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Abstract

Monitoring dynamic post-catastrophic landscapes necessitates unsupervised classifica-
tion approaches capable of incorporating newly emerging landscape-cover states without
relying on predefined classes. Within this framework, the temporal correspondence of inde-
pendently derived spectral clusters presents a critical methodological challenge. This study
compared different temporal correspondence approaches for multi-temporal Sentinel-2
imagery of the post-catastrophic floodplain landscape of Khortytsia Island (Ukraine) from
2021 to 2026. In addition to existing temporal cluster correspondence methods based on
centroid distance, Mahalanobis distance, Linear Discriminant Analysis, and Random Forest,
geometrically oriented approaches employing the elongation and principal-axis orientation
of spectral point clouds were evaluated. A series of tests assessed correspondence accuracy,
robustness to seasonal and interannual drift, graph connectivity, and consensus structure
among different temporal correspondence solutions. The results demonstrated that geomet-
rically oriented approaches preserved temporal correspondence among landscape-cover
states with high stability despite phenological and interannual variability. In particular,
axis-based correspondence more effectively maintained separation between correspond-
ing and competing clusters amid progressive temporal divergence. Consensus analysis
revealed that disagreement among methods was concentrated in ecotonal and actively
transforming zones, indicating areas of increased landscape instability. This study shows
that the geometry of spectral trajectories contains valuable information for temporal corre-
spondence and provides a promising foundation for monitoring dynamic post-catastrophic
landscape systems.

Keywords: unsupervised classification; spectral trajectories; phenological variability;
floodplain transformation; landscape dynamics; ecological succession

1. Introduction
Remote sensing provides an effective basis for monitoring landscape and vegetation-

cover dynamics, especially in territories affected by ecological catastrophes. Under such
conditions, ecosystems may undergo rapid, large-scale, and nonlinear transformations
involving changes in species composition, vegetation productivity, habitat structure, and
the spatial organisation of landscape cover [1,2]. Therefore, post-catastrophic monitoring re-
quires approaches that can document the current state of the landscape and track trajectories
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of change, including their intensity, spatial heterogeneity, and temporal persistence [3,4].
In territories affected by ecological catastrophes, it is essential both to document the state
of the area at a given moment in time and to track trajectories of change, their intensity,
spatial heterogeneity, and temporal persistence [5]. Remote sensing is an effective tool
for analysing the spatiotemporal dynamics of landscape and vegetation cover, because it
enables the assessment of temporal changes in spatial patterns over large areas, ensures
repeatability of observations, and provides a basis for comparing the state of landscape
and vegetation cover before, during, and after the impact of destabilising factors [6].

The spatiotemporal dynamics of landscape and vegetation cover can be investigated
using continuous spectral-index values, which reflect gradients of surface condition, pro-
ductivity, or moisture, and classified land-cover categories, which enable the distinction of
cover types and the analysis of their spatial relationships [7,8]. While continuous spectral-
index values are well suited to capturing gradual changes in the intensity of individual
properties [7,9], classified categories provide an interpretation of structural transformations
within a territory through changes in cover composition and spatial configuration [10,11].
Obtaining classifications for individual dates and ensuring their accurate comparability
over time is critically important. This challenge is addressed through temporal corre-
spondence, which harmonises classification results obtained at different observation dates
based on phenological, seasonal, and image-acquisition conditions [12,13]. The necessity
of temporal correspondence of land-surface classification results stems from the fact that
remote sensing data reflect the class of an object and its state at a specific moment in the
seasonal cycle [14]. The spectral responses exhibit significant variation across the distinct
phenological phases within vegetation cover [15]. The same vegetation type may appear as
different classes on different dates, while different vegetation types may, during certain pe-
riods of the year, become spectrally similar [8,16]. These effects are further compounded by
variations in moisture conditions, inundation, weather, cloud cover, acquisition geometry,
and sensor characteristics, leading to the accuracy of single-date classifications depending
strongly on the acquisition date [17,18]. Maps produced for different seasons, years, or
satellite platforms may differ not because of actual landscape change but because of differ-
ences in observation times, creating a risk of pseudo-change, reducing model transferability,
and complicating the accurate comparison of spatiotemporal series [13,19,20]. The tempo-
ral harmonisation of land-surface classification results is therefore a necessary condition
for reliable monitoring, the detection of genuine cover changes, and the construction of
comparable multi-year classifications [12,21].

During the temporal correspondence of land-surface classification results, several
challenges are typically encountered. The phenological non-stationarity of vegetation types
means that the same vegetation type may exhibit different spectral responses at different
phases of the seasonal cycle. Classes that are well separated on one date may overlap on
another. In many studies, accounting for phenological dynamics is regarded as an essen-
tial component of establishing correspondence among multi-date classifications [21–23].
Even in the absence of real change, spectral differences between scenes may arise from
atmospheric conditions, illumination, acquisition geometry, and sensor differences. Con-
sequently, inter-date differences often reflect variations in observation conditions rather
than actual cover transformation, making reflectance normalisation a critical step before
establishing correspondence [24,25]. Even slight misregistration between scenes alters the
configuration of object boundaries and may generate false changes, especially along the
contours of fine-grained or mosaic landscapes. Although object-based approaches are less
sensitive to misregistration, precise co-registration remains essential [26,27]. Reference
samples are often derived from field descriptions, thematic maps, or aerial photographs
acquired on different dates, under different phenological conditions, or at different spatial
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resolutions. This introduces label noise into the training data, associated with misregistra-
tion, delayed updating, and the intrinsic complexity of the cover itself [28]. Such errors
affect both classifier training and validation procedures [29]. Errors also arise from mis-
matches in resolution and semantic inconsistencies when older, coarser-resolution maps are
used for correspondence or as training labels for newer, more detailed products. This issue
is particularly important when comparing classifications produced by different sensors or
by different generations of mapping products [30]. A further challenge is the methodologi-
cal incomparability of classifications produced in different years: changes in interpretation
rules, spatial detail, feature sets, processing algorithms, and legend structure may generate
discrepancies between maps that are unrelated to real cover change. Consequently, part
of the detected dynamics may represent an artefact of differences in mapping procedures
rather than actual transformation of landscapes or vegetation [31].

Robinson et al. [32] proposed the Temporal Cluster Matching (TCM) framework for
detecting temporal changes in structures by comparing spectral cluster distributions inside
and outside known object footprints. Although the term “cluster matching” is used in
that study, its objective differs fundamentally from the present work. Here, we address
the problem of establishing temporal correspondence between independently derived
spectral clusters representing landscape-cover states across multi-temporal image series. In
object-based pasture mapping, temporal correspondence can be established by matching
pasture objects according to the similarity of their multivariate Sentinel-2 time-series tra-
jectories, particularly using Dynamic Time Warping to account for shifts in phenological
timing [33]. Correspondence approaches have also been used to analyse spatial corre-
spondence between pixel-based remote-sensing classifications and polygon-based forest
inventory maps [34]. Existing correspondence approaches in remote sensing include tem-
poral correspondence of spectral trajectories, object-based correspondence analysis, and
hierarchical reconciliation between heterogeneous land-cover representations [35]. In forest
monitoring, temporal correspondence can be formulated as the correspondence between
abrupt shifts in NDVI time series and specific management events, such as clear-cuts
or partial forest cuts [36]. For dynamic landscape monitoring, correspondence may be
based on repeated image-pattern correspondence, allowing displacement or trajectory
information to be extracted from temporally separated satellite scenes [37]. The use of
multi-temporal Sentinel-2 imagery improved vegetation classification accuracy because
seasonal phenological changes provided additional discriminatory information between
spectrally similar vegetation types [38]. Thus, despite the broad use of correspondence in
remote sensing, there remains a methodological gap in temporally linking independently
derived vegetation or habitat clusters across multitemporal image series under phenological
and interannual spectral drift. This is the problem addressed in the present study.

Phenological and successional dynamics operate on different temporal scales under
normal conditions [39]. Phenological changes reflect intra-annual variability in the state of
vegetation cover, whereas successional changes characterise the longer-term reorganisation
of its structure and composition [40]. However, under catastrophic impacts, the issue of
temporal alignment becomes considerably more complex, as these two types of dynamics
begin to overlap [38] partially. Following environmental disturbance, phenological vari-
ability may manifest as quantitative changes in the spatial proportions of qualitatively
similar cover types, where their density, productivity, or degree of development changes
without a distinct transition to another type [41]. Catastrophic processes may sharply
accelerate successional transformations, so that a qualitative reorganisation of the cover
accompanies quantitative changes–that is, a transition to other vegetation types or forms
of landscape organisation [42]. Under conditions of ecological catastrophe, interpreting
remote-sensing time series requires distinguishing short-term phenological variability from
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accelerated successional change, because spectrally or structurally similar shifts may have
fundamentally different ecological origins.

Temporal changes alter the spectral signatures of the same land-cover objects, making
independently generated spectral clusters from different dates inconsistent and therefore
difficult to compare directly. Consequently, reliable temporal correspondence between spec-
tral clusters becomes a prerequisite for analysing post-disturbance vegetation dynamics [14].
Our hypothesis is that temporal correspondence between spectral clusters representing the
same landscape-cover type can be established from the internal geometry of spectral point
clouds, particularly from their elongation and principal-axis orientation in spectral space.
This hypothesis is based on the fact that, even within a single observation date, individual
patches of the same landscape-cover type may occupy different phenological or succes-
sional states. Such within-type heterogeneity produces elongated spectral spectral point
clouds whose dominant orientation reflects the principal direction of internal spectral vari-
ability. Through time, successive states of the same landscape-cover type form a continuous
spectral trajectory that, because of the discrete character of remote-sensing observations,
appears as a sequence of partially separated elongated clouds. Under these conditions, the
local geometry of a spectral point cloud constrains the probable direction of its subsequent
displacement in spectral space and therefore provides a basis for temporal correspondence
between successive states of the same landscape-cover type. This geometrically oriented
approach is then compared with different temporal correspondence methods, including
centroid distance, Mahalanobis distance, Linear Discriminant Analysis, and Random Forest,
in order to evaluate whether the geometry of spectral point clouds provides additional
information for preserving temporal correspondence among landscape-cover states.

2. Materials and Methods
2.1. Study Area as a Model Landscape System

The floodplain ecosystems of Khortytsia Island on the Dnipro River were selected as
the model study area, as they represent a dynamic landscape system that has undergone
pronounced post-catastrophic restructuring following the destruction of the Kakhovka
Reservoir in 2023 [43] (Figure 1). Khortytsia is the largest island on the Dnipro River,
located within the city of Zaporizhzhia, Ukraine, downstream of the Dnipro Hydroelectric
Power Plant [44].

Before the catastrophe, the island was connected with the northern part of the for-
mer Kakhovka Reservoir water area and its floodplain–riparian zone [45]. The study
covered the period from 2021 to the most recent available satellite observations, which
made it possible to compare the state of the landscape and vegetation cover before the
catastrophe, during the phase of abrupt hydrological restructuring, and throughout sub-
sequent post-catastrophic development [43]. Following the destruction of the Kakhovka
Hydroelectric Power Plant dam on 6 June 2023, the rapid decline in water level caused
substantial changes in the hydrological regime, shoreline morphology, moisture conditions
of floodplain soils, and the spatial structure of habitats [43,44,46,47]. Within the floodplain
system of Khortytsia, these processes were manifested in the disconnection of some water
bodies from the main channel, shallowing, exposure of bottom substrates, formation of
new sandy shores and shoals, and rapid colonisation of newly exposed surfaces by pioneer
and riparian-aquatic vegetation. At the same time, changes in relatively elevated parts of
the floodplain may proceed more slowly, but remain ecologically significant because of
changes in the moisture regime of the root zone and increased summer stress on woody
stands [48,49]. Khortytsia is therefore a suitable model site for analysing the temporal dy-
namics of landscape cover, as it combines sharply transformed, transitional, and relatively
stable areas. This mosaic structure provides conditions for testing remote-sensing methods
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capable of tracking both gradual changes in known habitat types and the emergence of
new, previously unrepresented cover classes [50].

Figure 1. The cascade of reservoirs on the Dnipro River and the location and digital model of the
Khortytsia Island. The blue quadrangle on the digital model of the island indicates the study area.

2.2. Acquisition and Primary Processing of Satellite Imagery

A multi-date series of Sentinel-2 MSI (Multispectral Instrument) Level-2A satellite
images acquired during 2021–2026 was used for the analysis [51]. Only scenes with low
cloud contamination were included in the processing, with total cloud cover not exceeding
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5%. Each scene was processed separately within the study-area polygon. Spectral bands
were extracted from SAFE archives, clipped to the study area, masked by the polygon
boundary, and aligned to a common spatial grid with an identical coordinate reference
system, spatial extent, and resolution. The radiometric harmonisation of the imagery was
performed, including BRDF (Bidirectional Reflectance Distribution Function) correction
to reduce inter-date differences associated with varying acquisition conditions, aimed at
reducing the influence of sun–sensor geometry on surface reflectance [52]. Cloud- and
shadow-affected pixels were subsequently masked using Sentinel-2 quality layers. To
preserve the continuity of the multi-date series, missing values were later reconstructed
along the temporal trajectory of each pixel using regression-interpolation gap filling based
on neighbouring observation dates [53,54]. Based on the spectral bands, 36 spectral indices
were calculated for each date. These indices characterised different aspects of surface
condition, including greenness, moisture, vegetation structure, hydrological regime, soil
exposure, and integrated spectral brightness components. The formulas of the indices
and their ecological interpretation are provided in our dataset [55]. All index layers were
geometrically harmonised across dates and aligned to a common raster structure.

2.3. Identification of EUNIS (European Nature Information System) Habitats Based on
Plant Communities

Geobotanical surveys, vegetation physiognomy, and the landscape position of patches
were used for the interpretation of spectral classes in terms of EUNIS (European Nature
Information System) habitats (Table S1). Habitat identification was primarily based on
plant associations established from field relevés (Figure S1), whereas vegetation physiog-
nomy, moisture conditions, relief, and spatial context were used as complementary criteria
(Table S2). This approach follows the general logic of the EUNIS classification system,
in which habitat types are associated with vegetation but are not direct equivalents of
phytosociological syntaxa, as their delimitation also depends on ecological and geograph-
ical context [56]. The assignment of spectral classes to habitat types was performed by
analysing the dominant and accompanying plant associations recorded within each class.
This allowed avoiding a rigid “one class–one habitat” correspondence and retaining several
spectrally distinct classes within the same EUNIS habitat type when they represented
different structural or phenological states of the same habitat. The relationship between
spectral classes and plant associations was evaluated using contingency-table analysis [57].
A contingency matrix was constructed in which rows corresponded to plant associations
and columns to spectral classes. The overall strength of association was assessed using
Pearson’s χ2 test with a Monte Carlo permutation procedure because of the presence of low
expected frequencies in part of the matrix [58,59]. The strength of association was quanti-
fied using Cramér’s V. Individual classes were additionally evaluated using one-versus-rest
comparisons with Holm correction for multiple testing [60,61]. Standardised residuals were
used to identify associations that were statistically overrepresented or underrepresented
within particular spectral classes [62,63].

2.4. General Study Design and Strategy for Evaluating Temporal Correspondence Methods

The study aimed to evaluate the extent to which different temporal-correspondence
methods can preserve the identity of habitat types across a multi-date series of satellite
images. Because independently generated clusters cannot be directly compared across
dates, the central task is to establish reliable temporal correspondence between clusters
representing the same landscape-cover type despite seasonal and interannual spectral vari-
ability [14]. The overall analytical framework combined two complementary evaluation
modes: a quasi-supervised mode, in which habitat types were defined based on reference
geobotanical surveys, and an unsupervised temporal correspondence mode, in which the
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ability of the methods to maintain a stable cluster structure without direct use of external la-
bels for each date was assessed. In the quasi-supervised mode, reference habitat types were
identified for a fixed period of field surveys, after which the quality of their recognition was
evaluated when transferring these correspondences to other dates within the satellite time
series. This approach enabled assessment of the “ageing” effect of reference information,
i.e., the decline in the reliability of correspondences with increasing phenological or interan-
nual divergence from the survey date. In the unsupervised mode, methods were compared
based on how consistently they reproduced the temporal continuity of clusters across
consecutive dates. This evaluation included the emergence of new codes, the stability of
chains of correspondences, the structure of cluster-transition graphs, and the consistency of
the resulting superclusters among different temporal correspondence methods.

The methodological workflow consisted of four consecutive stages. First, spectral
clusters were generated independently for each observation date. Second, different tem-
poral correspondence methods were applied to establish correspondences among clusters
across dates. Third, the resulting correspondences were evaluated using complementary
quasi-supervised and unsupervised criteria. Finally, the temporal consistency of the result-
ing landscape trajectories was compared among methods. This sequential workflow links
each methodological component directly to the overall objective of preserving temporal
correspondence among landscape-cover states.

2.5. Feature Space for Temporal Correspondence

This step was necessary to ensure that clusters obtained from different dates were
compared within the same feature space rather than within date-specific spectral coordinate
systems. Because seasonal variation may shift all observations in a similar direction
and obscure correspondence among habitat types, the feature space was constructed to
reduce the dominant seasonal component while preserving residual differences relevant to
temporal correspondence. The purpose of this procedure was not to classify land cover
directly, but to create a common spectral reference system in which the geometry, position,
and trajectories of clusters could be compared across dates. Calculations were performed
in a common ordination space constructed for the full set of observations from all dates,
using spectral indices shared by all temporal slices. For each spectral index xij, the seasonal
component was described using a cyclic GAM:

xij = sj(DOYi) + εij,

where DOYi is the day of year for the i-th observation, sj(·) is a cyclic smooth function, and εij is
the residual component. The residuals εij were used as seasonally adjusted values. For each date
d, the robust centre of feature j was then calculated as either the median or the trimmed mean:

cjd = media n xij : i ∈ d, cjd = mean trimxij : i ∈ d.

The values were subsequently centred as:

x′ij = xij − cjd.

Within each “class × date” combination, quantile trimming was then applied. Obser-
vations were retained if:

Q(g,d)
q,j ≤ x′ij ≤ Q(g,d)

1−q,j,

where Q(g,d)
q,j and Q(g,d)

1−q,j are the lower and upper quantiles for feature j in group g on date d,
respectively. In the analysis, q = 0.01 was used. This sequence of transformations produced
a comparable set of features for constructing the common correspondence space.
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The prepared observations from all dates were analysed in a unified ordination space
using a two-step principal component approach. First, principal component analysis of
the total spectral variability (hereafter, total PCA) was applied to the complete multi-date
dataset. This step extracted the dominant gradients shared across all dates, which for
vegetation cover mainly reflected broad variation in greenness, moisture conditions, and
surface brightness. In the second step, principal component analysis of residual variation
(hereafter, residual PCA, or rPCA) was applied after removing the variation explained
by the dominant total PCA gradients. This step was used because the strongest common
gradients may mask weaker, but ecologically meaningful, differences among habitat states.
The residual components, therefore, represented supplementary spectral structure that
was less expressed in the main axes but could be important for distinguishing temporal
trajectories and spectrally similar habitat states. Each observation was then represented by
its coordinates in this combined component space. All component coordinates were used
in the correspondence procedures, while the first two total PCA coordinates were also used
to visualise spectral clouds and temporal trajectories.

2.6. Geometric Properties of Spectral Clusters

This section explains why cluster shape, axis orientation, and relative position were
used as geometric indicators of temporal continuity between landscape-cover states. The
geometric approach was based on the assumption that the shape of a spectral cluster
reflects the temporal trajectory of change in the corresponding cover type. Accordingly, the
geometry of the cluster can be interpreted as an indicator of the direction of subsequent
spectral change and used to establish correspondences between clusters on consecutive
dates. Temporal correspondence was therefore based on the shapes of spectral clusters, the
orientations of their principal axes, and their relative positions in the common ordination
space (Figure 2).

For each “class k × date t” combination, the spectral cluster in the common ordination
space was described by a robust geometric descriptor:

Dk,t =
{

µk,t, uk,t, λ1,k,t, λ2,k,t, κk,t
}

,

where µk,t is the robust centroid of the cluster, uk,t is the unit vector of the first principal axis,
λ1,k,t and λ2,k,t are the first and second eigenvalues of the robust covariance matrix, and:

κk,t =
λ1,k,t

λ2,k,t

is the elongation, or anisotropy, index of the cluster.
The cluster centre and covariance structure were estimated robustly using the mini-

mum covariance determinant method, followed by eigen decomposition of the covariance
matrix. The first eigenvector defined the dominant direction of within-cluster variability,
whereas the eigenvalue ratio (κk,t) quantified cluster elongation.

Temporal correspondence was established asymmetrically by comparing each cluster
Dk,t on the current date with all reference clusters Dj,t−1 from the preceding date. For each
candidate pair, the displacement vector between cluster centroids was calculated as:

δj→k = µk,t − µj,t−1.

Its projection onto the principal axis of the reference cluster was defined as:

sj→k = δT
j→kuj,t−1,

https://doi.org/10.3390/geographies6030070

https://doi.org/10.3390/geographies6030070


Geographies 2026, 6, 70 9 of 43

whereas the perpendicular component was calculated as:

δ⊥j→k = δj→k − sj→kuj,t−1.

Figure 2. Schematic representation of geometric correspondence between spectral clusters. The upper
panel illustrates the spatial component of the method: for the reference cluster on the previous date
(reference), the transverse gap between its axial region and the cluster on the current date is evaluated
both for the within-class correspondence (within-class, gapwithin ) and for the nearest between-class
difference (between-class, gapbetween). dbetween

⊥ denotes the perpendicular deviation of the centroid
of the different cluster from the principal axis of the reference cluster. The lower panel illustrates
the angular component of the method, i.e., comparison of the angle between the principal axes
of the reference cluster and either the within-class cluster (θwithin) or the between-class cluster
(θbetween). Geometric correspondence is based on the assumption that, for the true within-class
correspondence, both the transverse gap and the angular mismatch are smaller than for between-class
competing clusters.
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The transverse separation between clusters was then described by the Euclidean length
of this perpendicular component:

d⊥j→k =∥ δ⊥j→k ∥ .

Thus, sj→k represents the longitudinal displacement along the principal axis of the
reference cluster, whereas d⊥j→k represents the transverse deviation of the centroid of the
current cluster from this axis.

For geometric interpretation, an axial “tube” region was defined around the principal
axis of each cluster. For the reference cluster, its transverse radius was defined as:

rref
j→k = α

√
λ2,j,t−1 + β | sj→k |,

where α is the radius scaling coefficient and β is the axial expansion parameter. For the
current cluster, the transverse radius was defined as:

rcur
k,t = α

√
λ2,k,t.

In the calculations, α = 1.5 and β = 0 were used. Under this setting, the
axial region was effectively cylindrical, i.e., its transverse radius did not depend on
longitudinal displacement.

The unnormalised transverse gap between two clusters was defined as:

gj→k = d⊥j→k −
(

rref
j→k + rcur

k,t

)
,

and the normalised transverse gap as:

g∗j→k =
gj→k

max
(

rref
j→k + rcur

k,t , ε
) ,

where ε is a small positive constant introduced to avoid division by zero. If

gj→k ≤ 0,

the clusters were considered to overlap or touch geometrically in the transverse direction.
The angular difference between the orientations of two clusters was evaluated using

their first principal axes:

θj→k =
2
π

arccos
(
| uT

j,t−1uk,t |
)

.

The integrated geometric similarity score between clusters was defined as:

Sj→k = wθθj→k + wgg∗j→k,

where wθ and wg are the weights of the angular and spatial components, respectively.
In the analysis, equal weights were used:

wθ = 1, wg = 1.

For each cluster k on date t, the best match on the previous date was defined as the
cluster j for which Sj→k was minimal:

ĵ(k, t) = arg min
j∈Ct−1

Sj→k,
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where Ct−1 is the set of all clusters present on the previous date. This integrated score was
subsequently used as the combined score.

Within-class temporal pairs ( k, t − 1) → (k, t ) were compared with their nearest
between-class competing clusters from the previous date using angular mismatch θ, nor-
malised transverse gap g∗, and combined score S:

θmin
between(k, t) = min

j ̸=k
θj→k,

g∗,min
between(k, t) = min

j ̸=k
g∗j→k,

Smin
between(k, t) = min

j ̸=k
Sj→k.

For each within-class pair, the following logical criteria were then recorded:

passθ = I
(

θk→k < θmin
between(k, t)

)
,

passg = I
(

g∗k→k < g∗,min
between(k, t)

)
,

passS = I
(

Sk→k < Smin
between(k, t)

)
,

where I(·) is the indicator function.
The separation margin between the true within-class correspondence and the nearest

external class was described as:

marginscore k,t = Smin
between(k, t)− Sk→k.

The geometric criterion was evaluated nonparametrically. Within-class values of θ, g∗,
and S were compared with the corresponding nearest between-class competing clusters
using one-sided paired Wilcoxon tests. The margin score was tested against zero using
a one-sample Wilcoxon test. Geometric connectivity was additionally quantified as the
proportion of within-class pairs with overlapping axial regions gk→k ≤ 0.

2.7. Axis–Distance and Geometric Methods

The two proposed geometric correspondence methods compare clusters as oriented
structures described by their centre, principal-axis direction, and transverse width. The
axis–distance method uses only the deviation of a current cluster from the principal axis
of a reference cluster, whereas the geometric method additionally incorporates angular
alignment and transverse overlap between axial regions. The following cluster descriptor
was used as the basic reference for comparison:

Dj,t−1 =
{

µj,t−1, uj,t−1, λ1,j,t−1, λ2,j,t−1
}

,

where µj,t−1 is the centroid of the reference cluster, uj,t−1 is the unit vector of its first
principal axis, and λ1,j,t−1 and λ2,j,t−1 are the first and second eigenvalues of the robust
covariance matrix.

In the simplest centroid-based variant, correspondence between clusters was estab-
lished only by the Euclidean distance between their centroids:

dcent
j→k =∥ µk,t − µj,t−1 ∥ .
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The best match for cluster k on date t was then defined as:

ĵcent(k, t) = arg min
j∈Ct−1

dcent
j→k,

where Ct−1 is the set of all clusters present on the previous date.
The axis–distance method represents a geometric extension of this approach. Here, the

reference for comparison is not a single point but the principal axis of the reference cluster,
defined by the line:

Lj,t−1(τ) = µj,t−1 + τuj,t−1, τ ∈ R.

Unlike a centroid, this axis may pass both through and beyond the spectral point
cloud; it therefore represents not only the current state of the system but also the dominant
direction of its internal variability, which can be interpreted as a hypothetical trajectory of
subsequent spectral change. For a pair consisting of reference cluster j at t − 1 and current
cluster k at t, the centroid displacement vector was calculated as:

δj→k = µk,t − µj,t−1,

with its longitudinal projection onto the principal axis of the reference cluster given by:

sj→k = δT
j→kuj,t−1,

and its perpendicular component by:

δ⊥j→k = δj→k − sj→kuj,t−1.

The axis–distance score was defined as the transverse distance from the centroid of
the current cluster to the principal axis of the reference cluster:

daxis
j→k =∥ δ⊥j→k ∥ .

Accordingly, the best match was defined as:

ĵaxis(k, t) = arg min
j∈Ct−1

daxis
j→k.

The geometric method used the same axial principle but complemented it by assessing
the angular alignment of the principal axes and the transverse gap between the axial regions
of the two clusters. For this purpose, a transverse radius was defined around the principal
axis of the reference cluster as:

rref
j→k = α

√
λ2,j,t−1 + β | sj→k |,

and, for the current cluster, as:
rcur

k,t = α
√

λ2,k,t,

where α is the scale of the transverse radius and β is the parameter controlling expansion
along the axis. In the calculations, α = 1.5 and β = 0 were used; therefore, the axial region
was effectively cylindrical.

The transverse gap between the two clusters was defined as:

gj→k =∥ δ⊥j→k ∥ −
(

rref
j→k + rcur

k,t

)
,
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and its normalised form as:

g∗j→k =
gj→k

max
(

rref
j→k + rcur

k,t , ε
) ,

where ε is a small positive constant. If gj→k ≤ 0, the axial regions of the two clusters were
considered to overlap or touch in the transverse direction.

The angular mismatch between the principal axes of the two clusters was calculated as:

θj→k =
2
π

arccos
(
| uT

j,t−1uk,t |
)

,

a quantity ranging from 0 to 1 and independent of the sign of the eigenvector. The integrated
geometric score was then defined as:

Sj→k = wθθj→k + wgg∗j→k,

where wθ and wg are the weighting coefficients of the angular and spatial components,
respectively. In the calculations, wθ = 1 and wg = 1 were used. The best match for cluster k
on date t was defined as:

ĵgeom(k, t) = arg min
j∈Ct−1

Sj→k.

Thus, the axis–distance and geometric methods represent two hierarchically related
levels of geometric correspondence: the former uses transverse deviation from the reference
principal axis, whereas the latter extends this criterion by incorporating angular alignment
and transverse overlap between axial regions.

2.8. Different Temporal Correspondence Methods

This section defines the reference temporal correspondence methods used to benchmark
the proposed geometric correspondence approach against established distance-based and
classification-based methods. For comparison with the geometric method, four methods for
establishing temporal correspondence between clusters on consecutive dates were used: centroid
distance, Mahalanobis distance, Linear Discriminant Analysis (LDA), and Random Forest
(RF) [32]. All methods evaluated how a cluster on date t2 corresponded to the classes defined
on the preceding date t1, after which the class with the best score was selected. In the centroid
method, the Euclidean distance was calculated between the centroid µ of the cluster on date
t2 and the centroids of all reference clusters on date t1. The class with the minimum distance
was considered the best match. The Mahalanobis method used both the centroid and the
cluster’s covariance structure. For each class on the reference date, a distributional model was
constructed, and for the query cluster, the median Mahalanobis distance of its points to this
model was calculated. The class with the minimum distance was then selected as the best
match. Linear Discriminant Analysis (LDA) and Random Forest (RF) were used as classification-
based methods. These models were trained on points from the reference date. For the points
belonging to a cluster on date (lower index 2) t2, posterior probabilities of membership in
each reference class were then obtained. These probabilities were averaged across all points
within the query cluster, and the class with the highest mean probability was taken as the
corresponding class. The comparison involved the geometric axis-tube method against centroid
distance, Mahalanobis distance, LDA, and RF.

Because the complete set of spatial outputs is too extensive to be presented within a
conventional journal article, all classification products have been deposited in an accom-
panying Zenodo repository [64]. The archive contains, for each temporal correspondence
method and each Sentinel-2 acquisition date, both georeferenced GeoTIFF rasters and
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rendered image versions of the resulting classifications. It includes the primary cluster clas-
sifications, the corresponding supercluster maps obtained after temporal integration, and
the associated spatial products generated throughout the analytical workflow. These mate-
rials provide full spatial documentation of the classification results and enable independent
verification, visual inspection, and reuse of the proposed methodology.

2.9. Strategy for Comparing Temporal Correspondence Methods for Spectral Clusters

The comparison of temporal correspondence methods for spectral clusters was performed
in three consecutive stages (Table 1). In the first stage, the geometric assumption underlying the
axis–distance and geometric approaches was tested. Whether spectral point clouds of the same
class on neighbouring dates preserve geometric connectivity, that is, whether their orientational
and spatial similarity is greater than that of the nearest between-class competing clusters. To this
end, the relative position, direction of the principal axis, and degree of overlap of spectral clusters
were evaluated in the common ordination space. In the second stage, the practical quality of
correspondence between neighbouring dates was assessed. The axis–distance and geometric
approaches were compared with different methods based on centroid distance, Mahalanobis
distance, Linear Discriminant Analysis, and Random Forest. The comparison was performed
in a quasi-supervised mode, in which habitat types were defined from reference geobotanical
surveys conducted at a fixed date, after which the transferability of these correspondences to
other temporal slices was analysed. In the third stage, the temporal stability of the methods
was analysed, that is, changes in correspondence quality with increasing phenological and
interannual drift relative to the reference period. The analysis evaluated how rapidly identifica-
tion accuracy degraded with increasing temporal distance and whether geometrically oriented
approaches were better able to preserve correspondence with the true class under conditions
of post-catastrophic landscape cover restructuring. The evaluation scheme comprised three
interconnected levels: testing the geometric hypothesis, benchmark comparison of practical
correspondence quality, and analysis of the temporal stability of different methods.

Table 1. Criteria and stages for evaluating the axis–distance and geometric correspondence methods.

Stage Evaluation Aim Evaluation Aim Evaluation Aim

1
Determine whether cluster
orientation preserves
temporal correspondence.

Within-class cluster pairs between
neighbouring dates should be
geometrically closer than the nearest
between-class competing clusters.

Cluster orientation contains
information about the direction of
temporal spectral change and can be
used to predict corresponding
clusters at subsequent dates.

2

Evaluate whether the full
geometric method improves
temporal correspondence
compared with reference
methods.

Correspondence identified by the
geometric method is compared with
centroid distance, Mahalanobis
distance, Linear Discriminant
Analysis, Random Forest, and the
axis–distance method using top-1
accuracy, median rank, and margin.

The geometric method achieves
higher accuracy, lower median rank,
and larger margins than the
comparator methods, indicating that
cluster geometry provides
additional information beyond
orientation alone.

3 Assess the temporal stability
of correspondence methods.

Compare the effect of increasing
temporal distance from the reference
surveys (2024 and 2025) on
correspondence accuracy using the
method × temporal distance
interaction.

Geometrically oriented methods
show a slower decline in accuracy,
smaller increases in true-class rank,
and smaller margin loss with
increasing temporal distance.
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2.10. Criteria for Comparing Different Temporal Correspondence Methods

The comparison of different temporal correspondence methods between neighbouring
dates was performed in a benchmark mode, in which, for each cluster on the current date, t,
its correspondence to all candidate clusters present on the previous date t− 1 was evaluated.
The true correspondence was defined as the cluster belonging to the same reference habitat
class on the previous date. For each correspondence case, the predicted class, the rank of the
true class among all candidates (rank_true), the correct indicator for a correct top-ranked
correspondence, and the margin representing the separation between the true class and the
nearest competing candidate were determined. The overall performance of the methods
was evaluated using top-1 and top-3 accuracy, the mean and median ranks of the true class,
and the mean and median values of margin. These metrics were calculated for the full set
of transitions between neighbouring dates, as well as separately for each date pair and for
each class. For methods based on distance or geometric scores, the best correspondence
was defined as the candidate with the minimum score, whereas for Linear Discriminant
Analysis (LDA) and Random Forest, the best correspondence was defined as the class with
the highest mean posterior probability.

2.11. Evaluation of the Sensitivity of Correspondence Methods to Phenological and Interannual
Temporal Drift

This section evaluates whether correspondence methods remain reliable when spectral
signatures diverge from the reference survey period because of within-year phenological
change and interannual variability. Cluster correspondence across consecutive dates was
considered a problem of establishing temporal invariance of vegetation types relative to
the reference surveys conducted in August 2024 and 2025. The rationale for this approach
was that a reference survey captures the state of vegetation cover at a specific point in
time, whereas before and after this date the spectral structure of the same vegetation type
changes systematically with seasonal phenology and interannual variability. Accordingly,
the comparison of correspondence methods was aimed at evaluating the extent to which
each approach preserves the correspondence between clusters of the same type over time
under conditions of such drift. The sensitivity of correspondence methods to temporal
drift was analysed separately in two aspects. The first aspect, represented by within-year
phenological variability, was defined as the distance between the satellite observation date
and the reference survey date of the corresponding year. For each observation associated
with survey year i, the reference centre was defined as:

dref
i = Date(yi, 08, 15),

that is, 15 August 2024 or 15 August 2025, depending on the value of Year. Geobotanical
surveys were conducted in August 2024 and 2025, and the reference date was conventionally
set to 15 August. For an observation acquired on date i, the signed and absolute temporal
offsets were then calculated as:

∆i = di − dref
i ,| ∆i |=| di − dref

i |,

where di is the date of the i-th satellite observation, dref
i is the reference date corresponding to

15 August of the calendar year to which the observation belongs, ∆i is the signed temporal
offset in days, and | ∆i | is its absolute magnitude. At the level of each “class × date”
combination, these values were summarised using the mean and median.

The second aspect represented the interannual component of variability. It was defined
as the absolute difference between the year of the satellite observation and the modal year of
the reference geobotanical surveys forming the corresponding “class × date” combination.
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In addition, the number of represented years, as well as the minimum, maximum, and
modal survey year, were determined to characterise the composition of the reference dataset.
This formulation enabled separating within-year phenological drift from the interannual
component of variability. In this way, interannual drift was not an abstract temporal
distance but specifically the discrepancy between the image year and the dominant year
of the reference material underlying the corresponding cluster. The phenological and
interannual drift metrics were subsequently joined to the benchmark results for each date
pair. Correspondence quality was evaluated using three indicators: correctness of the
top-ranked correspondence, rank of the true class among all candidates, and the margin
between the true class and the nearest competing candidate.

For the correctness of the top-ranked correspondence, a generalised linear model
(GLM) with a binomial distribution was used. In contrast, linear models (LM) were applied
to the log-transformed rank of the true class and to the margin metric. All models included
fixed effects of method, the corresponding temporal-drift component, and the interaction
between method and drift (method × drift). A statistically significant interaction was
interpreted as evidence that sensitivity to temporal drift differs among methods, i.e., that
the rate of deterioration in correspondence quality depends on the selected approach. Thus,
the analysis tested not only the presence of an overall effect of temporal distance, but
also whether its strength varies across correspondence methods. This formulation directly
corresponds to the testing strategy defined in the manuscript, in which the key criterion is
the interaction method × temporal distance.

For phenological drift, separate models were evaluated in which the predictor was
the absolute deviation of the image date from 15 August of the same year. For interannual
drift, analogous models were fitted using the absolute difference between the image year
and the modal year of the reference surveys as the predictor. Within both drift components,
comparisons focused on how rapidly increasing temporal distance reduced the probability
of correct correspondence, increased the rank of the true class, and altered the margin
metric. Slower degradation of these indicators was interpreted as evidence of greater
temporal stability of the corresponding method.

2.12. Unsupervised Mode: Temporal Correspondence Without Reference Labels

This section evaluates how consistently different methods establish temporal corre-
spondence when no external reference labels are available. In the unsupervised mode,
clustering was performed independently for each date; thus, the resulting clusters initially
lacked predefined correspondence across temporal slices. To establish temporal continuity,
a global cluster library was constructed sequentially through the time series. Each local
cluster identified on the current date was compared with the existing elements of the global
library and either absorbed into an existing global code or assigned a new code if no suffi-
ciently similar correspondence was found. This approach avoided forcing newly emerged
post-catastrophic surface states into previously existing classes. Temporal correspondence
was based on a combined criterion integrating spectral similarity and spatial continuity.
Spectral similarity evaluated how closely the current cluster corresponded to previously
observed clusters in the common spectral space. In contrast, spatial continuity quantified
the extent to which the current cluster occupied areas previously associated with a given
global code. If the combined similarity score exceeded a predefined threshold, the cluster
inherited the corresponding global code; otherwise, a new global code was created. Conse-
quently, temporal correspondence represented not only changes in spectral properties but
also the spatial memory of landscape structure. After construction of the temporal cluster
library, the resulting global codes were transferred to the full raster domain. In the present
study, this transfer was performed using a Random Forest classifier trained on the cluster
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library. In contrast, an earlier implementation of the procedure used Linear Discriminant
Analysis (LDA) for the same purpose. The classifier was then applied to all pixels for each
date, after which the temporal stability of codes, the emergence of new codes, and the
structure of superclusters were analysed.

2.13. Identification of Superclusters Based on the Graph of Temporal Correspondences

This section explains how pairwise temporal correspondences were aggregated into
graph-based superclusters representing more stable trajectory-level units of landscape cover.
A graph of temporal correspondences was constructed to aggregate the primary temporal
codes into more stable higher-level units. The vertices of the graph represented the global
cluster codes produced during the temporal correspondence procedure, whereas the edges
represented recurrent correspondences between codes on consecutive dates. Edge weights
characterised the strength of these temporal correspondences. To remove random or weak
connections, a minimum edge-weight threshold i.i. (min_edge) was selected in advance
by scanning a range of threshold values and identifying the breakpoint beyond which
further increases substantially altered the graph structure. After threshold filtering, the
graph was partitioned into communities using the Walktrap algorithm [65]. The resulting
communities were interpreted as superclusters, i.e., groups of temporal codes that were
repeatedly linked throughout the temporal sequence and therefore represented more stable
trajectory-level units of landscape cover. Based on the community membership of graph
vertices, a correspondence table between the original temporal codes and superclusters
was constructed and subsequently used to map and compare methods. To evaluate the
structural stability of the superclustering procedure, several integral characteristics of
the temporal correspondence graph were additionally analysed, including the number
of vertices and edges, graph density, weighted density, graph modularity, the number of
connected components, the proportion of the largest connected component, and the entropy
of the supercluster distribution. Modularity characterised the strength of graph partitioning
into communities, i.e., the degree to which superclusters were separated from one another.
The parametric stability of the graph structure was additionally assessed by varying the
minimum edge-weight threshold (min_edge) and quantifying its effects on the number of
superclusters, graph modularity, and graph connectivity. This enabled the determination
of whether the identified superclusters reflected a stable temporal organisation of cluster
trajectories rather than artefacts of a particular threshold value.

2.14. Wall-to-Wall Prediction of Cluster Classes and Transfer Quality Assessment

After construction of the cluster library and the correspondence table linking the
primary codes to superclusters, classification decisions were transferred from the reference-
pixel sample to the full raster for each date. For this purpose, the saved cluster-library
object was used, containing the predictor set, standardisation parameters, cluster codes,
and the trained classifier. In the present study, the transfer was performed using Random
Forest, which was applied to the complete set of pixels for each scene within the same
feature space in which the cluster decisions had originally been generated. For each date, a
raster map of the primary cluster codes was produced, followed by a supercluster map after
application of the correspondence table. In this way, local cluster decisions obtained from
the pixel sample were propagated to the entire study area while preserving the consistent
temporal numbering of clusters and superclusters. Transfer quality was evaluated through
internal validation using the same temporal slices and cluster codes used to construct the
cluster library. For each date, the cluster codes generated during the library-construction
stage were compared with the codes predicted by the classifier for the corresponding pixels.
The overall reliability of transfer was characterised using the mean values and standard
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deviations of accuracy, balanced accuracy, and macro-F1 [66]. Accuracy represented the
overall proportion of correctly reproduced codes, balanced accuracy accounted for unequal
class representation, and macro-F1 characterised the balanced quality of recognition across
all clusters irrespective of their spatial extent.

2.15. Integration of Temporal Maps into a Spatio-Temporal Model

The series of supercluster maps was integrated into a unified spatio-temporal model
to obtain a unified spatial model of landscape dynamics through time and to enable com-
parison of these dynamics among different temporal correspondence methods. After
normalising these values, the relatively dominant supercluster was identified, and sur-
faces of relative membership were generated, reflecting the proximity of each pixel to the
characteristic structure of its corresponding supercluster. At the next stage, contextual
superclustering was performed. For each pixel, the local spatial context was evaluated
by measuring distances to the nearest patches of different superclusters, and a profile
of relative contextual proximity was constructed. Based on these profiles, second-order
superclusters were identified, characterised not only by the temporal membership of pixels
themselves but also by the similarity of their surrounding spatial context. Additional
measures of classification uncertainty were also calculated, including the margin between
the nearest competing candidates and the entropy of fuzzy membership. To analyse the
dynamics of second-order superclusters, temporal changes in their compositional structure
were evaluated. For each supercluster, the proportions of the primary superclusters across
different dates were determined, and the contributions of the long-term trend and seasonal
components were analysed using partial RDA. Based on the relative importance of the trend
and seasonal components, superclusters were classified into seasonal, directional-trend, or
mixed-dynamic types.

2.16. Comparison of Supercluster Maps Derived from Different Correspondence Methods

Correspondence among supercluster solutions derived from different correspondence
methods was evaluated through the spatial overlap of identically labelled or functionally
equivalent superclusters. Because different methods could produce different numbers
of superclusters and assign incompatible numerical codes to them, labels were first har-
monised relative to the Random Forest reference map. For each supercluster produced
by another method, the closest supercluster in the reference map was identified using the
maximum Jaccard index. The maps were then compared within this common label system.
Based on the harmonised maps, overall agreement among methods was assessed using
Fleiss’ kappa [67], pairwise agreement between methods, and the hierarchical structure of
method similarity based on the distance 1 − agreement. In addition, consensus strength
was calculated for each pixel as the proportion of methods assigning that pixel to the
dominant harmonised supercluster. This metric was used as a spatial measure of interpre-
tative reliability: high values indicated stable areas reproduced consistently by different
methods, whereas low values indicated zones of methodological uncertainty or transitional
landscape structure.

The similarity among temporal correspondence methods was additionally visualised
using non-metric multidimensional scaling (nMDS) based on the matrix of pairwise
Euclidean distances between methods calculated from the standardised evaluation cri-
teria. The resulting ordination was used for graphical interpretation of relationships
among methods.

https://doi.org/10.3390/geographies6030070

https://doi.org/10.3390/geographies6030070


Geographies 2026, 6, 70 19 of 43

3. Results
3.1. Geometric Structure of Spectral Trajectories

At the level of individual habitat types, temporal changes exhibited an ordered
trajectory-like structure within the common ordination space. However, the shape and di-
rection of these trajectories differed substantially among classes (Figure 3). For most habitat
types, successive states formed elongated spectral point clouds with a consistent orientation
of the principal axis, indicating a pronounced dominant direction of spectral variability.
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Figure 3. Temporal trajectories of spectral point clouds for ten habitat types within the common
ordination space. Each facet shows the successive positions of a cluster representing an individual
habitat type in the space of the first two components (PC1, PC2). Black points indicate the centroids
of spectral point clouds for individual observation dates, grey lines represent temporal transitions
between consecutive dates, and blue segments indicate the orientation of the clouds along their first
principal axis, i.e., the dominant direction of within-cluster variability.

3.2. Temporal Consistency of Geometric Properties of Spectral Clusters

The geometric criterion of temporal correspondence showed that same-class transi-
tions between neighbouring dates had statistically significantly smaller angles between
the principal axes of spectral clusters than the nearest between-class competing clusters
(Wilcoxon test, V = 67, 496, p < 2.2 × 10−16). Similarly, the normalised transverse gap
between spectral clusters was statistically significantly smaller for within-class pairs than
for the nearest between-class pairs (V = 65, 210, p < 2.2 × 10−16). The combined geometric
score integrating angular and spatial components was likewise statistically significantly
smaller for within-class transitions than for the nearest between-class competing clusters
(V = 66, 782, p < 2.2 × 10−16). In addition, margin score values were statistically sig-
nificantly greater than zero (V = 153, 334, p < 2.2 × 10−16), indicating the presence of a
positive separation margin between the true within-class correspondence and the nearest
competing class. The distribution of points relative to the equality line showed that, in most
cases, within-class temporal pairs had lower combined scores than the nearest between-
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class competing clusters (Figure 4). This was reflected by the predominance of points
above the diagonal. However, the distribution was not homogeneous, with a noticeable
proportion of cases below the equality line. The proportion of successful matches according
to this criterion was 72.6%, indicating a predominant, although not universal, ability of
the geometric approach to correctly distinguish temporally adjacent states of the same
class. Consistently, the median margin_score value was positive (0.097), and the one-sample
Wilcoxon test showed that margin_score was statistically significantly greater than zero.
The true within-class correspondence tended to have a lower combined score than the
nearest between-class difference.
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Figure 4. Comparison of within-class and nearest between-class values of the combined geometric
score and the normalised transverse gap (gap norm). The dashed line indicates equality of values;
points above this line correspond to cases in which the within-class correspondence had a lower
combined score than the nearest between-class difference.

At the level of the normalised transverse gap, within-class temporal pairs in most cases
had lower gap norm values than the nearest between-class competing clusters. Such cases
accounted for 69.9% of all comparisons, indicating a predominant, although not universal,
advantage of within-class correspondences. The median normalised transverse gap for
within-class pairs was lower than that of the nearest between-class competing clusters
(−0.824 versus −0.747), and the paired Wilcoxon test confirmed a statistically significant
shift towards smaller within-class values (V = 65, 210, p < 2.2 × 10−16).

Because negative gap norm values in the applied metric correspond to spatial overlap
or contact between the axial “tubes”, these results indicate that temporally adjacent states
of the same class were, on average, characterised by stronger geometric proximity than
the nearest between-class competing clusters. At the same time, the distribution of points
was not homogeneous, with approximately 28.3% of cases failing to meet this criterion,
indicating a substantial proportion of ambiguous transitions. Among within-class pairs,
overlap of the axial regions was observed in 95.3% of cases, further supporting a high,
although not absolute, degree of temporal connectivity of spectral clusters in the gap norm
feature space.
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3.3. Comparison of the Axis–Distance and Geometric Correspondence Methods with
Tested Approaches

The Random Forest method achieved the highest top-1 accuracy (0.72) in a benchmark
evaluation of six approaches to cluster correspondence between adjacent dates. In contrast,
both proposed approaches also demonstrated strong performance: the Geometric method
reached a top-1 accuracy of 0.70, and the Axis–distance method achieved 0.68 (Table 2). At
the same time, the highest top-3 accuracy was obtained by the Axis–distance method (0.93).
In contrast, the Geometric method and Random Forest both showed identical values of 0.92,
indicating stable inclusion of the true class among the nearest candidates. Both proposed
methods substantially outperformed the Centroid and LDA methods, and especially the
Mahalanobis approach. According to ranking-based metrics, the Axis–distance method
also occupied one of the leading positions: the median rank of the true class was equal to 1,
and the mean rank was 1.65, which was better than those of the Geometric method (1.68),
Centroid (1.79), LDA (1.84), and Mahalanobis (2.44), and was surpassed only by Random
Forest (1.59). Thus, Random Forest remained the best-performing approach under the
strict top-1 accuracy criterion; however, both proposed geometrically oriented approaches
demonstrated high competitiveness. The Geometric method achieved nearly maximal top-1
accuracy, whereas the Axis–distance method achieved the best top-3 accuracy and one of
the strongest overall ranking performances.

Table 2. Comparison of different approaches in the benchmark analysis of cluster correspondence
between adjacent dates (N queries = 626).

Method Top-1 Accuracy Top-3 Accuracy Median Rank Mean Rank

Random Forest 0.72 0.92 1 1.59
Geometric 0.70 0.92 1 1.68

Axis–distance 0.68 0.93 1 1.65
Centroid 0.62 0.9 1 1.79

LDA 0.59 0.89 1 1.84
Mahalanobis 0.45 0.78 2 2.44

Note: Top-1 accuracy is the proportion of cases in which the true class was ranked first. Top-3 accuracy is the
proportion of cases in which the true class was included among the three best-ranked candidates. Median rank
and mean rank describe the position of the true class among all candidate matches; lower values indicate better
correspondence performance.

Correspondence accuracy generally increased during the year for all tested methods,
from the winter–spring period towards the second half of summer and autumn. However,
the pattern of this increase differed substantially among approaches (Figure 5). The largest
amplitude of seasonal change was observed for the axis–distance and geometric methods.
For axis–distance, predicted top-1 accuracy ranged from 0.315 to 0.840, with an amplitude
of 0.525. For the geometric method, the corresponding values were 0.348, 0.872, and 0.524.
Random Forest also showed a pronounced seasonal increase, although slightly weaker than
that of the two proposed geometrically oriented approaches: predicted accuracy ranged
from 0.470 to 0.861, with an amplitude of 0.391. For LDA and centroid distance, the seasonal
trajectory was smoother and closer to monotonic: predicted accuracy ranged from 0.346
to 0.727 for LDA and from 0.425 to 0.737 for centroid distance, with amplitudes of 0.380
and 0.311, respectively. The Mahalanobis method showed the lowest accuracy throughout
the year, with a predicted range of only 0.265–0.524 and the smallest seasonal amplitude
among all methods, 0.259.
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Figure 5. Seasonal dynamics of top-1 accuracy for different correspondence methods between
neighbouring dates. Points represent empirical accuracy values for individual date pairs, lines show
binomial GAM estimates, and grey bands indicate 95% confidence intervals. Accuracy increased
towards the second half of the season for all methods, most markedly for the axis–distance method
and Random Forest. In contrast, the Mahalanobis distance maintained the lowest accuracy values
throughout the year.

GAM analysis confirmed a statistically significant seasonal trend for all methods. At
the same time, the effective degrees of freedom (ed f ) indicated that the trend shape differed
across approaches. For LDA (ed f = 1.00) and centroid distance (ed f = 1.00), the seasonal
relationship was effectively close to linear. For the geometric method (ed f = 2.23) and
Random Forest (ed f = 2.41), moderate nonlinearity was observed. In contrast, the seasonal
trajectory was more complex for axis–distance (ed f = 4.16) and especially for Mahalanobis
distance (ed f = 2.89). Thus, the proposed approaches, particularly the axis–distance
and geometric methods, showed the most pronounced seasonal restructuring of accuracy,
indicating high sensitivity to within-year changes in the spectral structure of vegetation
cover. At the same time, Random Forest also achieved high accuracy in the second half of
the season. In contrast, centroid distance, LDA, and especially Mahalanobis distance were
inferior in both the level and amplitude of the seasonal maximum.

3.4. Correspondence Error Under Increasing Temporal Divergence from the Reference Surveys

For phenological drift, the global effect of temporal distance from the reference date
was not statistically significant for the correctness of the top-ranked match. Still, it was
statistically significant for the rank of the true class (p < 0.001) and for the separation mar-
gin between the true class and the nearest competing candidate (p < 0.001) (Table 3). The
method× dri f t interaction was statistically significant for top-ranked correctness (p = 0.019)
and separation margin (p < 0.001) but was not significant for the rank of the true class
(p = 0.72). This indicates that sensitivity to phenological drift differed among methods
primarily in the probability of correctly identifying the top-ranked class and the degree of
separation between the true class and the nearest competing candidate. In contrast, the
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rank of the true class showed greater deterioration across methods. For top-ranked correct-
ness, centroid distance showed the highest stability (−0.0052), followed by Mahalanobis
distance (−0.0059) and LDA (−0.0067), whereas Random Forest (−0.0094), axis–distance
(−0.0103), and especially the geometric method (−0.0117) exhibited a faster decline in
correctness with increasing phenological drift. For the rank of the true class, the slowest
rate of deterioration was observed for LDA (0.0014), followed by centroid distance (0.0016)
and Random Forest (0.0016), whereas axis–distance (0.0018) and Mahalanobis distance
(0.0018) were slightly less stable. The geometric method (0.0020) showed the fastest increase
in the true class’s rank. For the separation margin, the highest stability was observed for
axis–distance (−0.0005); very similar results were obtained for LDA (−0.0008), centroid
distance (−0.0009), and Random Forest (−0.0009), whereas the geometric method (−0.0020)
lost separation margin more rapidly. Mahalanobis distance (−0.0132) differed strongly in
the direction of the lowest stability. Thus, under phenological drift, axis–distance did not
show an advantage in terms of top-ranked correctness or rank of the true class but proved
to be the most stable according to the separation-margin criterion, i.e., it best preserved
the separation between the true class and the nearest competing candidate. In contrast, the
geometric method showed lower phenological stability across all three metrics.

Table 3. Method profiles for phenological drift.

Method
Top-Ranked Correctness Rank of the True Class Separation Margin

Slope Stability Rank Slope Stability Rank Slope Stability Rank

Axis–distance –0.0103 5 0.0018 5 –0.0005 1
Centroid –0.0052 1 0.0016 2 –0.0009 4

Geometric –0.0117 6 0.0020 6 –0.0020 5
LDA –0.0067 3 0.0014 1 –0.0008 2

Mahalanobis –0.0059 2 0.0018 4 –0.0132 6
Random Forest –0.0094 4 0.0016 3 –0.0009 3

Note: Slopes represent the rate of change in correspondence quality with increasing phenological drift. More
negative slopes for top-ranked correctness and separation margin indicate faster deterioration, whereas larger
positive slopes for the rank of the true class indicate lower temporal stability. Stability ranks are ordered from
most stable (1) to least stable (6) for each metric.

For interannual drift, the global effect of temporal distance was not statistically sig-
nificant for the correctness of the top-ranked match. Still, it was clearly expressed for the
rank of the true class (p < 0.001) and for the separation margin between the true class
and the nearest competing candidate (p < 0.001) (Table 4). The method × dri f t interaction
was likewise not significant for the correctness of the top-ranked match (p = 0.63). Still, it
was statistically significant for the rank of the true class (p = 0.04) and especially for the
separation margin (p < 0.001). This indicates that increasing interannual temporal distance
was not associated with a consistent decline in the probability of correct top-ranked corre-
spondence across all methods but was associated with a deterioration in the rank position
of the true class and a reduction in its separation from the nearest competing candidate.
At the same time, the significant interaction effects for the rank of the true class and the
separation margin indicate that sensitivity to interannual drift differed among methods, i.e.,
that the rate of deterioration in correspondence quality depended on the selected approach.
For the rank of the true class, the slowest rate of deterioration was observed for centroid
distance (0.01), followed by LDA (0.03), Random Forest (0.04), and axis–distance (0.04),
whereas the rank of the true class increased more rapidly for the geometric method (0.05)
and especially for Mahalanobis distance (0.07).

For the separation margin, the axis–distance method showed the highest stability
(minus 0.02). Very similar results were obtained with Random Forest (minus 0.03) and
LDA (minus −0.03). In contrast, the loss of separation margin was noticeably greater for
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centroid distance (−0.04), even more pronounced for the geometric method (−0.10), and
extremely strong for Mahalanobis distance (−1.18). The axis–distance method combined
a relatively moderate deterioration in top-ranked correctness with the highest stability in
separation margin, indicating better preservation of the separation between the true class
and the nearest competing candidate even under conditions of deterioration in the true
class’s rank position.

Table 4. Method profiles for interannual drift.

Method
Top-Ranked Correctness Rank of the True Class Separation Margin

Slope Stability Rank Slope Stability Rank Slope Stability Rank

Axis–distance –0.24 3 0.04 4 –0.02 1
Centroid –0.18 2 0.01 1 –0.04 4

Geometric –0.29 6 0.05 5 –0.10 5
LDA –0.14 1 0.03 2 –0.03 3

Mahalanobis –0.27 4 0.07 6 –1.18 6
Random Forest –0.29 5 0.04 3 –0.03 2

Note: Slopes represent the rate of change in correspondence quality with increasing interannual drift. More
negative slopes for top-ranked correctness and separation margin indicate faster deterioration, whereas larger
positive slopes for the rank of the true class indicate lower temporal stability. Stability ranks are ordered from
most stable (1) to least stable (6) for each metric.

3.5. Wall-to-Wall Prediction Accuracy for Tested Approaches

The centroid, LDA, and Random Forest approaches show comparable performance,
with no pronounced advantages. Detailed confusion matrices for the tested approaches,
including class-specific patterns of correct and incorrect assignments, are provided in
Supplementary Table S3. Model transfer over the full raster shows similar values of accu-
racy and balanced accuracy across most approaches, while differences between methods
are more clearly expressed in macro-F1 (Table 5). The axis–distance method achieves the
highest accuracy and macro-F1 among the tested approaches. In contrast, the Mahalanobis
method exhibits lower overall accuracy but higher macro-F1, indicating improved class
balance at the expense of overall correctness. The centroid, LDA, and Random Forest
approaches show comparable performance, with no pronounced advantages.

Table 5. Model transfer accuracy over the full raster for temporal correspondence methods.

Correspondence Approach Accuracy (Mean ± Sd) Balanced Accuracy (Mean ± Sd) Macro F1 (Mean ± Sd)

Axis–distance 0.63 ± 0.08 0.63 ± 0.14 0.70 ± 0.09
Geometric 0.61 ± 0.08 0.63 ± 0.13 0.68 ± 0.10

LDA 0.62 ± 0.08 0.63 ± 0.13 0.68 ± 0.10
Centroid 0.64 ± 0.09 0.64 ± 0.13 0.69 ± 0.10

Mahalanobis 0.56 ± 0.08 0.56 ± 0.15 0.75 ± 0.08
Random Forest 0.64 ± 0.08 0.64 ± 0.14 0.69 ± 0.10

3.6. Internal Stability of Temporal Correspondence Methods

The internal stability analysis revealed substantial differences among the temporal
correspondence methods (Table 6). Random Forest and LDA produced the fewest new
codes, indicating the most stable temporal correspondence structure. Axis–distance also
showed relatively high stability, with only 32 new codes across 93 dates. In contrast, the
Mahalanobis approach generated a markedly higher number of new codes and a much
higher mean number per date, indicating strong temporal fragmentation and lower internal
stability. The geometric and centroid approaches showed intermediate and very similar
behaviour. The results suggest that Mahalanobis distance is the least stable correspon-
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dence strategy, whereas Random Forest, LDA, and Axis–distance provide more temporally
consistent code propagation.

Table 6. Internal stability of temporal correspondence methods based on code generation dynamics.
All methods were evaluated across 93 dates with 7 final global clusters. The number of codes per date
was identical across approaches, with a mean of 9.32, SD of 2.52, range of 5–20, and 95th percentile
of 13.4.

Metric Axis–Distance Geometric LDA Centroid Mahalanobis Random Forest

Total new codes 32 48 24 48 399 23
Mean new codes per date 0.34 0.52 0.26 0.52 4.29 0.25

Maximum new codes per date 9 9 9 9 20 9
Spike dates (n) 1 1 1 1 1 1

3.7. Graph Structure and Robustness of Supercluster Aggregation Among
Correspondence Approaches

The supercluster graphs were constructed from recurrent transitions between codes
across consecutive dates, reflecting their mutual temporal correspondence (Figure 6). Using
a common thresholding rule, these transitions were integrated into a unified correspon-
dence structure, from which the final supercluster grouping was derived. The resulting
graphs represent the aggregated correspondence solutions, characterised by specific num-
bers and configurations of superclusters for each method.

The comparative analysis reveals clear differentiation among the evaluated meth-
ods in terms of graph structure and parametric robustness, with consistent patterns ob-
served across metrics and their integrated representation (Table 7). The constructed graphs
differ markedly in their size, connectivity, and degree of structural organisation, reflect-
ing differences in how temporal correspondences between clusters are aggregated. At
the structural level, methods such as Geometric and Centroid produce relatively dense
and well-connected graphs, characterised by a small number of components and a high
share of nodes concentrated within the largest component. In contrast, Axis–distance,
LDA, and Random Forest yield more fragmented structures, with multiple disconnected
components and lower largest-component dominance, indicating a more conservative
correspondence behaviour.

Figure 6. Cont.
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Figure 6. Supercluster graphs obtained under temporal correspondence methods. Nodes represent
temporal codes generated during model transfer, and edges indicate recurrent correspondence
links between codes across consecutive dates after thresholding by the selected min_edge value.
Node colours denote graph-derived superclusters, while node size reflects the relative contribution
or connectivity of each code within the graph. Panels show the graph structures for the tested
correspondence approaches: (a) Axis–distance, (b) LDA, (c) spectral ellipse distance, (d) Euclidean,
(e) Mahalanobis, and (f) Random Forest. More compact and well-separated graph structures indicate
more stable aggregation of temporal codes into superclusters, whereas highly dense or fragmented
structures reflect lower stability of temporal correspondence.

Table 7. Graph structure and robustness metrics for different cluster-correspondence methods.

Metric Axis–Distance Geometric LDA Centroid Mahalanobis Random Forest

Nodes 32 48 24 48 399 23
Edges 19 61 14 61 1755 9

Edge density 0.038 0.054 0.051 0.054 0.022 0.036
Weighted density 0.039 0.041 0.012 0.046 0.007 0.012

Modularity 0.752 0.706 0.831 0.614 0.701 0.663
Components 15 4 10 7 1 15

Largest component share 0.281 0.854 0.208 0.833 1 0.174
Superclusters 17 10 10 15 25 15

Supercluster entropy 2.7 2.2 2.2 2.5 2.9 2.533
Mean modularity across thresholds 0.703 0.729 0.486 0.63 0.793 0.586

SD modularity across thresholds 0.053 0.052 0.3 0.039 0.052 0.177
Supercluster range 13 11 22 11 81 21
Component range 17 17 23 12 77 22

Largest component share range 0.75 0.812 0.958 0.5 0.476 0.957
Graph fragility index 30.75 28.812 45.95 23.5 158.476 43.95
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Differences are also evident in modular organisation. LDA exhibits the highest modu-
larity, suggesting clearer separation between superclusters, whereas Centroid shows lower
modularity, reflecting less distinct community structure. The number and entropy of super-
clusters further indicate variation in the distribution of cluster relationships across the graph.
The most pronounced contrast is observed for the Mahalanobis approach, which demon-
strates extreme behaviour across nearly all metrics. It produces a substantially larger graph
with a very high number of nodes and edges, resulting in a fully connected structure (single
component) with maximal largest-component share. Despite relatively high modularity,
this configuration is associated with excessive connectivity and a lack of structural spar-
sity, resulting in markedly elevated fragility indices and substantial parameter-dependent
variability. These results indicate that methods differ in correspondence accuracy and in
the structural properties of the resulting temporal correspondence networks. Approaches
such as Axis–distance and Random Forest maintain more fragmented and stable graph
structures, whereas Mahalanobis introduces excessive connectivity and reduced robustness
under parameter variation.

The ordination provides a more coherent interpretation of these relationships by
projecting the multidimensional metric space into a continuous structure, where distances
among methods reflect their overall dissimilarity (Figure 7).

Figure 7. Multidimensional scaling (MDS) ordination of different cluster-correspondence methods
based on graph-structure and robustness metrics, with envfit vectors indicating the direction and rela-
tive contribution of individual variables. Distance to the ideal solution (integral score): Axis–distance
(1.10; 0.48), Centroid (1.74; 0.37), Geometric (2.05; 0.33), Random Forest (2.05; 0.33), LDA (2.45; 0.29),
Mahalanobis (3.06; 0.25).

The configuration shows a distinct separation of Mahalanobis along the gradient
defined by graph fragility and range-based instability, confirming its deviation from the
other methods. In contrast, LDA and Random Forest are aligned with higher modularity
and component dominance, indicating a tendency toward more consolidated but less
fragmented structures. Axis–distance occupies an intermediate position, without strong
alignment with any single metric vector, indicating a balanced trade-off between structural
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and stability-related properties. This is consistent with its minimal distance to the ideal
solution, suggesting that it does not maximise individual metrics but avoids extreme
values across the entire set. Centroid and Geometric methods are located near the density-
related vectors, reflecting their association with increased edge density and weighted
connectivity, while remaining separated from the instability gradients. The orientation of
vectors further clarifies the underlying structure of the metric space. Variables related to
graph size and connectivity (nodes, edges, component range) form a coherent gradient
opposing modularity-related measures, while fragility and variability indicators define
an independent axis of instability. The relative positions of the methods along these
gradients demonstrate that differences among them arise not from a single dominant
property, but from distinct combinations of structural compactness, modular organisation,
and robustness.

3.8. Ordination of Graph Structure and Robustness Profiles of Correspondence Methods

The overall agreement among the six different supercluster maps was moderate and
statistically significant (Fleiss’ κ = 0.363, z = 1332, p < 0.001). This indicates that the methods
reproduced a common spatial structure, although certain discrepancies remained in the
assignment of pixels to superclusters. Pairwise comparisons between methods were fur-
ther visualised using hierarchical clustering based on the distance measure 1—agreement
(Figure 8a). This representation allowed the grouping structure among the different classifi-
cation approaches to be assessed. The resulting dendrogram showed that the two geometric
methods, spectral ellipse distance and axis distance, formed the closest pair, whereas Ran-
dom Forest was the most distinct from the remaining methods.

 

 
(a) (b) 

Figure 8. Consensus strength and similarity structure of cluster solutions across temporal correspon-
dence methods: (a) hierarchical clustering (dendrogram) of methods based on pairwise agreement,
expressed as distance (1 − agreement); (b) the spatial distribution of consensus strength, representing
the degree of agreement among methods for each pixel.
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Different temporal correspondence methods produced different supercluster solutions,
and the relationships among these solutions were quantified using consensus strength. This
index describes the proportion of methods that assigned the dominant supercluster label to
each pixel. Higher values, therefore, indicate stronger agreement among methods, whereas
lower values indicate spatially localised uncertainty in supercluster assignment. The mean
consensus strength was 0.612 ± 0.225, with a median of 0.500. The interquartile range was
0.500–0.833, indicating spatial heterogeneity in agreement among the different temporal
correspondence methods. Spatial variation in consensus strength was clearly structured
by the main geomorphological gradients of the study area (Figure 8b). The highest values
were associated with the highest-relief positions and open water surfaces, indicating that
these spatial units were consistently identified across different correspondence methods.
In contrast, the dynamically changing transitional part of the relief showed substantially
lower consensus strength, reflecting bigger method-dependent differences in supercluster
assignment. This pattern suggests that disagreement among methods was concentrated
mainly in ecotonal and geomorphologically transitional zones, where landscape-cover
conditions are more heterogeneous and temporally unstable.

3.9. Spatio-Temporal Consistency of Aligned Supercluster Solutions Across
Correspondence Methods

The aligned supercluster solutions showed a generally consistent spatial structure
across temporal correspondence methods and reproduced similar temporal patterns. Al-
though the relative areas and model fits varied across methods for individual superclusters,
the dominant dynamic types were broadly comparable. Directional trends were repeatedly
identified for several superclusters, whereas seasonal or mixed patterns occurred mainly
in more transitional units (Table 8). This indicates that the different temporal correspon-
dence methods differed in the precise spatial allocation of some pixels but converged in
identifying the major spatiotemporal organisation of the landscape.

Table 8. Dynamic characteristics of aligned superclusters across temporal correspondence methods
(all reported R2 values are statistically significant).

Statistic * Method **
Supercluster

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Area (%)

AD 11.60 15.00 5.30 8.50 14.30 6.90 5.90 6.40 – 9.30 3.70 8.40 4.70 – –

GE 9.50 11.00 11.00 11.50 11.00 4.60 4.90 – 8.40 8.20 – 7.10 7.50 5.20

LDA 6.60 6.20 12.70 6.40 7.00 8.10 7.20 – – 9.50 5.40 6.60 12.10 12.30 –

CEN 11.86 13.08 3.16 10.78 8.90 7.40 4.67 7.10 – 8.88 – 7.48 6.50 10.17 –

MAH 11.30 10.90 4.30 – 3.60 13.30 9.80 9.70 8.20 8.60 – – 7.10 4.90 8.30

RF 10.90 15.50 7.30 9.00 13.90 6.50 5.80 5.40 8.00 7.40 4.70 5.60 – – –

Trend R2

AD 0.49 0.27 0.40 0.26 0.27 0.15 0.14 0.43 – 0.41 0.32 0.32 0.21 – –

GE 0.31 0.34 0.31 0.33 0.20 0.03 0.26 – 0.37 0.28 – 0.41 0.30 0.44

LDA 0.14 0.55 0.26 0.09 0.32 0.15 0.07 – – 0.27 0.50 0.39 0.24 0.32 –

CEN 0.30 0.19 0.43 0.19 0.34 0.14 0.07 0.43 – 0.25 – 0.32 0.19 0.27 –

MAH 0.26 0.20 0.30 0.13 0.26 0.06 0.18 0.16 0.29 – – 0.24 0.14 0.20

RF 0.38 0.21 0.37 0.29 0.34 0.14 0.01 0.29 0.36 0.40 0.30 0.34 – – –

Season R2

AD 0.05 0.06 0.12 0.21 0.26 0.25 0.13 0.12 – 0.13 0.17 0.19 0.19 – –

GE 0.14 0.02 – 0.10 0.05 0.11 0.14 0.16 – 0.15 0.14 – 0.12 0.07 0.05

LDA 0.21 0.09 0.19 0.14 0.09 0.19 0.23 – – 0.21 0.11 0.17 0.21 0.00 –

CEN 0.27 0.23 0.23 0.37 0.26 0.31 0.27 0.13 – 0.33 – 0.25 0.42 0.32 –

MAH 0.24 0.13 0.21 – 0.34 0.21 0.10 0.31 0.22 0.22 – – 0.14 0.35 0.27

RF 0.11 0.04 0.20 0.19 0.14 0.25 0.22 0.17 0.17 0.17 0.20 0.15 – – –
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Table 8. Cont.

Statistic * Method **
Supercluster

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15

Type ***

AD DT DT DT MIX MIX SEA MIX DT – DT DT DT MIX – –

GE DT DT – DT DT DT SEA DT – DT DT – DT DT DT

LDA SEA DT DT SEA DT SEA SEA – – DT DT DT MIX DT –

CEN MIX MIX DT SEA DT SEA SEA DT – SEA – DT SEA MIX –

MAH MIX DT DT SEA MIX SEA SEA SEA DT – – DT SEA SEA

RF DT DT DT DT DT SEA SEA DT DT DT DT DT – – –

Note: *—statistic denotes the type of supercluster-level characteristic reported in each row: Area (%) is the
relative spatial extent of the supercluster; Trend R2 is the adjusted R2 of the directional temporal trend model;
Season R2 is the adjusted R2 of the seasonal model; **—AD—Axis–distance; GE—Geometric (spectral ellipse
distance); LDA—Linear Discriminant Analysis; CEN—Centroid (Euclidean); MAH—Mahalanobis; RF—Random
Forest.***—Type indicates the dominant dynamic pattern: DT—directional trend; SEA—seasonal; MIX—mixed.

The aligned supercluster maps represent an integrated spatial synthesis of the temporal
correspondence methods (Figure 9).

Figure 9. Spatial distribution of aligned superclusters across temporal correspondence methods.
Panels correspond to methods in the following order: (a) Axis–distance, (b) Geometric (spectral
ellipse distance), (c) LDA, (d) Centroid (Euclidean), (e) Mahalanobis, and (f) Random Forest. Colours
represent harmonised supercluster labels consistent across all maps.
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Despite local differences among methods, the resulting spatial patterns remained
broadly consistent. They highlighted the same major geomorphological and temporal
structures of the landscape. These aligned solutions therefore provide a common analyt-
ical framework that can serve as a basis for subsequent quantitative assessments using
landscape-ecological approaches, including analyses of spatial heterogeneity, connectivity,
ecotonal structure, and temporal landscape dynamics.

4. Discussion
4.1. Temporal Correspondence as a Problem of Continuity in Dynamic Landscapes

Temporal correspondence in satellite image analysis is a complex methodological
problem because spectral correspondence between images depends not only on acquisition
conditions but also on the temporal variability of the observed landscape system [16,41,68].
The problem of spectral correspondence of satellite imagery encompasses two interrelated
dimensions: observational and conceptual. The observational dimension relates to the
temporal gap between acquisition dates, during which spectral continuity between images
progressively deteriorates [69]. As the interval between observations increases, differ-
ences caused by phenological development, moisture conditions, illumination, and other
acquisition-related factors may accumulate, altering not only individual spectral values but
also the overall configuration of spectral relationships among classes [70–72]. Hypothet-
ically, if the temporal resolution of the image series were sufficiently high to render this
degradation negligible, different correspondence approaches would be expected to yield
similarly high correspondence accuracy. In terms of its observational design, the Sentinel-2
constellation is intended to provide a revisit frequency sufficient for accurate and reliable
temporal correspondence, because substantial phenological changes in vegetation cover
are generally unlikely to occur within such short intervals. However, meteorological con-
ditions significantly constrain the availability of high-quality, cloud-free imagery, thereby
introducing considerable irregularity into the dataset’s effective temporal structure [73,74].
Our image series for 2021–early 2026 confirms this limitation: despite the nominal revisit
capacity of Sentinel-2, the effective multi-temporal dataset comprised 93 usable observation
dates, with a mean interval of 20.1 days between consecutive images and a median interval
of 10 days. The minimum interval was 2 days, whereas the maximum interval reached
100 days. The shortest intervals between high-quality images were most typical in the
second half of summer and early autumn, whereas the longest gaps occurred during winter
and early spring. This pattern is consistent with the general seasonal availability of usable
optical satellite observations in temperate Europe, where cloud-, shadow-, and snow-free
observations are unevenly distributed through the year and often require compositing or
interpolation to obtain uninterrupted time series [75,76]. Importantly, the most pronounced
phenological transitions occur during spring, precisely when the availability of suitable
imagery is often at its lowest. This makes temporal correspondence particularly challenging
and methodologically relevant under conditions where the continuity of satellite image
time series is substantially interrupted.

Gaps between observation dates can be partly compensated for by using observations
from other years acquired on similar days of the year, thereby reconstructing an average or
expected annual phenological trajectory from multi-year satellite time series [40,75,77]. The
calendar year is therefore ignored as an independent temporal dimension. In contrast, the
day of the year is used as the primary reference for aligning observations along a common
seasonal trajectory [78]. However, under highly dynamic or post-disturbance conditions,
interannual variability becomes ecologically significant in its own right. In such systems,
combining observations from different years into a single phenological trajectory may
obscure abrupt transitions, accelerated succession, and regime shifts. Therefore, unsuper-
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vised classification is particularly important for catastrophe-induced dynamic landscapes,
as it allows newly emerging surface types to be incorporated without forcing them into
predefined classes. Nevertheless, this flexibility does not eliminate the problem of temporal
gaps: when the continuity of satellite image series is interrupted, spectral states must still
be linked, separated, or registered as new across unevenly spaced observation dates.

A key conceptual issue concerns the landscape unit’s category. Supervised classifi-
cation implicitly treats landscape units as a priori-defined entities that objectively exist
as discrete, identifiable classes [79–81]. Although this assumption simplifies reality, it is
methodologically convenient and practically useful. However, it also imposes an important
limitation: the set of possible system states is effectively treated as fixed. Even if this set can
hypothetically be expanded, the spectrum of admissible states remains constrained by prior
knowledge and predefined categories. As a result, such an approach leaves little room for
genuinely new system states to emerge. For modelling processes in dynamically changing
systems, it is essential to retain the ability to identify novel states and incorporate them
into the system’s temporal trajectory. In this context, the concept of landscape continuity
becomes particularly important [82]. How can relationships between different system states
be established through time when the states themselves are changing? One possibility is
system stationarity, in which the system largely preserves its properties over time. Another
is directional transformation, where change proceeds along one dominant trajectory or
several different trajectories. A further possibility is the disappearance of one system and
the emergence of another in its place. Under such conditions, a fundamental problem arises:
how can one determine whether the original system has merely changed its properties
or whether an entirely new system has emerged? This conceptual issue gives rise to the
natural spatial heterogeneity of the entity that we identify as a landscape-cover type. In
our view, the concept of landscape continuity explains why natural spatial heterogeneity
contains the key to resolving the problem of temporal correspondence.

The two complementary criteria were therefore employed for the spatio-temporal
correspondence of evolving landscape-cover states: spatial position, which reflects spa-
tial continuity and the inheritance of landscape structure, and spectral similarity, which
indicates correspondence in surface properties. Natural processes result from long-term
successional dynamics of landscape cover, in which some system states are successively
replaced by others, forming ordered sequences of transformations [83]. Catastrophic events
of natural or anthropogenic origin may abruptly interrupt such continuity [84]. However,
they themselves initiate new chains of interconnected processes, thereby spatially inheriting
their effects. For this reason, the spatial criterion is critically important for correspondence
procedures. Spectral similarity reflects the qualitative identity of a particular cover type and
its distinction from other types. At the same time, spectral properties may change while
the system still preserves its qualitative identity. A territory characterised by a specific set
of spectral properties, therefore, represents a particular type of landscape cover. Temporal
correspondence becomes complicated because both the spatial extent of such cover types
and their spectral characteristics are subject to spatial and temporal variability.

4.2. Geometric Interpretation of Spectral Heterogeneity

Our findings support and extend the generalisation proposed by Small and Sousa [85]
that land-cover classes should not be treated as compact and internally homogeneous
spectral entities, but rather as structured manifolds of admissible spectral states. From
the perspective of landscape continuity, asynchronous phenological and successional
dynamics within the same cover type produce ordered internal variability [41]. Our results
demonstrate that this variability is expressed geometrically as cluster elongation, providing
information about the dominant direction of temporal spectral change. Differences in
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moisture conditions, microrelief, species composition, and disturbance history produce
continuous variation among patches. The spectral representation of a landscape-cover type
forms an elongated cloud rather than a compact spheroidal one. Under this interpretation,
the internal geometry of the spectral point cloud may contain information about the
temporal trend of transformation within a landscape-cover type. Our findings support this
assumption: the same landscape-cover types form inherited trajectories in spectral space.
Even when their typical spectral values change substantially through time, temporally
adjacent states tend to remain connected within the same structured manifold rather than
shifting to unrelated regions of spectral space.

The principal axis of the spectral point cloud can be regarded as a local trace of the
broader trajectory followed by a landscape-cover type in spectral space. It is important
to distinguish between the global structure of the spectral space and the local geometry
of individual spectral point clouds. The ordination space derived from PCA/rPCA char-
acterises the dominant structure of spectral variability across the entire dataset, whereas
the principal axes used in the correspondence procedure are estimated separately for each
landscape-cover type and describe the internal geometry of individual spectral clouds
within that shared coordinate system. Thus, the directional properties used for correspon-
dence are not imposed directly by the ordination itself but emerge from the organisation of
independently formed clusters in the common spectral space. It therefore provides a basis
for reconstructing the main direction of landscape-cover transformation across successive
temporal states. Similar to ecological trajectories in ordination analysis [86,87], it represents
the main gradient of within-cluster variability and therefore approximates the most proba-
ble direction of subsequent temporal displacement. This becomes particularly important
during phenological and post-disturbance changes. The results of this study indicate that
the identity of a landscape-cover type is not always preserved by centroid position alone:
even when the centroid shifts substantially, the orientation of the spectral point cloud
may retain information about the inherited trajectory of the same type in spectral space.
These findings show that temporally adjacent states of the same landscape-cover type
may shift substantially in spectral space while their spectral point clouds remain aligned
along the same directional trajectory. The preservation of within-class directional similarity
indicates that the observed spectral trajectories were not arbitrary but were constrained by
the internal structure of the corresponding landscape-cover type.

For clusters belonging to the same landscape-cover type, overlap of axial regions
between consecutive dates provides the geometric basis for reliable axis-based correspon-
dence, because temporal correspondence is preserved through inherited alignment along
the dominant axis of spectral variability. Ecological systems may undergo substantial
spectral shifts without losing their qualitative identity, particularly during seasonal or
post-disturbance dynamics [41,88,89]. Under such conditions, centroid-based approaches
may interpret directional displacement within the same landscape-cover type as class
replacement, whereas geometric overlap preserves information about trajectory inheritance
within that cover type. These findings indicate that the predominance of overlap among
within-class transitions supports the hypothesis that spectral trajectories retain geometric
inheritance across successive states. Conversely, incomplete overlap in some transitions
may mark episodes of accelerated restructuring or the emergence of transitional landscape
states under post-catastrophic conditions.

The findings of this study provide empirical support for the hypothesis of geometric
connectivity among spectral clusters, although this connectivity was not universal across all
transitions. Dedicated evaluation of the geometric criterion demonstrated that within-class
transitions between neighbouring dates were characterised by smaller angular and spatial
differences than the nearest between-class competing clusters, together with a positive
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separation margin between the true correspondence and the nearest competing class. This
confirms that temporally adjacent states of the same class indeed preserve geometric sim-
ilarity within the common ordination space, and therefore that the shape of the spectral
cluster and the orientation of its principal axis can be used as an informative basis for
temporal cluster correspondence. In a benchmark comparison of six approaches to cluster
correspondence across neighbouring dates, Random Forest achieved the highest top-1 accu-
racy, although both proposed geometrically oriented approaches also performed well. The
geometric method reached near-maximum top-1 accuracy and generally confirmed high
practical suitability for correspondence neighbouring temporal states. The axis–distance
method was not the best according to the strict top-1 accuracy criterion. Still, it demon-
strated the highest top-3 accuracy and one of the best rank-based performances, indicating
a stable ability to retain the true class among the nearest candidates. Thus, in practical
terms, the proposed methods proved competitive with standard methods, although their
strengths differed: the geometric method performed better under the strict first-choice
criterion, whereas the axis–distance method showed greater rank stability and a broader
margin of correct separation. Drift analysis showed that a single dimension cannot describe
the temporal stability of the proposed approaches. For phenological drift, the global effect
of temporal distance was significant for the rank of the true class and the separation margin.
In contrast, the method × dri f t interaction was significant for top-ranked correctness and
separation margin. Under these conditions, the axis–distance method did not show an
advantage in terms of top-ranked correctness or rank of the true class. Still, it proved
to be the most stable according to the separation-margin criterion, i.e., it best preserved
separation between the true class and the nearest competing candidate. In contrast, the
geometric method showed lower phenological stability and was inferior to more stable
differences across all three metrics. For interannual drift, the global effect of temporal
distance was likewise pronounced for the rank of the true class and the separation margin.
At the same time, the method × dri f t interaction was significant specifically for these two
metrics. In this case, the axis–distance method again demonstrated the highest stability
according to the separation-margin criterion. However, for the rank of the true class, it
was inferior to centroid distance, LDA, and Random Forest. The geometric method again
showed no advantage and, under interannual variability, deteriorated more rapidly than
axis–distance, centroid distance, LDA, and Random Forest. The axis–distance method
should be interpreted as a structurally oriented and interpretable approach whose main
strength lies not in maximising top-ranked correctness under all conditions, but in preserv-
ing the geometric identity of the true class and maintaining its separation from competing
methods under temporal drift. The geometric method, in turn, is best regarded as an
effective benchmark-level approach for short-term correspondence between neighbouring
dates but offers little advantage in terms of temporal stability. Overall, both proposed
approaches confirmed the value of geometric descriptions of spectral clusters for temporal
correspondence tasks. Among interpretable approaches, the axis–distance method proved
the most promising when preserving separation between the true class and the nearest
competing candidate cluster is of primary importance.

4.3. Why Do the Geometric Method and Axis–Distance Behave Differently?

The comparison of the proposed approaches indicates that the geometric and
axis–distance methods should not be interpreted simply as competing methods in which
one universally outperforms the other. Instead, they represent two different correspon-
dence regimes based on different assumptions about temporal continuity in spectral space.
The geometric method demonstrated high correspondence accuracy for neighbouring dates,
indicating that detailed cluster geometry contains substantial information about short-term
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temporal correspondence. Because the method simultaneously considers cluster orienta-
tion, transverse overlap, and local geometric configuration, it is highly sensitive to the fine
structure of spectral clouds. This allows precise identification of temporally adjacent states
when phenological displacement remains relatively limited. It should be emphasized that
the dependence on detailed local geometry makes the method more sensitive to temporal
drift. As phenological or interannual divergence increases, the spectral cloud’s shape
changes, reducing the stability of local geometric correspondence. The geometric approach,
therefore, behaves as a high-resolution local correspondence method that performs best
when temporal continuity is preserved over short intervals. In contrast, the axis–distance
method relies less on the exact shape of the spectral cloud and instead emphasises the
dominant direction of temporal variability. Although its strict top-ranked accuracy was
slightly lower, the method more consistently preserved separation between the true class
and competing methods under both phenological and interannual drift. This suggests
that the principal axis captures the general direction of admissible temporal displacement,
even as the cloud’s detailed geometry changes over time. The method, therefore, acts as
a low-dimensional temporal regulariser that constrains correspondence along coherent
spectral trajectories rather than local cluster configurations. In this sense, axis–distance
operates primarily as a trajectory continuity constraint, preserving the structural identity
of landscape-cover types despite progressive temporal transformation.

4.4. Temporal Drift and Ecological Meaning of Correspondence Instability

The results demonstrate that temporal correspondence is strongly influenced by sea-
sonal restructuring of spectral space. During the vegetation season, the relative positions
and separability of habitat states change continuously due to phenological development,
moisture fluctuations, and variation in vegetation productivity [48,90,91]. This effect is
especially pronounced during spring, when rapid transitions between phenological phases
reduce the stability of spectral relationships and increase overlap between vegetation states.
The separability of landscape-cover types should be regarded as seasonally dynamic rather
than constant. Certain landscape-cover types become more spectrally distinct during
periods of maximal structural differentiation, whereas at other stages their trajectories
partially converge in spectral space. The pronounced seasonal variation in correspondence
accuracy observed for the geometric and axis–distance approaches indicates that these
methods are sensitive to seasonal changes in the geometry of spectral trajectories formed
by landscape-cover types. Because these methods explicitly use the geometric shape and
orientation of spectral point clouds, they capture seasonal reorganisation in the spectral
representation of landscape-cover types rather than relying solely on static boundaries
between predefined cover categories.

In contrast to within-year phenological drift, interannual drift was used to evaluate
how different correspondence methods respond to longer-term divergence between obser-
vation years and reference years. In the present dataset, this divergence occurred against
the background of the 2023 catastrophe and subsequent landscape restructuring, but the
main analytical focus was the differential stability of the correspondence approaches. The
interannual-drift analysis therefore provided a diagnostic basis for distinguishing corre-
spondence approaches according to their robustness: some methods were more prone
to losing separation between the true correspondence and competing methods, whereas
others preserved this separation more effectively. In this respect, axis–distance showed the
highest stability according to the separation-margin criterion, indicating that it better main-
tained the distinction between the corresponding landscape-cover type and neighbouring
differences under interannual divergence.
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4.5. Structural Properties of Temporal Correspondence Graphs

Graph topology provides an additional criterion for interpreting temporal correspon-
dence methods [92]. The obtained graph structures show that each temporal correspon-
dence method produces a distinct mode of temporal organisation of landscape dynamics,
expressed jointly through classification accuracy, graph connectivity, fragmentation, and
modularity. Fragmented graphs indicate more selective reconstruction of continuity, in
which only strongly supported correspondences are retained, whereas denser graphs reflect
a more permissive treatment of spectral transitions. Excessive connectivity may reduce
the discriminative structure of the temporal network by merging ecologically distinct tra-
jectories into a more general pattern of spectral similarity. In our case, the Mahalanobis
method represents an over-connected solution, where many transitions are absorbed into a
weakly selective network. In contrast, overly fragmented solutions indicate excessive con-
servatism, in which temporal continuity is broken into separate codes. The axis–distance
method occupies an intermediate position between these two extremes: it preserves di-
rectional continuity of spectral trajectories while maintaining separation among different
developmental pathways. The graph-based test demonstrates that evaluation of temporal
correspondence should include the structural organisation of reconstructed trajectories in
addition to pairwise correspondence accuracy. According to this criterion, the axis–distance
method provides the most coherent representation of landscape temporal organisation.

4.6. Why Does Mahalanobis Become Unstable?

The instability of the Mahalanobis approach stems from its strong dependence on the
covariance structure. This method assumes that the dispersion pattern of a reference class
provides a reliable description of the expected variability of the same class at subsequent
dates [93]. However, in post-catastrophic landscapes, this assumption is weak. Hydrologi-
cal restructuring, rapid colonisation of exposed substrates, and accelerated successional
shifts recorded in the disaster-affected zone [50] may therefore explain concurrent changes
in centroid position, internal dispersion, elongation, and principal-axis orientation of spec-
tral clusters. Covariance-sensitive correspondence may begin to overconnect states that are
statistically compatible in a broad distributional sense but ecologically belong to different
trajectories. Because the Mahalanobis distance is defined by the covariance structure of the
reference class [93], temporal changes in covariance reduce its ability to discriminate among
different correspondences, providing a plausible explanation for the dense correspondence
networks observed in our results. This explains the excessive graph connectivity and
high fragmentation of temporal codes observed for this method. Catastrophe-driven struc-
tural reorganisation of the landscape may be reflected in the instability of the covariance
structure of spectral clusters. In this context, covariance instability can be interpreted as a
statistical indicator of ecological change, which helps explain the reduced effectiveness of
the Mahalanobis-based correspondence method.

4.7. Consensus Structure and Uncertainty of Landscape Interpretation

The consensus analysis was used to reduce the complexity of multiple correspondence-
based supercluster solutions and to represent them within a common spatial framework [50].
This step was necessary because each correspondence method produced its own organisa-
tion of temporal codes and superclusters, making direct comparison difficult. By aligning
the supercluster solutions and evaluating agreement among methods, it became possible
to identify spatial structures that were reproduced consistently and to distinguish them
from areas whose interpretation depended more strongly on the correspondence procedure.
The consensus map represents an integrative approximation of landscape spatio-temporal
organisation that summarises common patterns across different correspondence models,
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while each individual solution retains information about a particular aspect of landscape
dynamics. The aligned superclusters also provided a basis for quantifying the temporal
behaviour of landscape units, including the relative contribution of seasonal and directional-
trend components. In this sense, the procedure simplified the highly detailed set of cluster
trajectories into a smaller number of interpretable spatial units, while preserving informa-
tion about their dominant temporal dynamics. The disagreement among correspondence
methods is ecologically informative because it is spatially concentrated in zones where
post-catastrophic transformation is most likely to have disrupted previous landscape conti-
nuity. In such areas, hydrological restructuring [43], exposure of new substrates, vegetation
colonization [47], and successional divergence [94,95] may generate several competing
spectral trajectories [46,50]. Low consensus should therefore be interpreted not merely
as reduced classification reliability, but as an indicator of transitional states induced or
intensified by the catastrophe. Conversely, high-consensus areas represent more stable
landscape entities whose spectral, spatial, and temporal identities are reproduced across
different correspondence methods. From this perspective, consensus strength provides
a measure of interpretative stability, while disagreement among methods helps identify
transformation fronts where post-catastrophic reorganisation remains active.

4.8. Implications for Remote Sensing of Post-Catastrophic Landscapes

A key challenge for the practical application of remote sensing in rapidly changing
landscapes is that the same land-cover object or habitat type may exhibit different spectral
signatures at different observation dates, while newly emerging states may overlap spec-
trally with pre-existing classes [14]. The proposed approach appears particularly suitable
for such systems, where temporal continuity is only partially preserved. Therefore, the
central methodological task is to establish reliable temporal correspondence among spectral
clusters despite temporal changes in their position, shape, and separation within the feature
space. Partial preservation of temporal continuity is typical for post-disturbance succession,
floodplain restructuring, wetland transformation, fire scars, shoreline dynamics, and reser-
voir drawdown zones, where landscape-cover states may change faster than conventional
classification frameworks can accommodate. A major advantage of the approach is its
ability to establish temporal correspondence from the continuity of spectral trajectories
and geometric relationships between states, thereby accommodating the emergence of
previously absent landscape configurations. This capacity is particularly important un-
der post-catastrophic conditions, where ecological reorganisation may generate entirely
new habitat configurations through hydrological restructuring, exposure of previously
submerged substrates, and rapid primary succession [96]. The results further suggest
that temporal correspondence in dynamic systems is best interpreted as partial, trajectory-
dependent continuity among evolving landscape states rather than as preservation of fixed
categorical classes. The proposed framework, therefore, provides a more flexible represen-
tation of landscape dynamics, in which transformation, divergence, and emergence of new
states can be incorporated into the temporal structure of the analysis rather than treated
solely as classification error.

In ecological terms, the analysis enabled the identification of the spatial configuration
of zones most affected by the catastrophe on Khortytsia Island. These zones are primarily
concentrated along the former shoreline and the low-lying floodplain margins exposed
following the abrupt decline in water levels, as well as around internal water bodies
whose hydrological regimes were substantially altered. The detected spectral trajectories
correspond to physically interpretable landscape processes, including shoreline exposure,
drying of shallow-water habitats, formation of newly available substrates, and subsequent
vegetation colonisation. Current field observations also indicate a new phase of post-
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catastrophic transformation associated with fire disturbance, driven by the drying of
floodplain forests and ignition events caused by downed UAVs. This emerging disturbance
regime was beyond the temporal scope of the present analysis but should be considered in
future monitoring of Khortytsia Island.

4.9. Limitations and Future Directions

Several limitations of the proposed framework should be considered. The analysis
depends on the structure of the common ordination space. Although PCA provides
a convenient representation of dominant spectral gradients [97], nonlinear ecological
trajectories may become distorted after projection into a linear component space [98].
Consequently, the geometry of local manifolds may differ from the simplified structure
represented in the ordination. The approach remains sensitive to temporal gaps in the
satellite series. Long cloud-induced interruptions may exclude critical phenological phases
and artificially increase the apparent distance between neighbouring temporal states. This
problem is particularly important during periods of rapid spring development, when
spectral trajectories may change substantially within short intervals.

The resulting geometry depends strongly on the clustering procedure itself. Because
spectral trajectories are reconstructed from independently derived clusters, different clus-
tering strategies may alter the shape, orientation, and continuity of the resulting temporal
structures. The interpretation of geometric correspondence, therefore, partly reflects as-
sumptions embedded in the initial partitioning of spectral space. Future development of
the framework may involve nonlinear manifold representations that can better preserve
complex temporal trajectories.

Other promising directions include trajectory-learning approaches, graph-based or
graph neural methods for temporal correspondence analysis, and probabilistic corre-
spondence frameworks that explicitly model uncertainty in state transitions. Integra-
tion of optical imagery with SAR data may further improve temporal continuity un-
der cloud-contaminated conditions and increase sensitivity to vegetation structure and
surface moisture.

5. Conclusions
Unsupervised classification is particularly important for monitoring dynamic land-

scapes, especially in post-catastrophic systems, as it enables the detection of newly emerging
surface states without forcing them into predefined categories. Within this approach, tempo-
ral correspondence becomes a critical methodological component, as it determines whether
independently derived clusters can be linked into coherent trajectories of landscape-cover
change. In addition to existing cluster correspondence methods, this study evaluated geo-
metrically oriented techniques based on the shape, orientation, and axial structure of spec-
tral point clouds. The combined set of tests demonstrated that the proposed axis–distance
and geometric methods provide a reliable basis for the temporal correspondence of spectral
clusters under phenological and interannual variability. The axis–distance method showed
the most balanced performance, particularly by preserving the separation between the true
correspondence and the nearest competing clusters under temporal drift. The geometric
method achieved high correspondence accuracy for neighbouring dates, indicating its
usefulness for the short-term reconstruction of spectral trajectories.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/geographies6030070/s1, Table S1: Synoptic table of diagnostic
species of local floristic groups used to construct species-based criteria for assigning vegetation
plots to EUNIS habitat types. Clusters 1–10 represent operational classification units identified
by TWINSPAN; stat denotes the φ-coefficient of fidelity, and p-value indicates the significance of
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the indicator analysis. Table S2: Final regression models relating vegetation indicators to DEM-
derived predictors. Table S3: Confusion matrix for aggregated classes based on holdout validation.
Figure S1: Spatial distribution of vegetation relevé plots and the digital elevation model (m).
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