descriptive event
summaries, not evidence of statistically universal ecosystem recovery (Buras et al,, 2020).

Future hydroclimatic analyses should combine PDSI with locally responsive indicators.
Candidate alternatives include the Standardized Runoff Index (SRI) for hydrological drought,
the Vegetation Condition Index (VCI) and Temperature Condition Index (TCI) for satellite-
observed vegetation and thermal stress, and direct soil-moisture, vapor-pressure-deficit,
fog/cloud-frequency, and radiation data. Such combinations would help distinguish moisture
limitation from radiation or temperature limitation in humid mountain environments.

4.4. Methodological contribution, scale sensitivity, and limitations

The principal contribution is a multidimensional, entropy-based representation of
terrain structure linked to four decades of vegetation observations. Equal weighting
preserves transparent contributions from 11 standardized terrain dimensions and avoids
allowing sample-specific variance to determine ecological importance. Nevertheless, it
assumes equal relevance and ignores covariance; PCA-weighted or expert-weighted
alternatives should be tested where the original continuous entropy layers and independent
validation data are available (Gan et al,, 2017).

The independent scale analysis provides a direct assessment of classification
uncertainty. Agreement remained 77.5% when the 5 m map was generalized to 30 m,
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supporting broad compatibility with Landsat-scale patterns, but k was moderate rather than
near-perfect. At 100 m, increased dominance of the moderate class showed that CORINE-
scale integration smooths fine terrain contrasts. CORINE should therefore be understood as
a broad categorical control, not as fine-resolution land-cover information.

Several limitations remain. First, NDVI and EVI are proxies affected by canopy structure,
background reflectance, atmosphere, and illumination geometry; terrain shadow and cloud
contamination may persist despite compositing and median summaries (Ma et al., 2024).
Second, the archived THI has 5 m output spacing, but the provenance and native accuracy of
the source DEM were not retained. The study therefore does not equate 5 m cell spacing with
5 m elevation accuracy.

Third, the available processing records do not document the exact GEE resampling
settings. The retained extraction table confirms grouped land-cover x elevation x TH units
and areas based on 30 m Landsat pixel counts. The raster-scale sensitivity analysis partly
addresses this uncertainty, but it does not substitute for rerunning the complete vegetation
workflow at multiple grids.

Fourth, aggregation into ecological units reduces pixel-level pseudo-replication but
does not eliminate spatial dependence. The retained analytical dataset contains no
coordinates, grid identifiers, or geometries, so a valid residual Moran’s I test could not be
reconstructed. Applying Moran’s I to the TH raster itself would not test model residuals and
was therefore avoided. The CR2 year clustering addresses temporal dependence in the
regional PDSI models, but spatial uncertainty remains; future implementations should retain
georeferenced block identifiers for residual diagnostics, spatial block bootstrap, or spatial
mixed models.

Finally, microclimatic buffering was inferred rather than measured. The higher
productivity and lower relative variability of high TH can arise because mosaics of aspect,
slope position, shading, soil depth, and moisture redistribution create asynchronous local
responses that stabilize an area-weighted signal. At high elevations, however, short growing
seasons, low temperature, exposure, and weak soil development impose regional constraints
that can override this microsite diversity, explaining the observed convergence among TH
classes.

Despite these limitations, the convergence of area-weighted productivity comparisons,
elevation stratification, long-term stability metrics, matched-strata bootstrap results, and 30
m raster sensitivity supports a consistent association between terrain complexity and
vegetation condition. The framework is transferable, provided future studies preserve full
terrain provenance, processing scripts, and georeferenced analytical units.

5. Conclusions

This study answers the first research question by showing that high topographic
heterogeneity is associated with higher long-term NDVI and especially EVI after stratification
by elevation and land cover. The difference was strongest below 2000 m, weakened at higher
elevations, and remained positive in matched-strata bootstrap analyses.

For the second research question, all TH classes greened during 1985-2025, but
moderate TH showed the largest rate of increase, whereas high TH maintained higher
absolute productivity and lower relative temporal variability. Thus, terrain complexity was
linked more strongly to productive state and stability than to maximum greening rate.

For the third research question, current-year PDSI effects were not supported after
temporal-trend and dependence corrections. Previous-year PDSI responses differed among
TH classes, with a significant negative EVI association only in low TH; drought-event
responses were variable and descriptive. The 30 m scale analysis preserved the broad TH
pattern, whereas 100 m aggregation smoothed the extreme classes. The conclusions should
therefore be interpreted as robust landscape associations, not direct proof of microclimatic
or causal drought mechanisms.
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