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Highlights

What are the main findings?

e  Spatial-block resampling identified the five-component diagonal GMM as the most
reproducible shortlisted model of regional NDVI-NDMI trend patterns (median
ARI = 0.912).

e The five archetypes revealed geographically distinct greenness—moisture patterns
across Aseer, associated with contrasting terrain and land-cover conditions

What are the implications of the main findings?

e  The identified regional patterns provide a basis for spatially targeted environmental
monitoring and further ecological investigation

e  Spatial reproducibility complements conventional fit diagnostics when selecting un-
supervised remote-sensing classifications; superiority over annual or single-index
clustering was not tested.

Abstract

This study examined whether joint vegetation-greenness and moisture-sensitive spectral
trends across four standardized calendar windows form spatially reproducible archetypes
in Aseer, Saudi Arabia, during 2015-2025, and how those archetypes relate to terrain and
land cover. The normalized difference vegetation index (NDVI) and normalized difference
moisture index (NDMI) were characterized via Kendall’s tau and Sen’s slope across four
standardized three-month calendar windows. Gaussian mixture models (GMMs) with
alternative component numbers and covariance structures were evaluated via spatial-
block resampling, emphasizing geographic reproducibility rather than likelihood-based fit
alone. Although higher-component models achieved more favorable likelihood criteria, the
five-component diagonal GMM was substantially more reproducible, achieving a median
adjusted Rand index of 0.912, normalized mutual information of 0.890, and centroid cosine
similarity of 0.994. The resulting archetypes captured concordant positive, vegetation—
moisture discordant, calendar-window-dependent, and weak or mixed trajectories. Terrain
and land cover showed moderate environmental separability (balanced accuracy = 0.405),
with elevation, local relief, and slope contributing most strongly. These findings reveal
contrasting vegetation—-moisture trend patterns across Aseer, with directional discordance
concentrated in northern and northeastern interiors and positive or calendar-window-
dependent trajectories prominent in western and southwestern mountain sectors. Spatial
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reproducibility provides a complementary criterion for selecting unsupervised classifica-
tions that support geographically meaningful environmental analysis.

Keywords: NDVI; NDMI; Gaussian mixture model; spatial block resampling; geographic
reproducibility; uncertainty mapping

1. Introduction

Semiarid mountain landscapes combine water limitation with abrupt gradients in
elevation, slope, exposure, soil development, and moisture availability. These gradients
generate pronounced environmental contrasts over short distances and can produce highly
heterogeneous vegetation responses. In dryland mountain systems, drought sensitivity and
greenness dynamics may vary with elevation and terrain position rather than following a
uniform regional pattern [1-3]. Satellite remote sensing is therefore particularly valuable
where field observations are sparse and where ecological responses are spatially discontinu-
ous. Interpretation remains challenging because sparse vegetation, bright soil backgrounds,
mixed land cover, and rugged terrain can affect spectral signals and limit assessments
based on greenness alone [4-7].

The Aseer region of southwestern Saudi Arabia exemplifies this complexity. The
region spans from coastal lowlands through steep escarpments to high-elevation mountain
environments approaching 3000 m. Ecological studies in Aseer and adjacent southwestern
mountain systems have shown that vegetation composition, density, regeneration, and
degradation vary with elevation, slope orientation, local moisture availability, and human
disturbance [8-10]. Remote-sensing studies have also documented substantial vegetation
change over recent decades, but the direction and magnitude of change have not been
spatially uniform [11]. Within the same broader mountain landscape, localized greening,
vegetation decline, and woodland dieback may occur, underscoring the need for approaches
that preserve spatial and temporal heterogeneity.

The normalized difference vegetation index (NDVI) is widely used to monitor veg-
etation greenness, but it does not directly measure ecosystem recovery, vegetation water
content, or ecological conditions. Its performance may also be affected by soil-background
reflectance in sparsely vegetated environments and by saturation in relatively dense vege-
tation [4,6]. Moisture-sensitive indices can provide complementary information. The nor-
malized difference moisture index (NDMI), calculated from near-infrared and shortwave-
infrared reflectance, is sensitive to moisture-related spectral variation and can help distin-
guish changes in greenness from changes in vegetation or surface moisture conditions. Joint
NDVI-NDMI analysis can distinguish concordant greenness and moisture-sensitive ten-
dencies from directional discordance. This is relevant where sparse cover, exposed soil and
contrasting terrain conditions may influence the two spectral responses differently [12-15].

Temporal aggregation poses an additional challenge. Many vegetation monitoring
studies rely on annual summaries or a single predefined seasonal period, commonly
applying Mann—Kendall and Sen-slope estimators to detect monotonic trends [16-18].
However, vegetation responses in drylands depend on rainfall timing, temperature, short
dry periods, and local terrain. Annual aggregation can reduce the visibility of contrasting
calendar-window tendencies, although whether this four-window representation improves
clustering or interpretation relative to an annual model was not tested here [19,20]. Four
fixed three-month calendar windows—December—February (DJF), March-May (MAM),
June-August (JJA) and September-November (SON)—were used as reproducible temporal
strata. They were not selected from local phenology and should not be assumed to represent
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spatially uniform ecological seasons in Aseer. Two indices x two trend statistics x four
windows yielded 16 model features; five archetypes were subsequently estimated
by the GMM.

Large-area pixelwise trend analysis also requires careful handling of statistical sup-
port because repeated testing across numerous pixels and index—-window combinations
can inflate the apparent extent of significant change. False-discovery-rate correction
can reduce this problem, while continuous trend direction and magnitude can be re-
tained independently for trajectory characterization. This distinction allows statistical
support to be evaluated without thresholding or removing weak but spatially coherent
trajectory information.

Classifying multiwindow NDVI-NDMI trajectories poses a more fundamental method-
ological challenge because the number and structure of the underlying trajectory groups
are unknown a priori. Gaussian mixture models provide a probabilistic framework for
identifying overlapping multivariate patterns and estimating assignment uncertainty when
independent class labels are unavailable [21-23]. However, conventional information cri-
teria and internal separation metrics may favor increasingly complex solutions in very
large spatial datasets without demonstrating that the inferred structure is geographically
reproducible. The primary scientific contribution of this study is to characterize geograph-
ically differentiated vegetation-moisture trend patterns across Aseer during 2015-2025,
using spatial reproducibility to evaluate the reliability of their unsupervised classification
under changing geographic samples. Spatial-block resampling evaluated the geographic
reproducibility of GMM classifications, while cross-method and rule-based comparisons
assessed methodological sensitivity rather than ecological accuracy. The joint NDVI-NDMI
features captured concordant and discordant spectral trends across four calendar windows,
although superiority over annual or single-index approaches was not tested.

Environmental interpretation was conducted independently of archetype formation
to avoid circularity. The resulting archetypes were characterized using terrain and land-
cover variables, while spatially blocked modeling assessed their environmental separability
without establishing causal relationships.

The study addresses three regional research questions: How are vegetation-greenness
and moisture-sensitive trends spatially distributed across Aseer? Which distinct, spatially
reproducible trend archetypes can be identified, and where do they occur? How do their
geographical distributions relate to terrain and land-cover characteristics? Specifically, the
study aimed to: (i) map the spatial distribution of NDVI and NDMI trend directions and
magnitudes across four calendar windows; (ii) identify spatially reproducible multivariate
trend archetypes and map their geographical distributions; and (iii) examine their asso-
ciations with terrain and land cover and assess their environmental separability through
spatially blocked validation.

2. Materials and Methods
2.1. Study Area

The Aseer region is a topographically and climatically heterogeneous mountain region
in southwestern Saudi Arabia (Figure 1). The region extends from approximately 17.20°N
to 20.50°N latitude and 41.30°E to 44.30°E longitude [24]. Its proximity to the Red Sea and
transition from coastal lowlands to elevated escarpments and inland plateaus generate
strong maritime—continental climatic gradients across short spatial distances. The elevation
ranges from sea level to more than 3000 m, where orographic uplift produces pronounced
windward-leeward contrasts, with wetter western slopes and warmer, drier eastern rain-
shadow environments.
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Figure 1. Study area and topographic context of the Aseer region: (a) global location of Saudi Arabia;
(b) administrative location of the Aseer region within Saudi Arabia; and (c) elevation across the
study region.

Vegetation patterns reflect these climatic and topographic gradients. High-altitude
environments support montane vegetation, juniper woodlands, and shrublands, whereas
lower elevations are dominated by sparse xerophytic vegetation and drought-adapted
grass communities [25,26].

2.2. Conceptual Framework

Figure 2 summarizes the analytical framework used to identify and interpret
vegetation—moisture trajectory archetypes across the Aseer region. Landsat 8 OLI Col-
lection 2 Tier 1 Level-2 surface-reflectance observations acquired from December 2014 to
November 2025 were used to construct 11 annual analysis windows for 2015-2025. Clouds,
cloud shadows, cirrus, snow, and radiometrically saturated observations were excluded
via the QA_PIXEL and QA_RADSAT bands. Separate median composites were gener-
ated for DJF, MAM, JJA and SON from nominal 30 m Landsat source observations. The
archived multivariate classification was stored on a 1450 x 1594-cell EPSG:4326 grid, with
approximately 227 m east-west and 239 m north-south cell spacing near the study-area
midpoint. For each analysis year y, DJF comprises December of year y~! and January-
February of year y. Therefore, DJF 2015 comprises December 2014 and January-February
2015; the 11 analysis years are 2015-2025. For each pixel and calendar window, Kendall’s
tau describes the direction and consistency of monotonic change, whereas Sen’s slope
quantifies its magnitude. Continuous NDVI and NDMI trend variables were assembled
into a 16-dimensional feature matrix and classified via Gaussian mixture models. The
candidate models were evaluated via information criteria, internal separation diagnostics,
and spatial-block bootstrap stability. The maximum posterior probability, normalized
entropy, and posterior margin characterize assignment confidence and ambiguity, whereas
MiniBatch K-means and directional rule classifications provide methodological sensitiv-
ity comparisons. Copernicus DEM-derived terrain variables and ESA WorldCover 2021
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were introduced only after clustering to characterize environmental associations and spa-
tially blocked environmental separability without influencing archetype formation. The
analytical sequence was designed to address the regional research questions. Mapping
and area summaries established the geographic distribution of the retained archetypes,
while independent terrain and land-cover comparisons and spatially blocked environ-
mental modeling assessed their environmental associations. GMM selection and spatial-
block resampling therefore served to establish a reproducible regional classification, while
the resulting maps and environmental comparisons addressed the study’s geographical

research objectives.
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Figure 2. Conceptual workflow for identifying and interpreting vegetation-moisture trajectory
archetypes in the Aseer region.

2.3. Data Sources and Preprocessing

A multisource geospatial database supported trajectory mapping and environmental
interpretation across Aseer. Landsat 8 surface-reflectance data (2014-2025) supplied NDVI
and NDMI trend raster data. The Copernicus DEM provided terrain variables, ESA World-
Cover characterized land cover and HDX administrative boundaries defined and clipped
the study area for subsequent spatial analysis (Table 1).

Table 1. Summary of the raster and vector geospatial datasets used in this study.

Product and Provider Spatial and Temporal Resolution Principal Use Reference
. . 30 m; nominal 16-day revisit;
Landsat 8 OLI Collection 2 Tier 1 December 2014-November 2025; Derivation of NDVI and
Level-2 Surface Reflectance, . .. USGS Landsat Surface
11 annual calendar-window NDMI trend direction, and
accessed through . . . Reflectance [27]
composites for analysis years magnitude.

Google Earth Engine 2015-2025
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Table 1. Cont.

Product and Provider

Spatial and Temporal Resolution Principal Use Reference

Copernicus DEM GLO-30

Derivation of elevation, slope,
aspect, northness, eastness,
topographic position index,

and local relief

30 m; static digital surface model Copernicus DEM [28]

ESA WorldCover 2021 v200

Postclustering
10 m; reference year 2021 characterization of land-cover ESA WorldCover [29]
composition

Humanitarian Data
Exchange (HDX)

Vector polygons; administrative  Delineation and clipping of

boundaries the Aseer study region COD-AB-SAU [30]

Landsat 8 Operational Land Imager (OLI) Collection 2 Tier 1 Level-2 surface-reflectance
observations acquired from December 2014 to November 2025 were used to analyze an-
nual multiwindow NDVI and NDMI dynamics across the Aseer region of southwestern
Saudi Arabia [31-34]. The study area was covered primarily by the Worldwide Reference
System-2 Path/Rows 165/44, 165/45, 166/44, and 166/45, which together provided com-
plete regional coverage. A total of 2238 scenes intersected the study area. After a scene-level
cloud cover threshold of less than 10% was applied, 1699 scenes were retained: 400 for
December—February (DJF), 434 for March-May (MAM), 399 for June-August (JJA), and
466 for September—-November (SON). Landsat Collection 2 reflectance scale factors and
offsets were applied before index calculation. Clouds, cloud shadows, cirrus, snow, and
radiometrically saturated observations were excluded via quality-assurance bands [32,34].
NDVI and NDMI were calculated for each quality-masked Landsat image to characterize
vegetation greenness and moisture-related spectral variability:

NIR — RED

NDVI = GIRTRED M)

NDMI — PNIR — PSWIR1 @)
PNIR 1 PSWIR1

where RED, NIR, and SWIR1 represent surface reflectances in the red, near-infrared, and
first shortwave-infrared bands, respectively. For Landsat 8, the NIR band is Band 5, the
RED band is Band 4, and the SWIR1 band is Band 6.

Pixelwise median index composites were then generated for each calendar window
and analysis year during 2015-2025 to reduce residual noise while retaining within-year
contrasts. DJF was assigned to the January-February year; thus, DJF 2015 covered December
2014-February 2015. No additional minimum-observation threshold was imposed; trend
estimation used available annual composites at each analytical cell and window. Temporal
coverage may vary among cells and calendar windows because no additional minimum-
observation threshold was imposed.

2.4. Pixelwise Trend Metrics and Input Quality Control

For each index—calendar-window combination, monotonic change across analysis
years 2015-2025 was characterized using Kendall’s rank correlation coefficient, whereas
the magnitude of change was estimated using Sen’s slope [35,36].

Because tied observations may occur in remotely sensed time series, Kendall’s tau
was used:

T, = c-D 5
\/(C+D+Ty) (C+D+Ty) @3)

https:/ /doi.org/10.3390/rs18213827


https://doi.org/10.3390/rs18213827

Remote Sens. 2026, 18, 3827

7 of 29

where C and D are the numbers of concordant and discordant observation pairs, respec-
tively, and where Ty and T, represent tied pairs in the two ranked variables. In this study,
the first variable was the observation year, and the second variable was the corresponding
NDVI or NDMI value.

The trend magnitude was estimated via Sen’s slope:

B= median;; (x]- el ) . 4)

ti—t;

where x; and x; are index values observed at times ¢; and t;, respectively. Because the obser-
vations were summarized annually within each calendar window, § represents the median
change in index units per year. Sen’s slope is resistant to isolated extreme observations and
does not require normally distributed residuals [35].

The combined use of Kendall’s T and Sen’s slopes preserved two complementary
properties of the time series: the consistency and direction of monotonic change and its
estimated magnitude. These statistics were interpreted as spectral-index tendencies rather
than direct measurements of ecological conditions.

2.5. Multiwindow Feature Engineering and Robust Scaling

A 16-variable feature vector was constructed for every complete analytical cell. Four
variables were retained for each of the DJF, MAM, JJA, and SON calendar windows: the
NDVI Kendall’s tau, robust-standardized NDVI Sen slope, NDMI Kendall’s tau, and robust-
standardized NDMI Sen slope. This structure preserved the index-specific trend direction
through Kendall’s T and the relative change magnitude through the standardized Sen-slope
features while avoiding the combination of the NDVI and NDMI into a single composite
score [37]. Concordant, discordant, and calendar-window-dependent vegetation-moisture
trajectories could therefore remain distinguishable in the multivariate feature space.

Because the dispersion of Sen slopes differed among indices and calendar windows,
each of the eight slope layers was standardized over the analytical footprint using the
median and median absolute deviation. The median absolute deviation was multiplied by
1.4826 to obtain a normal-consistent robust scale [38]. Extreme standardized values were
clipped to £8 to limit the influence of isolated distributional tails:

B — median(p)

1.4826 MAD(B)’ 8,8 ©)

zg = clip

Because this transformation centered each slope distribution on its landscape-wide
median, the sign of a standardized Sen-slope value was not necessarily the same as the
sign of the original slope relative to zero. Standardized Sen-slope features were therefore
interpreted as measures of relative change magnitude within each index-window distribu-
tion and were not used to determine the raw trend direction; directional interpretation was
based on Kendall’s 7.

A second robust transformation was fitted only to the 80,000-pixel model development
sample. Each of the 16 variables was centered on the training sample median and divided
by its training sample interquartile range:

« X —median;, (x)

T IQRtmin(x) (6)

The fitted transformation was subsequently applied unchanged to the evaluation
sample and the complete raster. This two-stage procedure first places the slope variables
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on comparable robust units and then prevents variables with greater dispersion from
dominating the multivariate model.

The feature diagnostics included pairwise Pearson correlations, the multivariate con-
dition number, and checks for near-zero interquartile ranges. One pair exceeded the
predefined correlation threshold of | | > 0.85: the robust NDVTI slopes for DJF and SON
(r = 0.861). The overall condition number was 12.27, and no feature had a near-zero
interquartile range. Because redundancy was limited and every variable represented a
prespecified index-window combination, all 16 features were retained.

2.6. Spatial Blocks and Held-Out Modeling Samples

The 1450 x 1594 analytical grid was divided into a separate 20 x 20 geographic-block
layout (400 possible blocks), of which 292 contained complete analytical cells. Geographic
blocks controlled spatially balanced sampling and resampling; the GMM fitted individual
complete analytical cells, not block-average feature vectors. The development and eval-
uation samples contained 80,000 and 15,000 distinct cells, respectively, with no repeated
cell between samples. They were not claimed to come from mutually disjoint geographic
blocks. A 10,000-cell evaluation subset was used for computationally intensive internal
clustering metrics. The relationship between raster cells and geographic blocks is illustrated
in Supplementary Figure S3.

Block cross-validation is generally more appropriate than random cross-validation
when spatial dependence is present because random splits can underestimate predictive
error and encourage overfitting to noncausal spatial structures [39]. Spatial accuracy
assessment in remote sensing likewise needs to account for spatial autocorrelation through
spatial cross-validation or bootstrap procedures rather than nonspatial equivalents [40].

The held-out 15,000-pixel sample was used for partition-level comparisons between the
GMM and MiniBatch K-means solutions, including the adjusted Rand index, normalized
mutual information, and evaluation-sample agreement. Full-resolution outputs were used
only to summarize the mapped agreement and component-specific correspondence.

Spatial-block identifiers were retained throughout the candidate-model assessment,
bootstrap stability analysis, and environmental cross-validation. Pixels remained the
observational units used to fit the models, but robustness and transferability were evaluated
by resampling or withholding geographic blocks rather than relying only on random
pixel divisions.

2.7. Gaussian Mixture Candidate Models and Diagnostic Screening

Probabilistic trajectory archetypes were estimated via finite Gaussian mixture
models [41-43]. For a 16-dimensional feature vector x, the observed distribution was
represented as a weighted combination of K multivariate Gaussian components:

K K
P(x) = 121 7Tk./\/(x, | yka), with kgl =1 (7)

Here x is the transformed 16-dimensional feature vector of an analytical cell, p(x) is its
Gaussian mixture probability density, K is the number of components, k is the component
index, 7y is the component weight (7 > 0 and X7t = 1), py is the component mean vector,
Yy is its covariance matrix, and N(x | pig, 2¢) denotes the multivariate Gaussian density. In a
diagonal-covariance GMM, each component has its own feature-wise variances and zero
off-diagonal covariances; tied covariance uses a single shared covariance matrix.

Model development followed a two-stage candidate search. An initial assessment eval-
uated diagonal covariance models with K = 3-9. The search was subsequently extended
to K = 3-15 under diagonal and tied covariance structures, yielding 26 candidate config-
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urations. Diagonal covariance permitted component-specific variance for every feature
while avoiding estimation of a full 16 x 16 covariance matrix. Tied covariance provides a
parsimonious alternative in which all the components share one covariance matrix [41].

The candidate models were fitted using k-means initialization, three independent
initializations, covariance regularization of 107>, random seed 42, and a maximum of
400 expectation—-maximization iterations. The models were required to converge, retain
all requested components, and maintain a minimum component proportion of 1% in the
evaluation sample [44].

Diagnostic screening included the Bayesian information criterion, Akaike information
criterion, integrated completed likelihood, held-out log-likelihood, silhouette coefficient,
Calinski-Harabasz index, Davies-Bouldin index, mean maximum posterior probability,
and normalized posterior entropy. Information criteria were not used as the sole basis for
selecting the number of components because large spatial samples can favor increasingly
fine partitions that are not geographically reproducible.

Five contrasting candidates were advanced for spatial stability assessment to represent
the principal diagnostic alternatives identified during model screening. The diagonal
K =13, K = 14, and K = 15 solutions represented the information criterion-leading
high-complexity region, the tied covariance K = 3 model represented the strongest low-
dimensional separation solution on the basis of the silhouette coefficient, and the diagonal
K = 5 model represented the parsimonious solution retained from the initial K = 3-9 as-
sessment. All shortlisted models had already satisfied the basic admissibility requirements
of convergence, retention of all requested components, and a minimum evaluation-sample
component proportion of 1%.

2.8. Spatial-Block Bootstrap Selection of the Final GMM

Shortlisted models were evaluated via geographically structured bootstrap resampling.
Twenty bootstrap replicates were generated for each candidate by sampling 80% of the
292 occupied model blocks. Each replicate was fitted using no more than 60,000 training
pixels, one initialization, a maximum of 500 iterations, and covariance regularization of 1075.
All replicate models were evaluated against the same fixed 15,000-pixel evaluation sample.

Because component labels in mixture models are permutation invariant, replicate
components were aligned with the corresponding reference components via minimum-cost
Hungarian assignment [45]. Stability was evaluated via the adjusted Rand index (ARI), nor-
malized mutual information (NMI), centroid distance and similarity, component-proportion
error, component persistence, convergence, held-out likelihood, posterior confidence, and
normalized entropy [46]. For final model comparison, six complementary stability diagnos-
tics were ranked in their favorable directions: median ARI and median NMI from highest to
lowest; median centroid Euclidean distance and median component-fraction mean absolute
error from lowest to highest; median maximum posterior probability from highest to lowest;
and median normalized entropy from lowest to highest. The six ranks were summed to
obtain a consensus stability rank, with a smaller rank sum indicating greater overall repro-
ducibility. Convergence and retention of the requested component structure were examined
as additional admissibility diagnostics. The model with the smallest consensus rank sum
was retained. The diagonal five-component model ranked first with a consensus rank sum
of 6, compared with 17 for diagonal K = 15, 20 for diagonal K = 14, 20 for diagonal K = 13,
and 27 for tied K = 3. The analysis retained a five-component diagonal GMM. The final
estimator was refitted to the complete 80,000-pixel model sample via diagonal covariance,
k-means initialization, three initializations, max_iter = 500, tolerance = 0.001, covariance
regularization = 10~°, and random seed 42. The model converged after 17 expectation—
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maximization iterations. The component membership and posterior probabilities were
then predicted for complete analytical cells [47-50].

The component numbers were assigned by the fitted model and subsequently given
descriptive labels on the basis of their NDVI-NDMI direction and magnitude profiles. These
labels summarize the observed spectral trajectories and do not represent field-validated
ecological categories.

2.9. Probabilistic Assignment Uncertainty and Spatial Coherence

Three complementary posterior diagnostics were calculated for each analytical cell.
The maximum posterior probability represents the probability assigned to the selected
component. Normalized entropy quantifies the dispersion of membership probability
across all five components:

K. .
Hy = — o pulnio) ®)

For posterior membership pjy, i indexes the analytical cell and k indexes the K compo-
nents. Normalized entropy uses the full vector of p; values for each cell. The posterior
margin is the difference between the largest and second-largest values among those K
membership probabilities:

M; = piy — Pi) )

Large margins indicated clear separation from the next most likely component,
whereas small margins indicated ambiguous assignment.

For diagnostic comparison, high-uncertainty cells were defined as those at or above
the 90th percentile of normalized entropy. This threshold was used to determine whether
uncertain assignments were disproportionately associated with disagreement between
clustering approaches. It was not used to remove pixels or alter the final classification.

Spatial coherence was summarized via connected-component patch counts, patch
size distributions, isolated-pixel frequencies, and orthogonal same-class adjacency. These
measures describe spatial texture and fragmentation but are not treated as independent val-
idations because external reference labels for the trajectory archetypes are unavailable [49].

2.10. Cross-Method and Rule-Based Sensitivity Analyses

Minibatch k-means with K = 5 was fitted as a nonprobabilistic comparison method.
Twenty independent runs used k-means++ initialization, batch_size = 4096, max_iter = 500,
max_no_improvement = 50, and one initialization per seed. The solution with the lowest
training inertia was retained. K-means labels were aligned with the GMM components
via Hungarian assignment. Agreement was summarized via the adjusted Rand index,
normalized mutual information, mapped percentage agreement, silhouette coefficient,
Calinski-Harabasz index, and Davies—Bouldin index. These measures assess algorithmic
consistency and are not interpreted as classification accuracy.

A directional-rule benchmark provided a second transparent sensitivity analysis.
Every cell was assigned to one of five categories using the signs of the four NDVI and four
NDMI Kendall tau values:

e  Concordant positive, when at least three windows were positive for both indices;

e  NDVI-positive/NDMI-mixed, when at least three NDVI windows were positive but
the NDMI lacked three positive windows;

e  NDVI-negative/NDMI-positive, when at least three NDVI windows were negative
and at least three NDMI windows were positive;

e  Concordant negative, when at least three windows were negative for both indices;

e  Mixed directions for all remaining combinations.
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The rule-based classes were compared with the GMM solution using the adjusted Rand
index, normalized mutual information, Cramér’s V, and Hungarian-matched agreement.
Agreement between Kendall’s tau and Sen’s slope directions was summarized descriptively
for each rule-based class [50,51].

2.11. Independent Terrain and Land Cover Predictors

For environmental characterization, the Copernicus DEM GLO-30 2024_1 dataset
(COPERNICUS/DEM/GLO30_2024_1) and ESA WorldCover 2021 v200 (ESA /WorldCover/
v200) in Google Earth Engine were used. Copernicus GLO-30 is a digital surface model and
therefore represents the visible surface, including vegetation and built structures, rather
than a bare-Earth terrain model. ESA WorldCover v200 provides 11 global land cover
classes at 10 m spatial resolution from Sentinel-1 and Sentinel-2 observations [52].

The Copernicus DEM was processed in the WGS84/UTM zone 38 N at a 30 m working
scale. Seven terrain variables were derived: elevation, slope, aspect, northness, eastness,
topographic position index within a 300 m radius, and local elevation range within a
300 m radius. The circular aspect was transformed into continuous northness and eastness
components:

Northness = cos(8),Eastness = sin(0) (10)

The topographic position and local relief were calculated as follows:

TPI300 = z — Z300, Relief300 = Zmax,300 — Zmin,300 (11)

Continuous terrain variables were aggregated by their mean to the exact trajectory-
raster grid. The aspect was reconstructed through circular averaging of northness and
eastness rather than arithmetic averaging of angular degrees. WorldCover classes were
summarized at a 30 m working scale using the categorical mode, then aligned by nearest-
neighbor resampling to the coarser trajectory-raster grid (approximately 227 x 239 m near
the study-area midpoint).

Quality-control checks confirmed agreement in raster dimensions, coordinate reference
system, affine transformation and grid alignment. The corrected terrain and WorldCover
predictors covered all complete analytical cells.

2.12. Archetype-Level Environmental Characterization

Environmental summaries were calculated independently for each trajectory archetype.
Pixel-level area-weighted statistics describe terrain conditions and land-cover composition,
whereas spatial-block summaries reduce the influence of local pixel autocorrelation.

For each continuous terrain variable and archetype, medians were first calculated
within the occupied 20 x 20 spatial blocks. Component-variable combinations represented
by fewer than 30 pixels within a block were excluded. The median of the block medians
was reported together with the interquartile range and 95% percentile confidence intervals
derived from 1000 block-bootstrap replicates.

The WorldCover composition was expressed as the area percentage of each land-cover
class within each archetype. Spatial uncertainty was estimated by resampling occupied
blocks 1000 times. The degree of land cover enrichment was calculated as the ratio between
the proportion of the land cover class ¢ within the archetype k and its proportion across the
full analytical landscape:

P(c|k)

Ege = P(c|landscape) (12)

Exc > 1indicates relative enrichment, < 1 indicates underrepresentation, and Ej, =1
indicates representation proportional to the landscape-wide composition. For visualization
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and comparison, enrichment ratios were also transformed into log, (Ej.), for which positive
values indicated enrichment, negative values indicated underrepresentation, and zero val-
ues indicated proportional representation. These analyses were descriptive and associative.
Differences among archetypes were not interpreted as evidence of causal environmental
control, and WorldCover was not treated as reference data for the unsupervised classes.

2.13. Spatially Blocked Environmental Separability Model

A supervised environmental model was used only to quantify the extent to which
terrain and land cover variables could discriminate among the five trajectory archetypes
in geographically withheld areas. The predictor matrix contained six continuous terrain
variables—elevation, slope, northness, eastness, TPI3qg, and local relief—and nine one-hot
WorldCover indicators representing tree cover, shrubland, grassland, cropland, built-up
land, bare or sparse vegetation, permanent water, herbaceous wetland, and mangroves. The
aspect in degrees was excluded because its directional information was already represented
by northness and eastness.

To balance geographic and class representations, up to 120 pixels were sampled
from every spatial block x archetype combination. The final modeling dataset contained
111,092 pixels distributed across all 292 occupied blocks. The response variable was the
GMM component number; model performance therefore represented the environmental
separability of the derived archetypes rather than independent ecological accuracy.

A HistGradientBoostingClassifier was fitted via log loss, learning rate = 0.07,
12_regularization = 1.0, max_leaf nodes = 31, min_samples_leaf = 40, max_bins = 255,
early stopping, validation_fraction = 0.10, n_iter_no_change = 20, tolerance = 107, and
random seed 42. Maximum iteration limits of 250, 500, and 750 were evaluated. All the
folds fitted with 250 iterations reached the specified limit, whereas the 500- and 750-iteration
configurations stopped naturally and produced effectively equivalent performance and
predictor rankings. A maximum of 500 iterations was therefore retained.

Spatial transferability was evaluated via fivefold stratified group K-fold cross-
validation. A spatial-block identifier was used as the grouping variable, ensuring no
overlap between the training and test blocks while approximately preserving the compo-
nent proportions. The performance was summarized in terms of overall accuracy, balanced
accuracy, macro- and weighted F1 scores, Cohen’s kappa, multiclass log loss, confusion
matrices, and component-specific precision, recall, and F1. Balanced accuracy and macro-F1
scores were emphasized because the archetype prevalence was unequal.

2.14. Grouped Permutation Importance and Robustness Analyses

Predictor importance was evaluated within each held-out spatial fold via grouped
permutation, and the decrease in balanced accuracy was used as the scoring measure.
The six continuous terrain variables were permuted independently. All nine WorldCover
dummy variables were permuted so that land cover remained interpretable as one categor-
ical predictor. Five permutation repetitions were performed for every predictor group and
were performed with up to 20,000 test pixels.

Fold-specific importance values were summarized by their mean, standard deviation,
minimum, maximum, and within-fold permutation variability. Because importance was
calculated via geographically withheld observations, it represented spatially transferable
predictive information rather than in-sample associations [53].

Two analyses tested whether the environmental conclusions depended on model
duration or spatial partitioning. First, the same five folds were evaluated using maxi-
mum iteration limits of 250, 500, and 750. The performance, prediction agreement, and
predictor—rank correlation were compared across these configurations. Second, the complete
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111,092-pixel dataset and fixed model parameters were evaluated via 15 x 15, 20 x 20, 25 x 25,
and 30 x 30 spatial-block grids. These corresponded to approximate block dimensions of
21.92 x 25.36 km, 16.44 x 19.02 km, 13.15 x 15.22 km, and 10.96 x 12.68 km, respectively.

Robustness was evaluated from the ranges of balanced accuracy, macro-F1, and Co-
hen’s kappa; prediction agreement among block configurations; Spearman rank correlations
of grouped importance; and consistency of the dominant predictor. The prespecified 20 x 20
grid was retained as the primary validation design.

2.15. Software, Randomization, and Reproducibility

Raster processing, spatial analysis, and statistical modeling were conducted in Python
3.12.13 via NumPy 2.0.2, pandas 2.2.2, SciPy 1.16.3, scikit-learn 1.6.1, Matplotlib 3.10.0,
rasterio 1.5.0, GeoPandas 1.1.4, pyproj 3.7.2, and joblib 1.5.3. Google Earth Engine pro-
cessing was performed with earthengine-api 1.7.35 and geemap 0.38.3. Machine learning
algorithms were implemented via scikit-learn [54].

3. Results
3.1. Analytical Coverage

Complete NDVI-NDMI trajectory profiles covered 99.98% of the analytical footprint
(76,968.22 km?). Median Kendall’s T was positive for both indices across all four calendar
windows, with varying trend strengths. Spatial maps of Kendall’s T and raw Sen’s slope
for both indices and all four calendar windows are provided in Supplementary Figure S1,
with consistent colour scales within each index—metric combination.

3.2. GMM Selection and Spatial Reproducibility

The candidate model diagnostics did not identify a single optimum across the tested
Gaussian mixture models. The 15-component diagonal model produced the lowest
Bayesian information criterion (BIC) and integrated completed likelihood (ICL), together
with the highest independent-evaluation log-likelihood, whereas the three-component
tied-covariance model produced the highest silhouette score. The diagnostic criteria there-
fore favored markedly different levels of model complexity (Figure 3). BIC and ICL were
treated as measures of relative mixture—density fit rather than as definitive indicators of
the most appropriate spatial classification. Given the very large analytical sample, small
improvements in likelihood could strongly favor additional components and increasingly
fine statistical partitions. These subdivisions were not considered sufficient unless they
were also reproducible when geographically distinct portions of the study area were re-
sampled. The final model selection was therefore based on spatial block stability, while
conventional fit statistics were retained as diagnostic screening criteria.

Five contrasting candidates were advanced to spatial-block stability assessment: di-
agonal covariance models with 5, 13, 14, and 15 components and a three-component tied
covariance model (Table 2). Although the five-component diagonal model ranked 24th by
the BIC among the 26 candidate configurations, it ranked first in the joint spatial-stability
assessment, with a consensus rank sum of 6 compared with 17-27 for the other shortlisted
models. All 20 resampling repetitions converged, and the five-component model achieved
a median adjusted Rand index of 0.912 (interquartile range, 0.870-0.919; minimum, 0.779),
median normalized mutual information of 0.890, median centroid cosine similarity of 0.994,
and median component-fraction MAE of 0.0086. The complete five-component structure
was retained in every repetition. The higher-component diagonal models achieved more
favorable likelihood-based diagnostics but substantially lower spatial reproducibility, with
median adjusted Rand indices of 0.443-0.538. The five-component diagonal GMM was
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therefore retained as the highest-ranked geographically reproducible representation of the
dominant multiwindow NDVI-NDMI trajectory structure.
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Figure 3. Extended assessment of candidate Gaussian mixture models across three to fifteen com-
ponents under diagonal and tied covariance structures. Panels show (A) the Bayesian informa-
tion criterion, (B) the integrated completed likelihood, (C) the silhouette coefficient calculated
via the independent evaluation sample, and (D) the mean independent-evaluation log-likelihood
per pixel. Lower BIC and ICL values and higher evaluation log-likelihood values increasingly
favored higher-component diagonal models, whereas the silhouette coefficient favored a three-
component tied-covariance model. Because these criteria support different levels of complexity, the
final model selection was based on spatial block reproducibility rather than on likelihood-based
diagnostics alone.

Table 2. Spatial-block bootstrap comparison of shortlisted Gaussian mixture models.

Model

Median Centroid  Class-Fraction Stable Consensus

K Covariance  Median ARI NMI Cosine MAE Structure (%)

Rank Sum

diag_K5

5 diag 0.912 0.890 0.994 0.0086 100

6

diag K15

15 diag 0.538 0.680 0.902 0.0122 95

17

diag K14

14 diag 0.483 0.666 0.908 0.0180 100

20

diag_K13

13 diag 0.443 0.646 0.895 0.0180 95

20

tied_K3

3 tied 0.270 0.406 0.795 0.3480 100

27

Note: ARI = adjusted Rand index; NMI = normalized mutual information; MAE = mean absolute
error. The stable structure represents the percentage of resampling repetitions in which the requested
component structure was retained. The consensus rank sum combined ranks for median ARI and
NMI (higher values preferred), median centroid distance and component-fraction MAE (lower
values preferred), median maximum posterior probability (higher preferred), and median normalized
entropy (lower preferred). Smaller rank sums indicate greater overall stability. These statistics
quantify reproducibility under geographically structured resampling and do not represent supervised
classification accuracy.
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3.3. Multi-Window NDVI-NDMI Trajectory Archetypes

The retained model resolved five joint spectral-trend archetypes (Table 3): C1, greenness—
moisture directional discordance; C2, moderate concordant positive tendencies; C3, positive
greenness with calendar-window-dependent moisture-sensitive tendencies; C4, strong con-
cordant positive tendencies; and C5, weak or mixed tendencies. C1 was the largest class
(21,976.93 km?, 28.55% of the analyzed area). These descriptors refer to satellite-observed
tendencies and do not establish ecological recovery, degradation or stability.

Table 3. Area, descriptive spectral-trend labels, calendar-window NDVI-moisture-index signatures
and assignment diagnostics for the five-component GMM.

Component Area (km?)  Area (%) Median NDVI  Median NDMI Mea'n Maximufn‘ Mean Normalized GMM—K-Megns
T Range T Range Posterior Probability Entropy Agreement (%)
C1 21,976.93 28.55 —0.13 to —0.051  0.273 to 0.455 0.970 0.045 98.7
C2 17,257.75 2242 0.231 t0 0.513 0.164 to 0.382 0.947 0.081 72.6
C3 9032.06 11.73 0.231t00.487  —0.091 to 0.236 0.939 0.088 32.5
C4 12,272.65 15.95 0.436 to 0.615 0.236 to 0.564 0.965 0.053 474
C5 16,428.82 21.34 0.000t0 0.205  —0.055 to 0.091 0.953 0.070 93.8

Note: Ranges summarize the four standardized three-month calendar windows: DJE, MAM, JJA,
and SON. The maximum posterior probability quantifies assignment confidence, whereas normal-
ized entropy quantifies assignment ambiguity. GMM-K-means agreement represents cross-method
consistency and not supervised classification accuracy.

Cl1 presented a weakly negative median NDVI Kendall’s T across all four calendar
windows, ranging from —0.128 to —0.051. In contrast, the median NDMI Kendall’s ©
remained consistently positive, ranging from 0.273 to 0.455. The standardized Sen-slope
features used in the GMM represented the relative change magnitude within each index—
window distribution and were not interpreted as indicators of the raw trend direction.
C1 was therefore described as greenness—moisture directional discordance, not straightfor-
ward vegetation decline or a field-confirmed ecological state.

Across the four calendar windows, the five components exhibited distinct combina-
tions of greenness and moisture-sensitive spectral trends (Supplementary Figure S2). For
C3, the saved moisture-index median Kendall T was positive in DJF (0.127) and SON (0.236),
whereas it was near neutral or negative in MAM (—0.018) and JJA (—0.091). Raw Sen slopes
and Kendall T are displayed separately because T is dimensionless and slope is expressed
in index units per year. These contrasts are descriptive; they do not demonstrate that the
four-window representation outperforms an annual or single-index alternative.

The five spectral-trend components were differentiated by continuous multiwindow
direction and relative magnitude; component-level calendar-window profiles are shown in
Supplementary Figure S2.

3.4. Spatial Distribution, Assignment Confidence, and Cross-Method Consistency

The five archetypes exhibited geographically differentiated distributions across Aseer
(Figure 4b). C1, representing greenness—moisture directional discordance, was concen-
trated in the northern and northeastern interiors. C3, characterized by calendar-window-
dependent moisture-sensitive trends, occurred mainly along western and southwestern
mountain corridors, whereas C4, representing strong concordant positive greenness—
moisture tendencies, was prominent in western and southwestern high-relief belts.
C2 and C5 extended across substantial central and interior areas. These distributions
reveal contrasting regional spectral trajectories rather than a geographically uniform green-
ing or browning response.
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Figure 4. Comparison of the matched five-cluster MiniBatch K-means and five-component diag-
onal Gaussian mixture model (GMM) classifications in Aseer. (a) Matched K-means class map;
(b) GMM class map; (c) agreement and disagreement between methods; (d) GMM maximum poste-
rior probability; and (e) normalized GMM posterior entropy. Identical component colors are used
after Hungarian matching. Agreement is a measure of methodological consistency, not independent
ecological classification accuracy.

Across the full map, 79.16% of the valid adjacent pixel pairs shared the same com-
ponent label. Isolated pixels represented 1.81% of the analytical area, whereas 4.73% of
the pixels occurred in patches containing fewer than five cells. These results indicate
substantial spatial coherence, although the metrics are descriptive and do not constitute
independent validation.

The assignment confidence was high overall. The mean maximum posterior prob-
ability was 0.957, the median was 0.9999, and the mean posterior margin was 0.916.
The mean normalized entropy was 0.0648, indicating generally low assignment ambi-
guity (Figure 4d,e). C3 had the highest mean entropy (0.088), followed by C2 (0.081),
whereas C1 had the lowest mean entropy (0.045). Most cells were therefore assigned deci-
sively, although localized areas of greater ambiguity occurred near boundaries between
component distributions.

After component matching, the full-map agreement between GMM and MiniBatch
K-means was 75.93% (Figure 4c). Agreement was highest for C1 (98.73%) and C5 (93.78%),
intermediate for C2 (72.60%), and lower for C4 (47.43%) and C3 (32.48%). These differences
indicate that C1 and C5 were reproduced consistently under both clustering algorithms,
whereas C3 and C4 were more sensitive to the underlying clustering formulation.

Compared with 20.91% among cells below this threshold, 52.46% of the cells within
the upper entropy decile, defined by normalized entropy > 0.289, exhibited GMM-K-
means disagreement. The corresponding disagreement risk ratio was 2.51. Normalized
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entropy distinguished agreement from disagreement, with a diagnostic area under the
receiver operating characteristic curve of 0.710. This association indicates that posterior
assignment ambiguity and cross-algorithm disagreement are spatially related. However,
neither measure represents ecological error or classification accuracy in the absence of
independent reference data.

The transparent directional rule benchmark showed substantially lower correspon-
dence with the GMM, with an adjusted Rand index of 0.218, normalized mutual information
of 0.336, and mapped agreement of 49.28% (Table 4, panel A). This lower correspondence
was expected because the rule-based approach reduced continuous multiwindow trajec-
tory information to discrete directional categories. The directional-rule comparison was
therefore treated as a transparent sensitivity assessment rather than as validation of the
GMM classification.

Table 4. Cross-method sensitivity of the final five-component GMM classification.

A. Overall cross-method correspondence

Comparison Analytical basis Adjusted Rand index Norirrr:?éizrreljtgztual agrlgi?rlfelz)rf’:i (%)
G ed | bosmple oy
GMM vs. matched Full-resolution o . 7593
MiniBatch K-means mapped output

UM decionanle Fullreluion oo
B. Component-specific GMM-K-means agreement
GMM component Trajectory-archetype label Agreement (%)
1 NDVI-NDMI directional discordance 98.73
2 Moderate concordant positive trajectory 72.60
3 Calendar-window-divergent moisture trajectory 32.48
4 Strong concordant positive trajectory 47.43
5 Weak and calendar-window-mixed trajectory 93.78

C. Assignment ambiguity and cross-method disagreement

Diagnostic Value

Overall GMM-K-means disagreement (%) 24.07
Upper-decile normalized-entropy threshold 0.289
Disagreement below the upper entropy decile (%) 2091
Disagreement within the upper entropy decile (%) 52.46
Disagreement risk ratio 2.51

Diagnostic AUC of entropy for disagreement 0.710

Note: Partition-level similarity statistics were calculated via the held-out 15,000-pixel evaluation
sample, which was separate from the model-fitting sample. Full-resolution summaries were used to
describe the mapped consistency and component-specific correspondence. The different analytical
bases reflect the purpose of each comparison and do not represent inconsistent sampling. ARI and
NMI were not recalculated for the full-resolution GMM-K-means comparison. These measures
describe methodological consistency and sensitivity rather than supervised classification accuracy or
ecological validation.

Additional relationships among posterior ambiguity, GMM-K-means agreement, and
spatial coherence are presented in Figure 5.
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Figure 5. Relationships among assignment ambiguity, cross-method agreement, and spatial coherence.
Panels show (A) GMM-K-means agreement across normalized-entropy deciles, (B) agreement by
the GMM component, (C) the proportion of pixels occurring in small patches, and (D) different-
class adjacency and isolated-pixel percentages for the GMM and MiniBatch K-means solutions.
These diagnostics describe assignment ambiguity, methodological consistency, and mapped spatial
structure; they do not constitute independent ecological validation.

3.5. Terrain and Land-Cover Associations

Terrain and land cover clearly differed among the five trajectory archetypes (Figures 6
and 7). Component 1 occurred predominantly on comparatively gentle terrain, with a
median elevation of 1135 m, median slope of 0.98°, and median local relief of 10.0 m.
Component 2 occupied the highest median elevation, at 1753 m, but was associated with
only moderate slopes. Components 3 and 4 occurred on the steepest and most dissected
terrains: their median slopes were 15.55° and 14.01°, respectively, whereas the median local
relief reached 117.83 m and 106.03 m. Component 5 occupied intermediate elevation, slope,
and relief conditions.

Bare or sparse vegetation accounted for 88.44% of the analytical area and was the dom-
inant WorldCover class within every archetype. Its share exceeded 98.9% for Components
1,2, and 5 but declined to 52.28% for Component 3 and 64.90% for Component 4. Com-
ponent 3 contained 23.07% shrubland and 21.02% grassland, with grassland showing an
enrichment ratio of 5.07 relative to its landscape-wide proportion. Component 4 contained
23.03% shrubland and 9.67% grassland. Although tree cover occupied only a small absolute
area, it showed the strongest relative enrichment within Component 4, with an enrichment
ratio of 4.60.

Together with the mapped distributions (Figure 6F), these contrasts distinguish the pre-
dominantly sparse, gently sloping northern and northeastern C1 interiors from the steeper
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western and southwestern mountain sectors occupied by C3 and C4, where shrubland
and grassland are more prominent. The combined spatial distributions of the terrain, land
cover, and trajectory archetypes are presented in Figure 6, whereas the robust-standardized
terrain differences and land cover enrichment are summarized in Figure 7. These patterns
represent spatial associations and should not be interpreted as evidence of causal environ-
mental control or independent ecological validation. Component-level median elevation,

slope and relief are also compared in Supplementary Figure S4.
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Figure 6. Terrain, land cover context, and spatial distribution of the five multiwindow NDVI-
NDMI trajectory archetypes in the Aseer region. Panels show (A) elevation, (B) slope, (C) local
relief within a 300 m neighborhood, (D) topographic position index within a 300 m neighborhood,
(E) ESA WorldCover 2021 classes, and (F) the final five-component diagonal Gaussian mixture model

trajectory-archetype classification.
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Figure 7. Environmental associations of the five multiwindow NDVI-NDMI trajectory archetypes.
Panel (A) shows robust standardized differences between each archetype median and the landscape
median for elevation, slope, northness, eastness, topographic position index, and local relief. Panel (B)
shows the log, enrichment of selected ESA WorldCover classes within each archetype relative to their
landscape-wide proportions. Positive values indicate above-landscape terrain medians or land cover
enrichment, whereas negative values indicate below-landscape medians or underrepresentation. The
values describe spatial associations rather than causation.
3.6. Spatially Blocked Environmental Separability

The environmental model used 111,092 observations distributed across all 292 oc-
cupied spatial blocks. Fivefold stratified group cross-validation maintained complete
separation between training and held-out blocks in every fold. The resulting performance
therefore quantified the extent to which the terrain and land cover variables could distin-
guish the five GMM trajectory archetypes in geographically withheld areas rather than
their ecological accuracy.

For the retained 500-iteration configuration, overall accuracy was 0.394, balanced
accuracy was 0.405, macro-F1 was 0.382, Cohen’s k was 0.243, and multiclass log loss
was 1.355 (Table 5; Figure 8A). The fold-level balanced accuracy ranged from 0.394 to
0.420, with a standard deviation of 0.012. Although the balanced accuracy exceeded the
five-class reference value of 0.20, the results indicated limited-to-moderate environmental
separability rather than complete discrimination among the trajectory archetypes.

Table 5. Spatially blocked environmental model performance and robustness.
Metric Value Interpretation or Scope
Overall accuracy 0.394 All held-out spatial folds
Balanced accuracy 0.405 Chance level = 0.20
Macro F1 0.382 Equal weight across five components
Cohen’s kappa 0.243 Agreement beyond chance
Multiclass log loss 1.355 Lower values indicate better probability calibration
Recall, Component 1 0.661 NDVI-NDMI directional discordance
Recall, Component 2 0.162 Moderate concordant positive trajectory
Recall, Component 3 0.348 Calendar-window-divergent moisture trajectory
Recall, Component 4 0.398 Strong concordant positive trajectory
Recall, Component 5 0.458 Weak and calendar-window-mixed trajectory

Note: Performance quantifies the ability of terrain and land cover variables to separate the GMM
archetypes into geographically independent folds.
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Figure 8. Spatially blocked environmental separability of the five multiwindow NDVI-NDMI
trajectory archetypes. Panels show (A) balanced accuracy, macro F1, and Cohen’s « for each spatial
cross-validation fold; (B) the row-normalized confusion matrix, expressed as the percentage of each
observed component assigned to the five predicted components; (C) spatially cross-validated recall by
trajectory archetype; and (D) grouped permutation importance, expressed as the decrease in balanced
accuracy following predictor—group permutation. The dashed reference value of 0.20 applies to
balanced accuracy in panel (A) and component recall in panel (C); it is not a reference value for macro
F1 or Cohen’s x. Performance and predictor importance quantify environmental separability and
associations rather than ecological validation or causal control.

The environmental separability differed markedly among the components (Figure 8B,C).
Recall was highest for C1 (0.661), followed by C5 (0.458), C4 (0.398), Component 3 (0.348), and
C2 (0.162). C2 was most frequently confused with C1 and C5, whereas C3 and C4 showed
substantial mutual confusion. These patterns indicate considerable environmental overlap
among some of the trajectory archetypes, particularly between classes occupying similar
elevation, terrain, or land-cover settings.

Grouped permutation importance identified elevation as the most informative envi-
ronmental predictor, producing a mean decrease in the balanced accuracy of 0.0969 after
permutation. Local relief was the second most important predictor (0.0527), followed by
slope (0.0514), the topographic position index at 300 m (0.0329), and the jointly permuted
WorldCover predictor group (0.0303). Eastness (0.0105) and northness (0.0038) contributed
comparatively little (Figure 8D).

The environmental variables therefore contained reproducible information about the
spatial organization of the trajectory archetypes but did not fully reproduce the remote-
sensing classification. Their importance should consequently be interpreted as evidence of
environmental associations and spatial separability rather than causal control.
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3.7. Convergence and Spatial-Scale Robustness

Sensitivity analyses yielded similar aggregate environmental-separability metrics
across the tested boosting limits and spatial-block configurations. Detailed iteration histo-
ries, block-grid comparisons and predictor-importance diagnostics are provided in Supple-
mentary Tables S1 and S2 and Supplementary Figures S6 and S7.

4. Discussion
4.1. Multiwindow Trend Characterization and Geographic Reproducibility

Kendall’s T and Sen’s slope summarized monotonic direction and magnitude in each
of four calendar windows, permitting direct comparison of within-year differences in the
archived spectral-trend summaries. These periods were treated as standardized calendar
windows rather than uniform ecological seasons across Aseer’s strong elevation and
climatic gradients. Recent remote-sensing studies similarly demonstrated that vegetation
responses can differ among spectral indicators and temporal periods, particularly under
moisture-limitation conditions [55,56].

The principal regional finding is that vegetation-greenness and moisture-sensitive
trends across Aseer are organized into geographically differentiated archetypes rather than
a uniform regional response. Geographic reproducibility was important for distinguishing
persistent regional structure from classification patterns sensitive to changes in geographic
sampling. Although higher-component GMMSs achieved stronger likelihood-based fit, the
five-component diagonal model was the most reproducible shortlisted solution (median
ARI = 0.912). This methodological result supports the reliability of the broad regional
partition under the tested resampling design but does not establish ecological ground-truth
accuracy or a uniquely correct ecological classification [57-59].

The importance of this reproducibility assessment lies in supporting the interpretation
of Aseer’s regional vegetation—moisture patterns, rather than identifying a uniquely correct
ecological classification. The retained model provides a consistent basis for comparing the
contrasting interior and mountain-sector archetypes and their environmental associations.

4.2. Interpretation of the NDVI-NDMI Trajectory Archetypes

Once the geographically reproducible five-component solution had been established,
the resulting archetypes revealed marked heterogeneity in the vegetation-moisture trajecto-
ries across Aseer. The largest component, covering 28.55% of the analytical area, combined
weakly negative NDVI Kendall tendencies with consistently positive NDMI Kendall ten-
dencies. This divergence is important because greenness-sensitive and moisture-sensitive
spectral responses can provide different information on vegetation dynamics. NDMI-
based time series analysis has shown particular sensitivity to vegetation disturbances
and moisture-related changes, whereas vegetation responses to moisture availability can
vary considerably among environments [60-62]. The observed NDVI-NDMI divergence
should not, however, be interpreted directly as ecological recovery or degradation because
both indices remain spectral proxies influenced by vegetation density, canopy structure,
moisture status, and the soil background.

Components 2 and 4 showed concordant positive NDVI-NDMI behavior, although
Component 4 exhibited the strongest positive tendencies. Component 3 was characterized
by generally positive NDVI behavior combined with calendar-window-dependent NDMI
responses, whereas Component 5 exhibited relatively weak and mixed trajectories. These
configurations demonstrate that vegetation change across Aseer cannot be reduced to a
uniform regional greening—browning signal. Differences among spectral indicators and
temporal periods have also been reported in drought-response studies, while topographic
gradients can substantially modify vegetation distributions and responses in mountain
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environments [62,63]. The multiwindow approach therefore retains information that could
be lost through annual averaging or reliance on a single vegetation index.

4.3. Assignment Uncertainty and Methodological Sensitivity

Geographic reproducibility addresses whether the overall component structure per-
sists when the spatial modeling sample changes, whereas posterior diagnostics address
uncertainty in assigning individual pixels to those components. The final GMM showed
generally decisive assignments, with a mean maximum posterior probability of 0.957 and a
mean normalized entropy of 0.065, although confidence varied spatially and among com-
ponents. In unsupervised learning, such assignment diagnostics complement resampling-
based stability because cluster-level reproducibility and observation-level membership
uncertainty represent different dimensions of classification robustness.

Cross-method comparison provided an additional sensitivity assessment. The
matched MiniBatch K-means solution reproduced 75.93% of the full-resolution GMM
classification, with particularly high agreement for Components 1 and 5 but substantially
lower agreement for Components 3 and 4. These differences indicate that some archetype
boundaries are more dependent on clustering formulation than others are. Comparing
alternative clustering formulations is therefore useful for determining whether inferred
structures reflect robust multivariate organization or are strongly dependent on a specific
algorithmic representation.

The relationship between posterior entropy and cross-method disagreement further
supported this interpretation. The GMM-K-means disagreement increased from 20.91%
below the upper entropy decile to 52.46% within it. Locations considered ambiguous
by the probabilistic GMM were therefore also substantially more sensitive to the choice
of clustering algorithm. Entropy consequently provides useful spatial information on
where archetype membership is least decisive, although neither posterior probability nor
cross-method agreement constitutes ecological accuracy.

The directional-rule benchmark showed substantially weaker correspondence with
the GMM. This is consistent with the loss of information that occurs when continuous
multiwindow trend directions and magnitudes are reduced to a limited set of sign-based
categories. The benchmark therefore supports the additional structure retained by the
multivariate representation but should be interpreted as a methodological sensitivity
comparison rather than independent validation.

4.4. Environmental Associations and Broader Implications

The geographic distributions of the spectral-trend archetypes corresponded to con-
trasting environmental settings across Aseer. C1 was concentrated in the northern and
northeastern interiors and occupied predominantly gentle, bare or sparsely vegetated
terrain. In contrast, C3 and C4 occurred mainly within western and southwestern moun-
tain sectors characterized by steeper slopes, greater local relief, and higher shrubland
and grassland representation. C2 occupied the highest median elevation but remained
predominantly bare or sparsely vegetated. These patterns indicate that regional greenness—
moisture responses vary across topographic and land-cover settings. Differences in local
moisture availability, exposure, hydrology, and disturbance may contribute to the observed
contrasts, but these processes were not tested directly. The associations therefore provide
geographically explicit hypotheses for further environmental investigation rather than
evidence of causal terrain control [63].

The spatially blocked environmental model provided a stricter assessment of these
relationships by evaluating whether terrain and land cover could distinguish archetypes in
geographically withheld areas. The balanced accuracy was 0.405, with elevation producing
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the largest out-of-block permutation effect, followed by local relief and slope. Spatially
structured evaluation is particularly important when analyzing environmental maps be-
cause nonspatial evaluation can produce overly optimistic estimates when training and
assessment observations share geographic structure. The environmental separability was
nevertheless only moderate, indicating that static terrain and land cover conditions explain
only part of the spatial organization of the temporal spectral trajectories.

The incomplete environmental separability is informative: similar mapped terrain and
land-cover settings can contain different spectral-trend archetypes. C1 occupies predomi-
nantly bare or sparse surfaces, where soil-background and surface-moisture signals may
contribute to greenness—-moisture divergence. C2 occurs at relatively high elevations but
remains predominantly bare or sparse, so elevation does not imply woodland recovery.
C3 displays window-dependent moisture-sensitive tendencies, while C4 displays strong
concordant positive tendencies; neither pattern alone proves ecological improvement.
C5 represents weak or mixed monotonic tendencies rather than verified ecological stability.
Local hydrology, rainfall timing, vegetation composition, disturbance and land manage-
ment could contribute to these contrasts, but the present model did not estimate their
individual causal effects [62,63].

The principal environmental findings were also stable across the specific modeling sen-
sitivities examined. The balanced accuracy and predictor rankings changed little across the
evaluated boosting limits and spatial block configurations, whereas elevation consistently
remained the leading predictor. These results support robustness to the tested analytical
settings rather than to model specifications in general.

For environmental management, the archetype and uncertainty maps can provide strata
for targeted monitoring rather than direct intervention prescriptions. C1 sites are candidates
for paired vegetation and soil-moisture observations to investigate index discordance; C3 sites
should be surveyed across contrasting calendar windows; and C4 sites merit checks of whether
concordant positive spectral trends correspond to sustained field vegetation change. High-
entropy cells and GMM-K-means disagreement areas should receive greater field-verification
attention. Integration with local habitat, grazing, fire, hydrological and land-use evidence
would be required before conservation or climate-resilience decisions. Proposed strata for
such field verification are mapped in Supplementary Figure S5.

4.5. Strengths, Limitations, and Future Directions

A principal strength of the framework is that geographic reproducibility was incor-
porated directly into unsupervised model selection rather than being assessed only after
the number of classes was selected. Candidate solutions were evaluated according to
whether their partition structure, component signatures, relative prevalence, and assign-
ment characteristics persisted when the geographic composition of the modeling sample
changed. This approach is consistent with broader arguments that stability should con-
tribute to unsupervised model selection and that spatial structure should be explicitly
considered when evaluating geographically distributed machine-learning results. Ad-
ditional strengths include the joint characterization of greenness and moisture-sensitive
trajectories, the integration of trend consistency and magnitude, the retention of four cal-
endar windows, posterior uncertainty mapping, cross-method sensitivity analysis, and
geographically blocked environmental evaluation.

The analysis was based on up to 11 annual observations per calendar window series,
limiting sensitivity to weak, nonlinear, or short-duration changes. The NDVI and NDMI
are spectral proxies rather than direct measurements of biomass, vegetation water content,
or ecosystem conditions, and different remotely sensed vegetation and moisture indicators
can respond differently to drought and vegetation disturbances. The four standardized
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calendar windows also do not represent locally defined phenological seasons. Quality
masking and median compositing can leave unequal temporal support among calendar
windows. The approximately 227 x 239 m analytical grid at the study-area midpoint may
mix vegetation, soil backgrounds and terrain positions, even though the source Landsat
observations are nominally 30 m. The saved outputs do not establish a per-cell distribution
of valid annual composites, which remains an important sampling limitation.

The retained number and boundaries of components also remain dependent on feature
representation and model formulation. Spatial reproducibility does not establish that five
is the only valid representation of Aseer’s trajectory structure; rather, it shows that the
five-component solution was the most stable among the candidate models subjected to the
specified resampling design and stability criteria. This distinction is important when the
framework is transferred to other landscapes or datasets.

The environmental analysis further used a static 2021 WorldCover layer to characterize
trajectories spanning 2015-2025 and did not explicitly incorporate dynamic climate, soil, dis-
turbance, or land-management variables. Future work should therefore combine trajectory
archetypes with field observations, climate and soil-moisture records, land-use histories,
and higher-temporal-resolution remote sensing. Landsat time series methods capable
of detecting both gradual and abrupt vegetation disturbances provide useful pathways
for extending the present monotonic-trend framework [64]. The reproducibility-guided
workflow may be applicable to other semiarid mountain regions, but geographic trans-
ferability has not been tested outside Aseer. Independent application is required before
assuming that the five-component solution or its component signatures generalize to a
different region.

5. Conclusions

The analysis identified five geographically differentiated NDVI-NDMI spectral-trend
archetypes across the Aseer region during 2015-2025. The largest archetype (C1; 28.55% of
the analyzed area) was concentrated in northern and northeastern interiors and exhibited
directional discordance between greenness and moisture-sensitive trends. C3 (11.73%) and
C4 (15.95%) were prominent in western and southwestern mountain sectors, representing
calendar-window-dependent moisture-sensitive behavior and strong concordant positive
trends, respectively. These patterns demonstrate substantial regional heterogeneity rather
than a uniform greening-browning response.

The archetypes exhibited distinct but overlapping associations with elevation, slope,
local relief, and land cover. Spatially blocked environmental separability was limited
to moderate (balanced accuracy = 0.405), indicating that static environmental character-
istics accounted for only part of the mapped spectral variation. The five-component
diagonal GMM provided the most geographically reproducible shortlisted representa-
tion (median ARI = 0.912), supporting its use for identifying broad regional patterns
under the tested resampling design. These findings provide spatially differentiated targets
for vegetation—moisture monitoring and field verification. Geographic reproducibility
offers a complementary methodological criterion for selecting unsupervised classifica-
tions, while ecological interpretation and management applications require independent
supporting evidence.

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/rs18213827 /s1, Figure S1 provides four-window trend maps;
Figure 52, component trend profiles; Figure S3, the pixel-block sampling schematic; Figures S4 and S5,
terrain associations and proposed field-verification strata; and Figures S6 and S7 and Tables S1 and S2,
environmental-model convergence and spatial-block sensitivity analyses.
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Abbreviations

The following abbreviations are used in this manuscript:

NDVI  Normalized Difference Vegetation Index
NDMI  Normalized Difference Moisture Index
SON September, October, November

DJF December, January, February

MAM March, April, May

JJA June, July, August

VPD Vapor Pressure Deficit

SR Surface Reflectance

WRS-2  Worldwide Reference System-2
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