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A B S T R A C T

Cloud contamination remains a major challenge in the analysis of satellite-derived Normalized Difference 
Vegetation Index (NDVI) time series, particularly in dryland and semi-arid ecosystems where phenological sig
nals are sparse and irregular. This study investigates temporal reconstruction of NDVI under quality mas
king–induced data gaps, with a specific focus on preserving low-frequency phenological structure rather than 
maximizing pointwise accuracy. We propose a fully unsupervised reconstruction strategy based on one- 
dimensional flat morphological closing applied along the temporal dimension, and systematically compare it 
against common baseline methods, including moving average smoothing, Savitzky-Golay filtering, and harmonic 
analysis of time series (HANTS). Reconstruction fidelity is first evaluated under controlled cloud simulations 
using spectral-domain metrics derived from dominant annual and intra-annual harmonics. At a noise level of 0.3, 
morphological reconstruction achieves a spectral fidelity of 0.93 and an RMSE of 0.02, compared to spectral 
fidelity value of 0.81 and RMSE of 0.073 for the strongest competing method. The practical implications of 
reconstruction fidelity are then assessed through unsupervised clustering of real Sentinel-2 NDVI time series. 
Clustering performance is evaluated using F1-score and precision, both with and without spectral feature 
augmentation derived from low-order Fourier amplitudes. Morphological reconstruction achieves a mean F1- 
score of 0.68 compared to 0.59–0.62 for baseline methods and shows minimal improvement (<0.02) after 
spectral augmentation, indicating that dominant phenological information is already preserved. In contrast, 
competing methods gain 0.05–0.08 in F1-score after augmentation, suggesting compensation for spectral 
distortion. Together, these results demonstrate that morphological temporal reconstruction provides a simple, 
parameter-light, and phenologically consistent alternative for quality-based masking mitigation in NDVI time 
series, with measurable advantages for downstream unsupervised analysis

1. Introduction

Rangeland ecosystems are among the most widespread land cate
gories worldwide, extending over diverse landscapes and climatic re
gions. These landscapes are particularly vital in arid and semi-arid 
regions [1], where they support rural and pastoral communities through 
maintaining ecological processes and contributing to their livelihoods 
and economies [2–5]. The rangelands sustain human and ecological 
well-being by means of the provision of forage, water resources, and a 
wide range of ecosystem services [6,7]. In Africa alone, hundreds of 
millions of people depend directly on rangelands for their livelihoods, 

with livestock production representing the primary land use activity 
[6–8]. Beyond local subsistence, rangelands also contribute significantly 
to biodiversity conservation and the maintenance of ecological balance 
[6,9].

Rangelands are characterized by high spatial and temporal vari
ability, making precise monitoring essential for ecosystem function and 
pastoral livelihoods. While conventional field surveys are impractical at 
large scales [10], satellite remote sensing offers an efficient alternative 
[11,12]. The study of remote sensing imagery provides vital applications 
across diverse sectors, including environmental management [13]. 
When enhanced by artificial intelligence [14,15], these technologies 
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enable the detailed, timely analysis of vegetation categories across space 
and time required for sustainable management.

In this context, supervised classification is one of the most effective 
methods for vegetation monitoring [16–18], heavily relying on 
high-quality annotated training data [19–21], which serves as the 
foundation for machine learning algorithms to learn and distinguish 
between vegetation types. However, collecting unbiased reliable 
training data is particularly challenging in rangelands [22], where it is 
also not often feasible to find large, homogeneous areas of a single 
vegetation type that are larger than the pixel size of any freely available 
satellite imagery when surveying the field on foot. In this context, un
manned aerial vehicles (UAVs) offer a valuable alternative due to their 
high-resolution imagery and comprehensive bird's-eye view, allowing 
researchers to efficiently capture diverse vegetation types across the 
landscape [22]. Nevertheless, UAV-based surveys face several limita
tions, including regulatory restrictions, logistical difficulties in remote 
or insecure areas, and their inability to cover the extensive spatial scales 
typical of African rangelands. These constraints reduce their practicality 
for large-area monitoring, despite their usefulness for local validation. 
As a result, unsupervised learning becomes particularly advantageous 
and more adaptable, since they do not depend on large training datasets 
but instead group pixels based on their spectral and temporal properties 
[23,21,24]. Clustering algorithms are widely recognized as one of the 
most applied unsupervised approaches [21]. Only a limited number of 
samples are required for evaluation, making clustering more suitable for 
vast and data-scarce rangeland environments.

Among freely available multispectral satellites with global coverage, 
Sentinel-2 provides the highest spatial resolution [14] and frequent 
revisit times, making it particularly suitable for monitoring vegetation 
dynamics across extensive rangeland areas. From these data, the 

Normalized Difference Vegetation Index (NDVI) — derived from the 
difference between near-infrared (NIR) and red (R) reflectance [25] — 
has been widely used for vegetation monitoring and classification [26,
27,24]. When analyzed as a time series, NDVI captures temporal dy
namics of vegetation cover, enabling the detection of patterns and the 
grouping of areas with similar ecological characteristics [28–30,21,24].

A persistent challenge for time-series-based analysis of optical sat
ellite data is cloud contamination. Seasonal cloud cover frequently ob
scures surface reflectance, producing artificially low NDVI values and 
introducing discontinuities into temporal profiles. For instance, Fig. 1
illustrates two consecutive Sentinel-2 NDVI acquisitions from 16 June 
2024 and 21 June 2024, where the presence of clouds in Fig. 1b and 1d 
creates drastic differences despite the short five-day interval. Such dis
tortions corrupt phenological trajectories and degrade the distance re
lationships on which clustering algorithms rely, particularly in 
landscapes characterized by fine-scale ecological heterogeneity. As a 
result, even fully unsupervised methods remain highly sensitive to 
preprocessing quality, and inadequate temporal restoration can lead to 
unstable or misleading clustering outcomes.

Addressing these challenges requires more than generic smoothing 
or gap-filling. For unsupervised clustering to be meaningful, the tem
poral preprocessing must selectively suppress cloud-induced distortions 
while preserving phenological structure that differentiates vegetation 
types. This study adopts a fully unsupervised analysis framework in 
which temporal restoration is explicitly evaluated through its impact on 
phenological fidelity and clustering stability.

Within this framework, temporal morphological filtering is 
employed as an efficient envelope-preserving operation that selectively 
attenuates impulsive negative artifacts associated with cloud-related 
data gaps and radiometric artifacts. Unlike linear smoothers that 

Fig. 1. Sentinel-2 NDVI imagery from two consecutive acquisitions (5-day interval) over the study area in Kenya, illustrating the impact of cloud cover. (a) and (c) 
show a cloud-free acquisition in grayscale and green-gradient visualization, respectively. (b) and (d) show the subsequent, cloud-contaminated acquisition in 
grayscale and green-gradient visualization, respectively.
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minimize local deviation, morphological filtering operates on the tem
poral envelope of the signal, enabling preservation of phenological 
bounds across a range of noise conditions and temporal scales. Resto
ration robustness is assessed using a spectrum-based phenological fi
delity measure that quantifies preservation of dominant seasonal 
harmonics in both amplitude and phase, providing a principled means of 
comparing reconstruction methods without reliance on pointwise 
ground truth. The influence of temporal restoration on unsupervised 
clustering coherence is further quantified. Additionally, controlled 
spectral feature augmentation is used to examine redundancy and 
alignment between reconstructed temporal features and dominant sea
sonal components. Together, these analyses demonstrate that 
phenology-aware temporal restoration—evaluated through both simu
lated cloud degradation and spectral fidelity—plays a critical role in 
enabling stable, unsupervised vegetation pattern discovery in cloud- 
affected rangeland environments.

Section 2 reviews related work, followed by Section 3, which in
tegrates the materials and methods, encompassing the study area, data 
sources, and the proposed analytical framework. Section 4 discusses the 
results and analysis, while Section 5 is devoted to the conclusion.

2. Cloud mitigation methods for NDVI time series

Cloud mitigation and reconstruction methods for NDVI time series 
can be broadly categorized according to the dimensionality of infor
mation they exploit: spatial, spatio-temporal, and purely temporal ap
proaches [31]. Spatial methods estimate corrupted observations from 
neighboring pixels under assumptions of land-cover continuity, while 
spatio-temporal approaches jointly leverage spatial and temporal cor
relations to constrain reconstruction. In contrast, temporal methods 
operate exclusively along the time axis, treating each pixel 
independently.

Although spatial and spatio-temporal techniques can be effective in 
homogeneous regions, their reliance on spatial similarity limits their 
applicability in heterogeneous landscapes. For moderate- to coarse- 
resolution imagery, such as Sentinel-2 composites, spatial reconstruc
tion can blur boundaries between distinct land-cover types and intro
duce biases that propagate into final applications. This limitation is 
particularly problematic for unsupervised clustering, where preserving 
pixel-level temporal identity is essential. Consequently, purely temporal 
approaches provide a more conservative and interpretable alternative 
and are the focus of this study.

Within temporal approaches, a fundamental distinction exists be
tween explicit gap-filling methods and implicit filtering-based mitiga
tion strategies. Explicit gap-filling assumes that corrupted observations 
are known a priori and reconstructs missing values using neighboring 
valid samples. Representative methods include linear interpolation 
[32], iterative interpolation schemes [33,34], and learning-based 
reconstruction models [35,36]. While effective when reliable cloud 
masks are available, these methods critically depend on accurate iden
tification of corrupted observations

In practice, particularly in dryland and sparsely vegetated environ
ments, low NDVI values may correspond either to cloud contamination 
or to genuine surface conditions such as bare soil or water bodies. This 
ambiguity renders gap locations uncertain and often poorly delineated, 
making explicit gap-filling strategies unreliable.

Mask-free temporal filtering constitutes a widely adopted alternative 
for NDVI denoising and reconstruction. These methods can be grouped 
into three categories: (i) local window-based smoothers, (ii) global 
model-based estimators, and (iii) adaptive or multi-scale filtering 
schemes. Local smoothers include moving-average and median filters 
[37], as well as the Savitzky-Golay (SG) filter [38], which performs local 
polynomial least-squares fitting within a sliding window. Due to its ef
ficiency and simplicity, SG filtering remains a baseline method. It pre
serves the overall temporal trend while reducing noise and temporary 
fluctuations in vegetation indices.

Global model-based approaches fit parametric or basis-function 
representations to the entire time series. For instance, Zhou et al. [39] 
utilized Harmonic Analysis of Time Series (HANTS) to model NDVI as a 
sum of sinusoids with iterative outlier rejection. In a similar way, 
penalized least-squares smoothers like the Whittaker filter [40] recover 
seasonal structures through explicit smoothness regularization. While 
these methods effectively suppress noise, their reliance on smooth 
periodicity may oversimplify phenological transitions that are asym
metric or evolve rapidly.

Adaptive and multi-scale strategies aim to bridge local and global 
modeling by explicitly accounting for temporal dynamics across scales. 
State-space formulations, including Kalman and Ensemble Kalman fil
ters, treat vegetation indices as latent dynamical processes and integrate 
observations sequentially through an evolution model [41]. 
Decomposition-based frameworks—such as wavelet denoising [42], 
Singular Spectrum Analysis (SSA) [43], and Seasonal-Trend Decompo
sition using LOESS (STL) [44,45]—isolate noise components while 
preserving dominant phenological trends. Despite their flexibility, 
comparative studies indicate that no single temporal filter consistently 
outperforms others across varying environmental conditions [46], 
highlighting the need for methods that balance robustness to cloud 
contamination with preservation of phenological shape.

Beyond smoothing- and model-based approaches, mathematical 
morphology [47] has been explored as a shape-preserving alternative for 
temporal signal reconstruction. Morphological operators, originally 
developed for image analysis, have been applied to time series to sup
press impulsive artifacts while preserving extrema and structural enve
lopes. In the context of NDVI reconstruction, morphological closing has 
been used to mitigate cloud-induced negative excursions by selectively 
filling downward gaps without enforcing global smoothness.

Recent studies [48] have demonstrated the potential of morpholog
ical filtering for cloud mitigation in vegetation index time series; how
ever, existing applications primarily focus on pointwise reconstruction 
accuracy or visual gap filling, with limited evaluation of phenological 
structure preservation or downstream analytical impact. In contrast, the 
present study explicitly evaluates morphological reconstruction through 
spectral-domain phenological fidelity and unsupervised clustering sta
bility, thereby positioning morphological filtering not merely as a 
denoising tool, but as a phenology-aware preprocessing strategy for 
unsupervised vegetation analysis.

3. Materials and methods

This section details the physical and technical components of the 
study, beginning with the description of the rangeland study area and 
data sources, followed by the formal development of the proposed 
analytical framework. Unsupervised clustering of vegetation time series 
is inherently sensitive to distortions in temporal shape, amplitude, and 
phase. In cloud-prone semi-arid environments, false NDVI drops intro
duce artificial discontinuities that corrupt temporal similarity relation
ships, undermining the ability of clustering algorithms to recover 
meaningful vegetation patterns. To address this limitation, we propose a 
fully unsupervised pipeline that combines phenology-preserving tem
poral reconstruction with distance-based clustering. Central to this 
framework is a morphological filtering strategy that selectively sup
presses masking-induced negative artifacts associated with cloud 
contamination while retaining biologically meaningful phenological 
structure, thereby stabilizing the temporal geometry required for reli
able clustering.

3.1. Study area

The study area is a 25 by 25 km region in Marsabit County, Kenya, 
extending slightly into Samburu County. (Fig. 2). This area encompasses 
Ngurunit sub-location and is in the country's northern arid region. This 
area experiences two rainy seasons, with a short dry phase in January 
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and February, followed by a longer rainy period from March to May. A 
prolonged dry season occurs from July to September, and a shorter rainy 
season follows from October to December [49]. The annual rainfall 
varies between 200 mm and 1000 mm, with an average of 254 mm [50]. 
In Marsabit, pastoralism is the predominant livelihood, with 97 % of the 
population identifying as either pastoralists or agro-pastoralists [49]. 
Vegetation mapping in this region is essential for supporting sustainable 
pastoralism, as it provides crucial insights into the availability and dis
tribution of forage resources. This information is vital for managing 
grazing patterns and ensuring the long-term viability of pastoralist 
livelihoods.

3.2. Data sources

For this study, a time series of Sentinel-2-derived NDVI images 
covering the one-year period from 24 November 2023 to 23 November 
2024 was used to capture vegetation dynamics across the study area. 
The time interval between the images was 5 days. These data provided 
continuous spectral information over one year, which was then applied 
in clustering analyses to characterize rangeland vegetation.

Sentinel-2 Level-2A products from the Copernicus Sentinel-2 mission 
were used in this study. Prior to temporal reconstruction, NDVI time 
series were computed at 10 m spatial resolution from the red (B04) and 
near-infrared (B08) bands. To ensure physically meaningful observa
tions, cloud and cloud-shadow pixels were masked using the Sentinel-2 
Scene Classification Layer by excluding pixels labeled as cloud shadow, 
medium- or high-probability cloud, thin cirrus, and snow/ice (classes 3, 
8, 9, 10, and 11). NDVI was calculated only for the remaining valid 
pixels, producing a cloud-filtered time series. This preprocessing step is 
essential because unmasked cloud-contaminated pixels can introduce 
spurious negative excursions that do not reflect vegetation phenology, 

which would distort both temporal reconstruction and downstream 
unsupervised clustering. Similar SCL-based cloud masking has been 
widely adopted in remote sensing studies to generate filtered NDVI time 
series for phenological analysis (e.g., [51]), establishing this approach as 
a standard and reproducible method. The resulting series forms the basis 
for both controlled cloud-gap simulations and real-data reconstruction, 
ensuring that subsequent analyses focus on true vegetation dynamics 
rather than radiometric artifacts. Masked observations were treated as 
missing values during temporal reconstruction to avoid introducing 
artificial low NDVI signals.

Ground-truth data were compiled through a combination of field- 
based polygon delineation and subsequent refinement using remote 
sensing sources. Initial polygons were collected directly in the range
lands with the QField mobile application, which enabled GPS-based 
mapping on smartphones and seamless synchronization with QGIS for 
data management [52,53]. These polygons were further refined and 
expanded using UAV imagery, from which ten high-resolution RGB 
images were captured over representative sites (Fig. 3). In addition to 
UAV images, commercially acquired Pleiades high-resolution satellite 
imagery and freely available basemaps (Google Satellite imagery 
accessed via XYZ tiles in QGIS) were used as supplementary reference 
material to support visual interpretation and adjustment of polygons. 
The final ground-truth dataset comprised 107 multi-pixel samples; the 
distribution across each class is specified in Table 1, representing the 
total spatial extent used for cluster validation.

Sampling focused on dominant vegetation species within the region, 
ensuring that local ecological characteristics were adequately repre
sented. Species-level observations were consolidated into broader 
vegetation types for clustering, a grouping process based on the species' 
phenological characteristics and local expert knowledge. Ultimately, all 
samples were assigned to four major land cover classes, namely 

Fig. 2. The location of study area: regional context within Africa and Kenya, and the specific study site in Marsabit County.
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evergreen vegetation, seasonal woody vegetation, herbaceous vegeta
tion, and exposed surfaces. To provide clarity on the composition of the 
reference dataset, the final field-based samples were summarized into 
four aggregated vegetation classes. It is important to note that species 
are referred to by their scientific names, except for 'Hagar' and 'Lacha
min', for which scientific names could not be found and thus local names 
were used [2,54]. Table 1 presents the number of samples assigned to 
each class together with examples of the dominant species represented. 
This summary helps illustrate how species-level observations were 
consolidated into broader functional groups for use in the subsequent 
temporal filtering and clustering analyses. Fig. 4 illustrates the flow 
diagram, detailing the connection between data sources, the analysis 

phase, and the performance assessment part.

3.3. Morphological temporal reconstruction

Morphological operators are widely used in image processing to 
suppress impulsive noise while preserving structural extrema and object 
boundaries [55,47]. Unlike linear smoothers, which modify signals 
through local averaging, morphological operations rely on 
order-statistic transformations that act directly on the signal envelope. 
This non-linear behavior is particularly well suited to NDVI time series, 
where cloud contamination typically appears as abrupt negative drops 
that should be removed without weakening valid vegetation responses.

In this study, we employ the classic flat morphological closing 
operation to reconstruct NDVI time series along the temporal dimension. 
Let (t, p) denote the NDVI value at time index t and spatial pixel location 
p. For a fixed pixel p, morphological closing, denoted by •, is applied to 
the one-dimensional temporal signal x(t, p) and is defined as the 
composition of dilation (⊕) followed by erosion (⊖) using a flat struc
turing element B: 

x(t,p)⋅B = (x(t,p) ⊕ B) ⊖ B. (1) 

The fundamental morphological operators are defined as [56] 

(x ⊕ B)(t,p) = max
s∈B

{x(t − s,p)}, (2) 

(x ⊖ B)(t,p) = min
s∈B

{x(t + s,p)}. (3) 

The structuring element B is chosen as a flat, symmetric one- 
dimensional window of length L. This design choice is deliberate: flat 

Fig. 3. (a) Ground-truth sample areas: red points represent areas mapped with UAV and/or QField surveys, blue points represent areas derived from Pleiades 
imagery and/or QField surveys. Each point includes multiple samples. (b) Example UAV image used for ground-truth mapping. (c) Pleiades high-resolution satellite 
image covering a 10 by 10 km subset of the 25 by 25 km study area.

Table 1 
Distribution of vegetation classes and sample sizes.

Classes Number of samples Species

Evergreen vegetation 23 Prosopis 
Prosopis juriflora 
Boscia spp. (Qalqalcha)

Seasonal woody vegetation 28 Acacia 
Acacia reficiens 
Acacia tortilis 
Bissar 
Hagar 
Lachamin

Herbaceous vegetation 27 Shrub-grass mosaic 
Yabbah 
Grass

Exposed surface 29 Bare soil 
Rocky outcrop
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structuring elements impose uniform geometric constraints and avoid 
introducing additional weighting or shape assumptions, enabling a 
focused analysis of the intrinsic behavior of morphological closing on 
phenological signals [47,57].

3.4. Analytical properties and phenological fidelity

The primary objective of morphological closing in this context is to 
suppress cloud-induced negative artifacts while preserving the intrinsic 
temporal structure of vegetation dynamics. During dilation, local max
ima propagate across narrow temporal depressions, effectively bridging 
masking-induced temporal gaps. The subsequent erosion restricts this 
expansion, restoring the signal to its original support without redis
tributing signal amplitude across neighboring samples. As a result, 
morphological closing removes noise-related dips while maintaining the 
amplitude and timing of valid phenological extrema.

To quantify the preservation of biologically meaningful temporal 
structure, we evaluate phenological fidelity through harmonic analysis 
of the reconstructed NDVI series. Specifically, we examine the preser
vation of the first and second harmonic components, which capture the 
dominant seasonal cycle and sub-seasonal modulation of vegetation 
dynamics. High harmonic fidelity indicates that the reconstruction 
preserves both phase and amplitude of underlying phenological oscil
lations, rather than merely producing a smooth approximation of the 
signal.

It is important to emphasize that low reconstruction error alone is 
not sufficient to guarantee phenological integrity. Linear smoothers, 
including Savitzky-Golay and harmonic-based filters, often reduce Root 
Mean Square Error (RMSE) by weakening extrema through averaging, 
which can bias peak magnitudes and compress inter-class variability. In 
contrast, morphological closing achieves error reduction by selectively 
removing impulsive noise-induced deviations while preserving the 
overall phenological shape and sharp temporal transitions. Conse
quently, morphology can simultaneously attain low RMSE and high 
spectral fidelity, reflecting a fundamentally different reconstruction 
mechanism.

These properties are critical for downstream unsupervised analysis, 
as clustering algorithms are highly sensitive to distortions in temporal 
distance relationships. By preserving extrema, phase alignment, and 
temporal asymmetry, morphological reconstruction stabilizes similarity 
measures in the reconstructed time series, providing a reliable founda
tion for unsupervised grouping.

3.5. Unsupervised clustering strategy

Following temporal reconstruction, pixels are grouped using the K- 
means++ clustering algorithm [58]. K-means++ extends standard 
K-means through probabilistic centroid initialization, improving 
convergence stability while retaining low computational complexity. Its 
reliance on simple Euclidean distances makes it particularly sensitive to 
distortions in temporal shape, amplitude, and phase, and therefore well 
suited as a conservative baseline for evaluating the quality of temporal 
reconstruction. While more complex probabilistic or distance-flexible 
models offer increased robustness, their inherent ability to tolerate 
local signal irregularities can inadvertently mask residual artifacts in the 
reconstructed time series.

More expressive clustering models, such as hierarchical methods or 
Gaussian mixture models, can capture complex cluster geometries but 
introduce additional modeling assumptions and increased robustness to 
local temporal distortions. While advantageous in some contexts, such 
flexibility can obscure the direct impact of temporal preprocessing on 
phenological similarity. In contrast, the use of K-means++ intentionally 
imposes minimal structural bias, ensuring that clustering performance is 
driven primarily by the fidelity of the reconstructed NDVI time series 
rather than by the clustering model itself. By utilizing a baseline model 
that provides no built-in compensation for signal noise, we ensure that 
the reported gains are a direct consequence of improved phenological 
preservation. Under this formulation, improvements in clustering per
formance directly reflect improved preservation of phenological 
structure.

To further assess the completeness of the reconstructed temporal 
information, we optionally augment the NDVI series with low- 
dimensional spectral features derived from low-order harmonic com
ponents. This augmentation is used diagnostically rather than as a 
required step: substantial performance gains indicate that critical 
phenological information is missing from the reconstructed signal, 
whereas marginal or negligible gains suggest that dominant seasonal 
structure is already preserved. As demonstrated in the results, spectral 
augmentation provides limited benefit following morphological recon
struction, indicating that the reconstructed time series alone retains 
sufficient phenological information for effective unsupervised 
clustering.

3.6. Cluster-class alignment and evaluation

Because unsupervised clustering produces arbitrary label 

Fig. 4. The flow diagram of the study.
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assignments, a principled alignment mechanism is required for objective 
evaluation against reference classes. We employ the Hungarian algo
rithm [59] to determine the optimal one-to-one correspondence be
tween predicted clusters and reference classes.

Let C = {C1,…,CK} denote the set of predicted clusters and G =
{
g1,…, gK

}
the reference classes. For each pair (ci, gj), we compute the 

F1-score [60]: 

F1
(

ci, gj

)
=

2 P
(

ci, gj

)
R
(

ci, gj

)

P
(

ci, gj

)
+ R

(
ci, gj

), (4) 

where precision P and recall R are defined as 

P
(

ci, gj

)
=

⃒
⃒
⃒ci ∩ gj

⃒
⃒
⃒

|ci|
, (5) 

R
(

ci, gj

)
=

⃒
⃒
⃒ci ∩ gj

⃒
⃒
⃒

⃒
⃒
⃒gj

⃒
⃒
⃒

. (6) 

The F1-score balances over-assignment and omission errors, making 
it particularly suitable for evaluating cluster-class correspondence in 
vegetation mapping, as a high F1-score requires a balance of both pre
cision and recall in imbalanced scenarios [61]. The assignment cost is 
defined as 

Cost
(

ci, gj

)
= 1 − F1

(
ci, gj

)
, (7) 

and the Hungarian algorithm finds the permutation σ that minimizes the 
total cost: 

min
σ∈SK

∑K

i=1
Ci,σ(i), (8) 

where SK denotes the set of all permutations of {1, …, K}. This alignment 
enables consistent relabeling of clusters and objective quantitative 
comparison across reconstruction and filtering strategies.

4. Results, analysis and discussion

This section quantitatively evaluates the proposed framework 
through controlled reconstruction experiments and subsequent unsu
pervised clustering analysis. First, we analyze the behavior of morpho
logical closing and baseline temporal reconstruction methods under 
synthetic cloud-like perturbations, assessing both pointwise recon
struction accuracy and preservation of spectral structure. Second, we 
evaluate clustering performance on real Sentinel-2 NDVI time series 
processed by each method, reporting F1-score and precision with and 
without spectral feature augmentation. Given the sparse and aggregated 
nature of available reference polygons, these metrics are interpreted 
comparatively rather than as absolute measures of classification accu
racy, providing a consistent external benchmark for assessing how 
temporal reconstruction influences phenological fidelity and cluster 
separability in an unsupervised setting.

For comparison, we select moving average smoothing (refer to [37]), 
Savitzky-Golay filtering [38], and HANTS [39] as representative base
lines spanning three commonly used classes of temporal reconstruction 
methods: local smoothing, local polynomial approximation, and global 
harmonic fitting. These methods are widely adopted in vegetation time 
series analysis and represent fundamentally different assumptions about 
noise, gaps, and seasonal structure. Their inclusion enables a principled 
comparison between morphology-based reconstruction and established 
approaches that prioritize smoothness or spectral compactness, allowing 
us to attribute observed differences in clustering behavior to the un
derlying reconstruction paradigm rather than to 

implementation-specific details.

4.1. Temporal reconstruction under simulated cloud contamination

We first evaluate temporal reconstruction performance under 
controlled cloud-like perturbations using simulated NDVI gaps. This 
experiment shows the behavior of different reconstruction mechanisms 
under known corruption levels before assessing their impact on down
stream clustering.

Reference signal construction: Noise-reduced reference NDVI time 
series x̂(t,p) are obtained by fitting low-order harmonic models 
(HANTS) independently to each pixel. Two harmonics are retained to 
represent the dominant annual cycle and low-order intra-annual vari
ability characteristic of dryland vegetation, while higher-order compo
nents are excluded to avoid fitting short-term fluctuations and residual 
noise. The resulting signal x̂ serves as a cloud-free reference and is used 
exclusively for controlled simulation and evaluation. Importantly, 
downstream analyses on real NDVI time series ensure that conclusions 
do not rely on the HANTS reference.

Cloud gap simulation: Cloud contamination is modeled as temporal 
gaps rather than additive noise, reflecting the physical nature of cloud 
effects in optical remote sensing. For a prescribed corruption level ρ ∊ [0, 
1], a fraction ρ of pixel-time samples is masked and assigned a zero 
value, producing strong negative excursions typical of cloud- 
contaminated NDVI observations. While this zero-masking constitutes 
a conservative, worst-case perturbation for per-pixel temporal recon
struction, subsequent evaluation on real NDVI time series verifies the 
method's robustness under realistic satellite noise and cloud conditions.

Masking is performed in a frame-dependent manner: each temporal 
frame is assigned a different cloud coverage level, resulting in hetero
geneous corruption across time. While the overall fraction of masked 
samples equals ρ, individual frames may be nearly cloud-free or heavily 
obscured. This procedure reproduces key characteristics of real NDVI 
datasets, including temporally clustered gaps and inter-frame vari
ability, without introducing artificial signal values.

The corrupted NDVI sequence is defined as 

xρ(t,p) = x̂(t,p)⋅m(t,p), (9) 

where m(t,p) ∈ {0,1} denotes a binary cloud mask, with values indi
cating valid or cloud-contaminated observations.

Fig. 5 illustrates an example of the noise-reduced reference signal 
x̂(t,p) and its corresponding corrupted realization x0.2(t,p) for a single 
pixel.

Reconstruction methods: Each corrupted time series xρ is pro
cessed using moving-average smoothing, SG filtering, HANTS re-fitting, 
and the proposed morphological closing. Linear smoothing and SG 
filtering employ a fixed temporal window of five samples, corresponding 
to approximately one month of Sentinel-2 observations. HANTS is re- 
applied with the same harmonic order as the reference signal.

Unless stated otherwise, morphological reconstruction is performed 
using a classic flat symmetric closing operation with structuring element 
length L = 5, selected to reflect typical short-duration cloud gaps in the 
dataset. This configuration selectively suppresses negative deviations 
while limiting peak expansion, preserving both amplitude and temporal 
structure.

Evaluation metrics: Reconstruction fidelity is assessed in the 
spectral domain by comparing the dominant harmonic components of 
the reconstructed signal, xrec

ρ (t,p), to the reference, x̂(t,p). Each signal is 
decomposed into its first and second harmonics: 

x̂(t) ≈ a0 +
∑2

k=1
akcos

(
2πkt

T

)

+ bksin
(

2πkt
T

)

, (10) 
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xrec
ρ (t) ≈ ã0 +

∑2

k=1
ãkcos

(
2πkt

T

)

+ b̃ksin
(

2πkt
T

)

, (11) 

where T is the length of one year in frames. The amplitude of each 

harmonic is Ak =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a2
k + b2

k

√

and Ãk =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ã2
k + b̃

2
k

√

, while the phase is ϕk =

arctan 2(bk, ak) and ϕ̃k = arctan 2(b̃k, ãk).
Amplitude and phase fidelity for each harmonic are defined as 

Famp
k = 1 −

|Ãk − Ak|

Ak
, (12) 

Fphase
k = 1 −

|ϕ̃k − ϕk|

π . (13) 

A combined spectral fidelity metric can then be computed as [44] 

Fspectral =
1
2
∑2

k=1

Famp
k + Fphase

k
2

. (14) 

Reconstruction fidelity is assessed in the spectral domain by 
comparing the dominant harmonic components of the reconstructed 
NDVI signal, xrec

ρ (t,p), to the reference signal, ̂x(t,p), on a per-pixel basis. 
For each spatial location p, both signals are decomposed into their first 
and second harmonic components as 

x̂(t,p) ≈ a0(p) +
∑2

k=1

[

ak(p)cos
(

2πkt
T

)

+ bk(p)sin
(

2πkt
T

)]

, (15) 

xrec
ρ (t,p) ≈ ã0(p) +

∑2

k=1

[

ãk(p)cos
(

2πkt
T

)

+ b̃k(p)sin
(

2πkt
T

)]

, (16) 

where T denotes the number of temporal frames per year.
For each harmonic k and pixel p, the amplitude and phase are 

defined as 

Ak(p) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

a2
k(p) + b2

k(p)
√

, ϕk(p) = arctan2(bk(p), ak(p)), (17) 

Ãk(p) =
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

ã2
k(p) +

̃b2
k(p)

√

, ϕ̃k(p) = arctan2(b̃k(p), ãk(p)). (18) 

Pixel-wise amplitude and phase fidelity for harmonic k are then 
defined as 

Famp
k (p) = 1 −

|Ãk(p) − Ak(p)|
Ak(p)

, (19) 

Fphase
k (p) = 1 −

|ϕ̃k(p) − ϕk(p)|
π . (20) 

The spectral fidelity for pixel p is computed by averaging amplitude 
and phase fidelity across harmonics [44]: 

Fspectral(p) =
1
2
∑2

k=1

Famp
k (p) + Fphase

k (p)
2

. (21) 

Finally, the reported spectral fidelity is obtained by averaging over 
all spatial pixels: 

Fspectral
=

1
|P |

∑

p∈P

Fspectral(p), (22) 

where P denotes the set of all evaluated pixels.
This metric is a task-specific composite diagnostic constructed from 

standard harmonic amplitude and phase descriptors commonly used in 
seasonal time-series and phenological analysis [44]. By focusing on the 
dominant seasonal modes, it directly quantifies preservation of pheno
logical amplitude and timing, which are critical for phenology-driven 
applications and unsupervised clustering.

Pointwise reconstruction accuracy is additionally quantified using 
the Root Mean Square Error (RMSE): 

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
1
|Ω|

∑

(t,p)∈Ω

(
xrec

ρ (t,p) − x̂(t,p)
)2

√

, (23) 

where Ω = τ × P denotes the set of all evaluated time-pixel pairs.
While RMSE penalizes all deviations equally, including short-term 

fluctuations and residual noise, the spectral fidelity metric emphasizes 
preservation of dominant seasonal structure. Together, these comple
mentary measures ensure that conclusions are not dependent on a single 
evaluation criterion and allow separation of pointwise accuracy from 
phenological integrity.

Results: The comparative evaluation under increasing synthetic 
cloud contamination reveals clear and consistent trends across both 
spectral fidelity and pointwise error metrics. In terms of spectral fidelity 
(Fig. 6), morphological closing exhibits the strongest robustness to 
missing observations at all noise levels. While SG and temporal aver
aging show nearly identical behavior, both suffer substantial 

Fig. 5. Example NDVI time series for a single pixel, showing the noise-reduced reference signal x̂(t, p) and its cloud-corrupted counterpart xρ(t, p), generated using a 
noise level of ρ = 0.2.
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degradation as noise increases. HANTS performs worst in this setting, 
indicating that harmonic refitting under aggressive frame-wise corrup
tion fails to preserve dominant phenological components. At a repre
sentative noise level of 0.3, morphological reconstruction retains a 
spectral fidelity of approximately 0.95, compared to 0.75 for both SG 
and averaging, and only 0.65 for HANTS. This gap demonstrates that 
morphology most effectively preserves the amplitude-phase structure of 
biologically meaningful seasonal harmonics under realistic cloud 
disturbance.

Pointwise reconstruction accuracy, quantified by RMSE, is shown in 
Fig. 7. SG filtering consistently yields the highest RMSE, reflecting its 
tendency to oversmooth and distort cloud-induced gaps rather than 
explicitly mitigate them. HANTS achieves lower error than averaging 
only at very low noise levels, where the harmonic model remains well 
constrained. However, beyond this regime, averaging becomes more 
stable than HANTS as missing data increases. Morphological closing 
again outperforms all baselines, achieving the lowest RMSE across all 
noise levels. At a noise level of 0.3, morphology reduces RMSE to 
approximately 0.02, compared to 0.07 for averaging, 0.088 for HANTS, 
and 0.089 for SG.

The divergence between spectral fidelity and RMSE trends for some 
baselines highlights that low pointwise error alone does not guarantee 
preservation of phenologically relevant dynamics. From a signal 

processing perspective, this behavior reflects the fundamentally 
different assumptions underlying the reconstruction methods. Harmonic 
and smoothing-based approaches implicitly assume global smoothness 
or periodicity and tend to redistribute localized distortions across the 
time series, which can attenuate narrow phenological transitions or shift 
seasonal timing. In contrast, temporal morphological closing is designed 
to suppress sparse, impulsive negative deviations while preserving the 
upper temporal envelope of the signal. This makes it particularly well 
suited to cloud-contaminated NDVI time series, where corruption pri
marily appears as abrupt negative drops or gaps.

Under such conditions, morphological reconstruction simulta
neously minimizes numerical deviation and preserves dominant sea
sonal amplitude and phase, a combination not achieved by the evaluated 
linear or harmonic-based alternatives. At the same time, these results 
clarify that the advantage of morphology is conditional: in regimes 
dominated by symmetric noise, prolonged missing observations, or 
overlapping seasonal modes, envelope-based operations may introduce 
bias or lose interpretability. This distinction motivates the comparative 
analysis presented here and underscores the importance of matching 
reconstruction assumptions to the structure of the underlying signal.

Fig. 8 examines the sensitivity of spectral fidelity to the structuring 
element length L used in the morphological reconstruction under 
increasing noise levels. For small windows (L = 3), fidelity degrades 

Fig. 6. Impact of noise levels on the spectral fidelity of different reconstruction methods.

Fig. 7. Impact of noise levels on the RMSE of different reconstruction methods.
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rapidly as noise increases, indicating insufficient gap filling when cloud- 
induced dips span multiple consecutive frames. In contrast, moderate 
window sizes (L = 5 and L = 7) maintain consistently high fidelity across 
the full range of tested noise levels.

Larger structuring elements (L ≥ 9) exhibit increased robustness to 
noise but show a systematic reduction in fidelity even at low corruption 
levels. This behavior reflects excessive temporal expansion during 
dilation, which progressively distorts narrow phenological transitions. 
Within the temporal resolution and phenological regime considered in 
this study, these results indicate a broad operating range in which 
reconstruction performance is stable, while also highlighting the trade- 
off between gap tolerance and phenological distortion.

Overall, the results demonstrate that the proposed morphological 
reconstruction is not strongly sensitive to moderate variations in L. 
Window lengths in the range L = 5–7 provide a stable operating regime 
that effectively bridges cloud-induced gaps while preserving seasonal 
harmonic structure. Unless stated otherwise, a representative value of L 
= 7 is used in subsequent experiments.

Practical implementation considerations: From an operational 
perspective, temporal morphological reconstruction offers favorable 
computational and implementation characteristics. The method relies 
on local max-min operations along the temporal axis, resulting in linear 
complexity with respect to time series length and negligible memory 
overhead. Unlike harmonic fitting or learning-based gap-filling ap
proaches, it does not require parameter estimation, iterative optimiza
tion, or training data, which simplifies large-scale deployment. In 
practice, runtime is comparable to simple smoothing filters and sub
stantially lower than harmonic-based methods, making the approach 
suitable for processing dense Sentinel-2 NDVI archives. The method 
involves a single intuitive parameter—the temporal structuring element 
length—which can be selected based on expected phenological duration, 
facilitating reproducibility and integration into existing remote sensing 
processing pipelines.

4.2. Unsupervised clustering of real NDVI time series

This subsection evaluates the impact of temporal reconstruction and 
spectral feature augmentation on unsupervised clustering of real 
Sentinel-2 NDVI time series. Unlike the controlled simulations in the 
previous subsection, this analysis reflects practical conditions where 
ground truth labels are sparse and phenological variability is spatially 
heterogeneous. We examine how different preprocessing strategies 
affect cluster separability, stability, and correspondence to reference 
vegetation classes.

Augmenting NDVI time series with spectral features: Spectral 
feature augmentation refers to the enrichment of the original NDVI time 
series with a small set of complementary features derived from its 
dominant harmonic content. While clustering based solely on temporal 
NDVI trajectories captures phenological timing and waveform shape, it 
may insufficiently encode differences in seasonal strength and modu
lation, particularly in heterogeneous rangeland environments where 
multiple vegetation classes exhibit similar temporal phases but differ in 
amplitude.

In this study, spectral features are computed directly from the raw, 
unfiltered NDVI time series to decouple augmentation from any specific 
reconstruction method. For each pixel, the first and second harmonic 
amplitudes, A1(p) and A2(p), defined in the previous subsection, are 
extracted and used as spectral descriptors. The DC component a0(p) is 
intentionally excluded, as it reflects only the mean NDVI level and does 
not convey phenological dynamics. Prior to concatenation with the 
time-domain signal, each harmonic amplitude is transformed using a log 
(1 + Ak(p)) mapping. This transformation compresses the dynamic 
range of spectral magnitudes, mitigates the influence of extreme am
plitudes, and stabilizes Euclidean distance computations during clus
tering, while preserving relative phenological contrasts.

The role of spectral augmentation is therefore not to replace tem
poral reconstruction, but to compensate for phenological information 
that may be weakly expressed in the time domain alone. For recon
struction methods that distort or weaken dominant harmonic ampli
tudes, augmentation can improve cluster separability by explicitly 
reintroducing low-frequency seasonal structure. Conversely, when 
temporal reconstruction preserves the harmonic amplitudes A1 and A2 
with high fidelity, spectral augmentation is expected to provide limited 
additional benefit, serving primarily as a consistency check on pheno
logical preservation.

Results: Tables 2 and 3 report class-wise and mean clustering per
formance for real Sentinel-2 NDVI time series reconstructed using 
different temporal filters, evaluated with and without spectral feature 
augmentation. Performance differences across methods and classes 
reflect variations in phenological amplitude, temporal contrast, and 
spatial separability.

The unfiltered baseline highlights fundamental differences in clus
tering difficulty across land-cover classes. Exposed surfaces achieve high 
precision and F1-scores even without temporal reconstruction, owing to 
their low temporal variability and stable NDVI signatures, which form 
compact and well-separated clusters. Herbaceous and seasonal woody 
vegetation exhibit moderate baseline performance, as cloud-induced 
distortions obscure differences in seasonal amplitude and timing, 

Fig. 8. Combined spectral fidelity as a function of noise level for different structuring element lengths L.
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limiting separability.
Evergreen vegetation remains the most challenging class, exhibiting 

zero F1-scores for several reconstruction methods. These zero values 
indicate complete misclassification (i.e., zero recall), rather than nu
merical artifacts, and arise from the combination of weak intrinsic 
seasonality, low temporal contrast, limited sample size, and pronounced 
spatial mixing at Sentinel-2 resolution. Across this semi-arid landscape, 
evergreen vegetation is sparse and frequently intermixed with other 
vegetation types, producing mixed NDVI signals that are inherently 
difficult to separate using unsupervised temporal features alone, 
regardless of reconstruction quality.

Without spectral augmentation, clustering performance is domi
nated by the quality of temporal reconstruction. Morphological recon
struction achieves the highest mean F1-score (0.6937) compared to 
Savitzky–Golay (0.6011), HANTS (0.5989), moving average (0.5958), 
and no filtering (0.5971). This advantage is most pronounced for the 
Herbaceous class, where morphology reaches an F1-score of 0.8743, 
whereas alternative methods range between 0.6625 (HANTS) and 
0.7342 (Savitzky–Golay). For Evergreen vegetation, morphology in
creases F1 from 0.0000 under smoothing methods to 0.2500, indicating 
partial recovery of separability under low seasonal contrast conditions. 
In contrast, moving average and Savitzky–Golay filtering reduce sea
sonal amplitudes through local averaging, while HANTS introduces re
sidual harmonic distortions that weaken discrimination despite 
suppressing cloud-induced noise.

Across all classes, morphological reconstruction also yields consis
tently higher mean precision (0.7878 without augmentation) than 
competing methods (ranging from 0.5607 to 0.5900). This behavior is 
particularly evident for Evergreen vegetation, where precision reaches 
0.8000 under morphology compared to ≤ 0.2143 for other filters, 
reflecting more stable and conservative cluster assignments despite 
inherently limited recall.

The impact of spectral feature augmentation is method-dependent. 
For reconstruction methods that distort dominant low-frequency com
ponents, augmentation provides measurable benefits. For example, 
mean F1-score increases from 0.5958 to 0.6461 for moving average 
filtering and from 0.5989 to 0.6435 for HANTS. In contrast, morpho
logical reconstruction shows only a modest change (0.6937 to 0.7084), 

and mean precision remains essentially unchanged (0.7878 to 0.7869), 
indicating that dominant seasonal structure is largely preserved prior to 
augmentation.

In contrast, morphological reconstruction exhibits negligible sensi
tivity to spectral augmentation. Both class-wise and mean performance 
remain effectively unchanged after augmentation, indicating that the 
reconstructed time series already retain the dominant harmonic content 
and phenological shape required for clustering. This invariance provides 
direct evidence that augmentation does not contribute additional 
discriminative information beyond what is preserved by morphological 
reconstruction itself. The absence of augmentation gains therefore re
flects completeness of the reconstructed temporal representation rather 
than saturation or ceiling effects.

Overall, these results confirm that phenological fidelity in temporal 
reconstruction is the primary determinant of unsupervised clustering 
performance. Spectral augmentation acts as a compensatory mechanism 
when reconstruction degrades low-frequency seasonal information, but 
offers no benefit when dominant temporal structure is preserved. The 
consistently strong and augmentation-invariant performance of 
morphological reconstruction therefore provides robust evidence of its 
effectiveness for unsupervised phenological analysis under cloud- 
affected conditions.

Qualitative reconstruction analysis: To complement the quanti
tative metrics, we present a qualitative comparison of reconstructed 
NDVI time series for representative vegetation classes. These examples 
were selected from a broader population of randomly sampled pixels to 
illustrate the characteristic behaviors captured by the aggregate statis
tical metrics. Fig. 9 presents representative NDVI reconstruction exam
ples for evergreen vegetation, seasonal woody vegetation, herbaceous 
vegetation, and exposed surfaces, spanning a wide range of phenological 
regimes and noise sensitivities. This qualitative assessment illustrates 
how different temporal filters interact with class-specific NDVI dy
namics under real cloud contamination.

In accordance with other works [62,63], evergreen vegetation 
(Fig. 9a) exhibits low seasonal amplitude and is therefore particularly 
sensitive to cloud-induced negative spikes. While smoothing-based and 
harmonic methods reduce these distortions, they also weaken subtle 
seasonal variations and bias the baseline NDVI level. Morphological 

Table 2 
Class-wise and mean F1-score for unsupervised NDVI time series clustering under different reconstruction filters, with and without spectral feature augmentation.

Filter Augmentation Evergreen Seasonal woody Herbaceous Exposed surface Mean

None … 0.0000 0.6739 0.7453 0.9693 0.5971
​ ✓ 0.2105 0.6634 0.4554 0.9937 0.5808
Average smoothing … 0.0000 0.6984 0.7097 0.9753 0.5958
​ ✓ 0.2472 0.6952 0.6610 0.9811 0.6461
Savitzky-Golay … 0.0000 0.6947 0.7342 0.9753 0.6011
​ ✓ 0.2245 0.6825 0.5370 0.9811 0.6063
HANTS … 0.1463 0.6235 0.6625 0.9634 0.5989
​ ✓ 0.2410 0.6728 0.6667 0.9937 0.6435
Morphology … 0.2500 0.6813 0.8743 0.9693 0.6937
​ ✓ 0.2727 0.6957 0.8957 0.9693 0.7084

Table 3 
Class-wise and mean precision for unsupervised NDVI time-series clustering under different reconstruction filters, with and without spectral feature augmentation.

Filter Augmentation Evergreen Seasonal woody Herbaceous Exposed surface Mean

None … 0.0000 0.5794 0.7229 0.9405 0.5607
​ ✓ 0.2000 0.5360 1.0000 0.9875 0.6809
Average smoothing … 0.0000 0.5893 0.7143 0.9518 0.5638
​ ✓ 0.3143 0.5489 0.9750 0.9750 0.7033
Savitzky-Golay … 0.0000 0.5841 0.7250 0.9518 0.5652
​ ✓ 0.2500 0.5373 0.9667 0.9750 0.6822
HANTS … 0.2143 0.5699 0.6463 0.9294 0.5900
​ ✓ 0.3448 0.5214 1.0000 0.9875 0.7134
Morphology … 0.8000 0.5905 0.8202 0.9405 0.7878
​ ✓ 0.7500 0.5981 0.8588 0.9405 0.7869
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reconstruction effectively removes transient dips while preserving the 
signal profile and weak seasonal structure, resulting in a temporally 
conservative reconstruction that avoids introducing artificial 
phenology.

Seasonal woody vegetation (Fig. 9b) shows smoother yet more 
distinct seasonal modulation. Local smoothing and Savitzky-Golay 
filtering dampen peak amplitudes and broaden transition phases, 
while harmonic reconstruction enforces globally smooth trajectories 
that may misalign with localized phenological variability. In contrast, 
morphological reconstruction retains both the timing and magnitude of 
seasonal extrema while selectively mitigating anomalies.

Herbaceous vegetation (Fig. 9c) is characterized by rapid green-up, 
sharp seasonal peaks, and abrupt senescence. These high-frequency 
transitions are substantially smoothed by conventional filters and 
partially distorted by harmonic reconstruction. Morphological recon
struction more faithfully preserves peak amplitude and temporal local
ization, consistent with its superior spectral fidelity and improved 
clustering performance for this class.

For exposed surfaces (Fig. 9d), NDVI variability is dominated by 
noise rather than phenology. While all methods reduce extreme de
viations, smoothing and harmonic approaches may introduce false 
seasonal structure. Morphological reconstruction remains conservative, 
removing transient distortions without imposing artificial temporal 
patterns.

Overall, the qualitative results confirm that morphological recon
struction consistently mitigates cloud-induced anomalies while preser
ving phenologically meaningful temporal structure across vegetation 
types. In contrast, smoothing and harmonic methods reduce noise at the 

expense of weakened amplitudes, temporal blurring, or structural 
distortion, reinforcing the quantitative findings. Fig. 10 illustrates the 
clustered rangeland in Marsabit County, Kenya.

5. Conclusion

This study evaluated temporal reconstruction of cloud-affected NDVI 
time series with emphasis on preserving phenological structure for un
supervised analysis. One-dimensional morphological closing provided a 
fully unsupervised and computationally efficient reconstruction strategy 
that selectively mitigates cloud-induced negative distortions while 
maintaining seasonal shape and phase alignment.

In unsupervised clustering of Sentinel-2 NDVI time series, morpho
logical reconstruction achieved the highest mean F1-score both without 
(0.6937) and with (0.7084) spectral augmentation, outperforming 
Savitzky–Golay (0.6011), HANTS (0.5989), moving average (0.5958), 
and the unfiltered baseline (0.5971). The improvement is particularly 
pronounced for Herbaceous vegetation (F1 = 0.8743 without augmen
tation). Mean precision further confirms this advantage, with 
morphology reaching 0.7878 without augmentation, substantially 
exceeding all other methods (≤ 0.5900). Unlike competing approaches, 
morphological reconstruction shows minimal sensitivity to spectral 
augmentation, indicating that dominant seasonal information is already 
preserved in the reconstructed signals.

The method assumes that cloud contamination primarily introduces 
negative deviations and depends on appropriate selection of the tem
poral structuring element. Performance may decrease under prolonged 
data gaps, symmetric noise, or markedly different seasonal regimes, and 

Fig. 9. Example reconstructions of real NDVI time series for four land-cover classes: (a) evergreen vegetation with low seasonal amplitude, (b) seasonal woody 
vegetation with moderate phenological modulation, (c) herbaceous vegetation exhibiting rapid seasonal transitions, and (d) exposed surfaces dominated by noise.
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transferability beyond the evaluated environmental context requires 
further validation.

Future work may explore adaptive or multi-scale structuring ele
ments, phenology-informed parameter selection, and integration with 
multi-sensor or learning-based frameworks. Due to its linear computa
tional complexity, absence of training requirements, and simple one- 
dimensional operations, the proposed approach is well suited for scal
able and near–real-time NDVI preprocessing pipelines.

Overall, the results demonstrate that preserving temporal structur
e—rather than applying generic smoothing—is critical for reliable un
supervised phenological analysis, and morphological reconstruction 
provides a robust and operationally practical solution.
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