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Abstract

High-resolution land cover classification is critical for monitoring environmental change
and managing natural resources. This study presents an unsupervised framework with
externally guided feature prioritization that integrates Sentinel-1 synthetic aperture radar
(SAR) and Sentinel-2 optical imagery at 10 m spatial resolution. A cloud-native export
protocol in Google Earth Engine (GEE) enables the generation of consistent, cloud-free,
and snow-free seasonal composites across Ontario, Canada. A comprehensive feature engi-
neering pipeline combines spectral indices, radar backscatter metrics, terrain derivatives
from digital elevation models (DEMs), and temporal statistics to create a rich multi-sensor
input space. Dimensionality reduction is performed using Sparse Principal Component
Analysis (SparsePCA) and mutual-information-based feature selection. Clustering is con-
ducted using three complementary algorithms: centroid-based K-means, density-based
Hierarchical Density-Based Spatial Clustering of Applications with Noise (HDBSCAN)),
and reachability-based Ordering Points To Identify the Clustering Structure (OPTICS). Final
land cover labels are assigned via a majority-voting ensemble, with prediction ties resolved
deterministically using OPTICS. OPTICS is particularly effective for modeling heteroge-
neous landscapes due to its ability to detect clusters of varying density without requiring
a global threshold. This study is designed as a pilot-site methodological demonstration
using three representative 2 km x 2 km regions in Ontario, rather than a full provincial-
scale land cover product. The resulting classification maps are validated against reference
land cover data, demonstrating the effectiveness and potential scalability of the proposed
external-label guided unsupervised mapping approach.

Keywords: external-label guided unsupervised classification; machine learning; Sentinel-1;
Sentinel-2; feature engineering; remote sensing; earth observation; Google Earth Engine

1. Introduction

Accurate land cover classification is essential for environmental monitoring, urban
planning, and resource management. Satellite remote sensing provides a scalable and
repeatable means of mapping land cover across large areas [1,2].

The Sentinel-1 and Sentinel-2 missions offer complementary radar and optical datasets
at 10 m resolution, enabling frequent and reliable monitoring. Yet unsupervised classifi-
cation remains challenging due to heterogeneous landscapes and noisy signals. Robust
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frameworks are needed to effectively fuse multiple data sources, reduce dimensionality,
and apply clustering techniques to distinguish land cover types.

Land-cover mapping remains challenging in heterogeneous landscapes because spec-
tral overlap, seasonal variability, cloud contamination, mixed pixels, and limited ground-
reference data can reduce classification reliability. Supervised approaches often achieve
high accuracy when high-quality training data are available, but such labels are expensive
to collect and may not transfer well across regions. In this context, clustering-based ap-
proaches offer a label-efficient alternative, particularly when combined with multi-source
features from optical, SAR, and terrain data. Sentinel-2 provides rich spectral information
related to vegetation, water, and built-up surfaces, while Sentinel-1 SAR contributes struc-
tural and moisture-sensitive information that is less affected by cloud cover. DEM-derived
variables further help describe topographic controls on land-cover patterns. This study
contributes a pilot-site externally guided clustering framework that combines feature engi-
neering, feature selection, sparse dimensionality reduction, and ensemble clustering for
land-cover mapping in selected Ontario landscapes.

1.1. Related Work

Prior research highlights the use of multi-sensor data and unsupervised models for
land cover classification. The SEN12MS dataset [3] enabled fusion of Sentinel-1/2 satellite
data for deep learning. Ghamisi et al. [4] showed kernel-based models perform well even
with limited labels.

SAR-optical fusion has proven valuable, as shown by Verma et al. [5] and Xu et al. [6],
using clustering and ensemble methods. Alternative strategies include Self-Organizing
Maps [7], tile-based weak supervision [8], and distributed fuzzy clustering [9].

Texture-based features and ensemble learning approaches have been shown to signifi-
cantly enhance the accuracy of land cover classification. For example, Chamundeeswari
et al. [10] and Abbas et al. [11] demonstrated the effectiveness of combining principal
component analysis (PCA) with clustering algorithms such as K-means and ISODATA
to capture spectral variability and reduce dimensionality. In recent years, the emergence
of cloud-based platforms such as Google Earth Engine (GEE) has revolutionized large-
scale remote sensing analysis by offering access to extensive satellite image archives and
geospatial datasets. With its robust server-side processing capabilities and user-friendly
APIs, GEE enables scalable and reproducible workflows for environmental monitoring,
land cover mapping, and change detection [12]. Additionally, land cover mapping results
may be applied to urban land governance, sustainable planning, and built environment
management [13], highlighting the important and widespread applications of our work.

1.2. Contributions

We propose a scalable, externally label-guided unsupervised land cover classification
framework for the Canadian province of Ontario that fuses multi-source Earth observation
data, including Sentinel-1 SAR, Sentinel-2 optical imagery, and DEM-derived terrain fea-
tures. The pipeline incorporates comprehensive feature engineering where Dynamic World
labels are only used on a separate geographic area and acquisition period independent of
the regions to be clustered. The pipeline encompasses spectral indices, radar backscatter
metrics, and temporal statistics—followed by dimensionality reduction via SparsePCA
and mutual information-based feature selection. Land cover structures are inferred using
an ensemble of three clustering algorithms, K-means, HDBSCAN, and OPTICS, with the
latter also serving as a deterministic fallback to resolve voting ties. This ensemble strategy
leverages both partition-based and density-based perspectives, enhancing classification
robustness, particularly for minority classes. Validated against Dynamic World reference
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labels, our approach demonstrates strong reproducibility and improved performance across
heterogeneous landscapes, enabling externally label-guided unsupervised land cover map-
ping at 10 m resolution.

2. Methodology
2.1. Data and Study Area

The study focuses on three representative 2 km x 2 km regions in Ontario, Canada:
Region A (southeast, [75.58° W, 45.23° N]), Region B (central, [79.37° W, 46.09° N]),
and Region C (southwest, [83.10° W, 42.26° NI). The locations of these three representa-
tive regions are each labeled with the letter corresponding to the region label (A, B, or C)
in Figure 1. Each region was processed independently using Sentinel-1 GRD (VV, VH)
and Sentinel-2 L2A imagery acquired during the peak growing season (May-September
2023). Cloud-free composites and terrain attributes (elevation, slope, aspect) were derived
from the DEM at 10 m resolution in Google Earth Engine. Stratified sampling was then
applied to export per-region feature samples for offline clustering. Because the analysis
was limited to summer months, the snow and ice class was excluded. The flooded vegetation
class, represented by only 76 samples (0.05% of the data), was merged with water due to its
scarcity in selected pilot areas.
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Figure 1. Map of Ontario showing locations of Regions A, B, and C.

The three pilot regions were selected to capture contrasting land-cover conditions
within Ontario. Region A represents a mixed forest and rural landscape, Region B includes
a more heterogeneous vegetation—infrastructure setting, and Region C captures a shoreline
and built-up environment with water, bare ground, and urban features. These sites were
selected to test the methodological behavior of the proposed workflow across different
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landscape structures. However, they should be interpreted as representative pilot sites
rather than a complete ecological or geographic sample of Ontario.

Sentinel-1 GRD images were filtered by acquisition mode, polarization availability,
and study period, and the calibrated VV and VH backscatter bands were used after stan-
dard GEE preprocessing. Sentinel-2 Level-2A imagery was filtered for the growing season,
and cloud-contaminated pixels were removed using the scene classification layer and
cloud-probability information where available. Monthly cloud-free composites were gener-
ated for May—September 2023 using median aggregation. Temporal statistics, including
mean, standard deviation, minimum, maximum, and linear trend, were calculated for each
spectral and radar variable across the monthly composites. DEM-derived elevation, slope,
and aspect were resampled to 10 m to match the Sentinel grid. All features were standard-
ized before dimensionality reduction and clustering. Stratified samples were then extracted
from each pilot region to preserve representation of the available land-cover classes.

Although the clustering stage itself does not use semantic labels during model fit-
ting, the feature-selection stage uses Dynamic World labels from independent geographic
areas and acquisition periods. Therefore, the proposed workflow is not a purely unsuper-
vised method; rather, it is an externally label-guided clustering framework. Additionally,
the proposed algorithm only outputs cluster IDs and not semantic class labels. However,
once cluster IDs have been determined, converting these to semantic class labels is much
easier and less intensive than in a supervised framework where each patch has to be
independently labeled with a semantic class. Once clustering has been performed, just
one sample has to be mapped to a given semantic class label, and then all other samples
with the same cluster ID will automatically mapped to the same semantic class label. As a
result, we assume this conversion may easily be performed either by a human or by an
automatic algorithm.

2.2. Feature Engineering

Optical bands, radar indices (VV, VH, RVI, NDRI), and vegetation/water indices
(NDVI, EVI, MNDWI) were combined with DEM features. Monthly statistics (mean, std,
min, max, trend) captured temporal patterns. Coordinates and month indicators enriched
the spatiotemporal feature space. The resulting dataset included 200+ features. Descriptions
of each of these features are included in the third column of Table 1.

Table 1. Descriptions of Features Used in Externally Label-Guided Unsupervised Classification Analysis.

Category

Feature Name

Description/Role

B1-B12 (excl. B10) [14]

Surface reflectance bands used in spectral indices and classification

AOT [15] Aerosol Optical Thickness—measures atmospheric clarity
WVP [16] Water Vapor—influences spectral reflectance
SCL [17] Scene Classification Layer—semantic land cover context from Sentinel-2
Sentinel-2 (Optical) 1\N/[IS)X\I/ I[18], EVI[19], Vegetation indices capturing greenness, canopy density, and soil adjustment
[20]
NDBI [21] Detects built-up urban areas
MNDWTI [22] Enhances detection of water bodies
NDMI [23] Indicates vegetation/soil moisture levels
Spectral statistics Mean, std, min, max, and trend across 5 months for each band
VV, VH Backscatter coefficients in vertical and cross polarizations
Angle Radar incidence angle per acquisition
. VV/VH ratio Differentiates surface structure types
Sentinel-1 (SAR) RVI [24], NDRI Radar-based indices for Vegetatizg and structural dynamics
VV_grad, VH_grad Monthly backscatter gradients to detect surface changes
SAR statistics Mean, std, min, max, and trend for SAR bands over time
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Table 1. Cont.

Category Feature Name Description/Role
Elevation Terrain height from SRTM DEM
Slope Measures terrain steepness
DEM/Terrain Aspect Direction of slope—relates to solar exposure
Slope-aspect interaction Combines slope and aspect for solar modeling
DEM trend Static trend (if multiple temporal DEMs)
Latitude, Longitude Geospatial reference for each observation
XY, Z Cartesian transformation of geographic coordinates
Coords & Metadata Month Month of observation—encodes seasonal variation
Landcover_class Reference class from Dynamic World for evaluation only

This multi-modal, temporally enriched feature stack forms the input to the clustering
algorithms described in the next section. A structured summary of all extracted features is
presented in Table 1.

2.3. Clustering Methodologies

Mutual information (MI) scores were used to evaluate the relevance of each feature
with respect to Dynamic World labels, capturing both linear and non-linear dependencies.
These scores were calculated on a separate geographical area and acquisition period, rather
than on the clustering evaluation regions themselves. The top 32 features were selected
to enhance class separability and minimize redundancy. This maintains the externally
label-guided unsupervised aspect of our algorithm since we are only using the Dynamic
World labels for filtering the features and not for supervised prediction. To further re-
duce dimensionality and promote sparsity, SparsePCA was applied. Clustering was then
performed using three complementary algorithms: K-means with k-means++ initializa-
tion [25-27], HDBSCAN for noise-tolerant hierarchical clustering [28,29], and OPTICS for
reachability-based density estimation [30]. Each algorithm was tuned to balance accuracy
and computational efficiency; the optimal experimental hyperparameters are shown in
Table 2. The values of the min_samples parameter for the OPTICS algorithm and the
min_cluster_size parameter for the HDBSCAN algorithm were set to the lowest possible
value of 2 in order to ensure that smaller clusters were not missed. Although this led to a
larger initial number of clusters, these were subsequently automatically merged to achieve
the final number of clusters.

Table 2. Configuration Parameters of Clustering Algorithms.

Algorithm Parameters

n_clusters = 200,

K-means init = k-means++
min_samples = 2,
xi = 0.0001,

OPTICS cluster_method = xi,
metric = cosine

HDBSCAN min_cluster_size = 2,

cluster_selection_method = eom

K-means is a partition-based algorithm that iteratively assigns data points to the
nearest centroid and updates cluster centers to minimize intra-cluster variance. While
computationally efficient, it assumes spherical clusters of comparable size, making it less
effective for unbalanced or non-convex structures. To mitigate sensitivity to initialization,
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the k-means++ strategy [26] is adopted, which disperses the initial centroids probabilisti-
cally to reduce convergence to poor local minima.

HDBSCAN (Hierarchical Density-Based Spatial Clustering of Applications with Noise)
extends DBSCAN by constructing a hierarchy of density-based clusters from a mutual
reachability graph. Stable clusters are then extracted according to their persistence [28].
Unlike DBSCAN, HDBSCAN does not rely on a global distance threshold, allowing it to
adapt to varying densities while robustly identifying noise and outliers [29].

OPTICS (Ordering Points To Identify the Clustering Structure) generalizes DBSCAN
by computing a reachability distance for each point rather than applying a fixed density
threshold. This enables the discovery of clusters with varying densities and arbitrary
shapes, which can be visualized through its reachability plot [30]. OPTICS is particularly
useful for detecting subtle boundaries and is employed as a deterministic fallback in the
ensemble when ties arise among models.

To consolidate results across algorithms, the clusters were first merged using Euclidean
distance, reducing the overall solution to 2000 superclusters. This step harmonizes the
varying granularities of the individual methods and ensures that structurally similar
clusters are grouped together. Following merging, an ensemble procedure was applied
in which each supercluster received votes from the individual algorithms. The final label
of each supercluster was determined by majority voting, such that the most frequently
predicted class was assigned. This strategy leverages complementary algorithmic strengths
while enhancing robustness against biases inherent to any single clustering method.

3. Results

Final labels were assigned via majority voting. If predictions were tied, OPTICS output
served as the tie-breaker. Only resolved labels were used in evaluation.

We used several metrics to quantify classification performance, including the con-
fusion matrix, precision, recall, Fl-score, overall accuracy (OA), macro-averaged and
weighted-averaged scores, as well as the Adjusted Rand Index (ARI) and Normalized Mu-
tual Information (NMI). Reference labels for validation were derived via mode reduction
over 5 months. Table 3 lists the number of available samples from Dynamic World for
each class.

Table 3. Dynamic World Land Cover Classes (0-7) and Number of Samples Used in Evaluation.

Class ID Class Label Sample Count
W Water 17,418

T Trees 85,102

G Grass 10,730

F Flooded Vegetation 76

C Crops 13,852

S Shrub and Scrub 521

Bu Built Area 38,559

Ba Bare Ground 2044

Because Dynamic World is itself an algorithm-derived land-cover product, it should
not be interpreted as independent ground truth. Therefore, the reported OA, Fl-score,
ARI, and NMI values represent agreement with Dynamic World labels rather than absolute
classification accuracy. Independent validation using manually interpreted high-resolution
imagery, field observations, or authoritative land-cover datasets is required to fully assess
external validity.

Quantitative and qualitative evaluations underscore the effectiveness of the proposed
ensemble-based externally label-guided unsupervised classification framework in delin-
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eating land cover across various study sites in Ontario. Table 4 summarizes the clustering
performance of the three individual models—K-means, HDBSCAN, and OPTICS—as well
as the ensemble strategy. The ensemble model achieved an overall accuracy (OA) of 93.1%,
with an Adjusted Rand Index (ARI) of 0.967 and a Normalized Mutual Information (NMI)
of 0.922, generally outperforming each individual algorithm, except for overall accuracy,
where OPTICS performed slightly better due to slightly improved performance on majority
classes. While both HDBSCAN and OPTICS performed competitively (ARI of ~0.965 and
0.966, respectively, and NMI of ~0.941 respectively), K-means lagged notably with an ARI
of 0.801 and NMI of 0.670. These results highlight the benefits of density-based methods in
modeling heterogeneous and non-globular land cover distributions.

To evaluate per-class performance, Table 5 presents the classification report comparing
ensemble predictions against Dynamic World reference labels. Dominant land cover classes
such as Trees, Water, and Built Area achieved precision, recall, and F1-scores consistently
above 0.90, underscoring the robustness of the ensemble approach in mapping major
landscape features. In contrast, minority classes exhibited lower performance due to limited
representation in the dataset. Shrub and Scrub, which represents 0.3% of the data, achieved
a moderate F1-score of 0.475, which remains noteworthy given its rarity. These findings
highlight the ensemble model’s ability to retain sensitivity to ecologically significant but
underrepresented categories. The confusion matrices for each individual algorithm and for
the ensemble (Figure 2) further reinforce these results, illustrating the ensemble’s superior
capacity to resolve the boundaries between classes and to reduce misclassification between
spectrally similar classes such as Crops and Grass.
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Figure 2. Confusion matrices for externally label-guided unsupervised clustering results using
(a) K-means, (b) HDBSCAN, (c) OPTICS, and (d) the proposed ensemble method.
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Table 4. Clustering Performance Metrics.

Model ARI NMI OA
HDBSCAN 0.965 0.918 0.941
K-means 0.801 0.670 0.873
OPTICS 0.966 0.921 0.941
Ensemble 0.967 0.922 0.931

Table 5. Ensemble Classification Report Compared to Dynamic World Labels.

Class Precision Recall F1-Score
W 0.987 0.969 0.978
T 0.956 0.956 0.956
G 0.714 0.834 0.769
C 0.907 0.904 0.905
S 0.528 0.432 0.475
Bu 0.937 0.900 0.918
Ba 0.679 0.748 0.712
Accuracy 0.931
Macro Avg 0.815 0.820 0.816
Weighted Avg 0.931 0.928 0.932

4. Discussion

This section presents a detailed evaluation of externally label-guided unsupervised
land cover classification results across three ecologically diverse regions in Ontario using
K-means, HDBSCAN, OPTICS, and a voting-based ensemble approach. The assessment
integrates quantitative metrics, including Adjusted Rand Index (ARI), Normalized Mutual
Information (NMI), and class-wise performance measures (precision, recall, F1-score),
alongside qualitative spatial comparisons with Dynamic World reference labels.

4.1. Performance of K-Means Clustering

Across all three regions, K-means clustering demonstrated acceptable overall accuracy
(87.3%), primarily driven by high performance on the dominant Trees class (class 1), which
constitutes the majority of the dataset (85,102 samples). For instance, over all three regions,
the weighted Fl-score was 0.867. However, the macro-averaged Fl-scores remained sig-
nificantly lower (e.g., 0.694 overall), indicating substantial underperformance on minority
classes. Notably, K-means performed poorly on Shrub and Scrub (class 5) and Bare Ground
(class 7). Its limitations are further reflected in the overall ARI (0.801) and NMI (0.670)
scores, suggesting weak agreement with the reference labels, especially in regions with
spatially complex or underrepresented land cover types.

In all three regions, K-means exhibited particularly strong performance on the majority
class (class 2, Trees), yielding an Fl-score of 0.924. Classes 1 (Water) and 6 (Built Area)
also demonstrated reasonable accuracies, with Fl-scores of 0.924 and 0.820, respectively.
However, performance dropped notably for the minority classes. Class 5 (Shrub and Scrub),
in particular, had a very low recall of 0.111 and an Fl-score of only 0.174, indicating a
significant misclassification rate. Similarly, class 7 (Bare Ground) was only moderately
identified, with an Fl-score of 0.566. The macro-averaged Fl-score of 0.694 highlights
a disparity in model performance across classes, whereas the higher weighted average
of 0.867 reflects the model’s bias toward well-represented classes. These results indicate
that while K-means performs reliably for dominant and moderately distributed classes in
Region C, its performance deteriorates for rare and spectrally overlapping land cover types.
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4.2. Effectiveness of Density-Based Clustering (HDBSCAN and OPTICS)

Both HDBSCAN and OPTICS exhibited significantly higher classification quality
across all evaluation dimensions. The overall performance of HDBSCAN yielded an ARI of
0.965 and NMI of 0.918, while OPTICS achieved an ARI of 0.966 and NMI of 0.921. These
values reflect strong agreement with Dynamic World labels. In Region A, both algorithms
achieved ARI ~ 0.951 and NMI =~ 0.89, indicating their ability to recover complex spatial
structures and small land cover patches.

Critically, these models maintained higher F1-scores across minority classes than K-
means. For instance, the Shrub and Scrub class, often missed by K-means, was detected
with an Fl-score exceeding 0.64 over the three regions, much higher than the F1-score from
K-Means for the same class (only 0.174). OPTICS and HDBSCAN performed similarly in
Region C (ARI = 0.951).

These improvements stem from the density-based models” ability to handle arbitrarily
shaped clusters and noise, enabling them to adapt more naturally to the varying spatial
distribution of land covers in the dataset. Their success across both homogeneous and
heterogeneous regions highlights their robustness in geospatial applications.

4.3. Ensemble Clustering and Voting Strategy

The ensemble clustering strategy, which aggregates the predictions of K-means, HDB-
SCAN, and OPTICS using majority voting with OPTICS as a tie-breaker, consistently
produced the most balanced and accurate results across all regions. The overall ARI and
NMI peaked at 0.967 and 0.922, respectively—the highest among all models evaluated.
This improvement was found to be consistent in all three regions.

The ensemble approach also exhibited high classification accuracy (93.1%), as well as
strong class-wise performance across dominant land covers, and acceptable-to-strong class-
wise performance across rare class covers. The macro-averaged Fl-score remained stable
at 0.816, and precision and recall were uniformly high across all categories. Importantly,
the ensemble successfully identified rare classes and preserved spatial coherence in built-up
and vegetated areas even in densely mixed regions.

Visual comparisons in Figure 3 confirm the ensemble’s superior spatial fidelity. The pre-
dicted maps closely follow the Dynamic World reference, effectively delineating bound-
aries between crops, trees, water, and urban patches. In Region C, the ensemble captured
the high-contrast distribution of built-up and bare ground with greater sharpness than
individual models.

4.4. Diagnostic Interpretation of Class Confusion

The main confusion observed in the classification results can be explained by a combi-
nation of spectral, structural, temporal, and reference-label factors. Grass and crop areas
may exhibit similar NDVI, EVI, and MSAVI responses during the growing season, partic-
ularly when monthly composites smooth short-term phenological differences. Similarly,
shrub and scrub areas may overlap spectrally with young forest, sparse vegetation, or un-
managed grassland. SAR features can help distinguish structural differences, but VV and
VH backscatter are also sensitive to vegetation moisture, canopy geometry, and surface
roughness, which may vary within the same semantic class. Confusion between bare
ground and built-up areas is also expected because exposed soil, gravel surfaces, construc-
tion sites, and impervious surfaces can show similar optical brightness and SAR responses.
In addition, because Dynamic World is used as the reference product, part of the observed
disagreement may reflect uncertainty or temporal mismatch in the reference labels rather
than only model error. These factors indicate that class-level performance should be in-
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terpreted as agreement with the reference product and should be further validated using
independent samples in future work.

Sentinel-2 RGB Predicted (Ensemble)

...... |

‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘‘

Figure 3. Visual comparison of land cover classification results across Regions A-C. Each row
corresponds to a region (labeled (A)—(C)), with columns showing the Sentinel-2 RGB imagery (left),
predicted labels from the ensemble method (middle), and Dynamic World reference labels (right).

4.5. Inclusion of Latitude, Longitude and Positional Information as Features

The inclusion of latitude, longitude, and transformed X/Y/Z coordinates may intro-
duce location-specific bias. In the future, we intend to perform an ablation experiment
to investigate the impact of inclusion of this positional information and to determine
whether we may exclude these features and still achieve good performance from our
proposed framework.

4.6. Implications for Externally Label-Guided Unsupervised Land Cover Classification

These findings demonstrate that density-based clustering methods—particularly
when integrated through ensemble strategies—offer significant advantages for unsuper-
vised land cover classification using multisource remote sensing data. Unlike K-means,
which is sensitive to initialization and geometric assumptions, HDBSCAN and OPTICS
adaptively capture spatial variance and small-scale heterogeneity. The ensemble further en-
hances this capacity by combining different clustering perspectives, mitigating individual
weaknesses while reinforcing shared structures.

Moreover, the ensemble method’s consistent success in detecting minority classes,
maintaining high macro-averaged F1-scores, and achieving visual alignment with ref-
erence maps reinforces its potential as a scalable framework for large-scale land cover
mapping, especially in regions where annotated training data are scarce or costly to obtain.
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4.7. Scalability of the Process

A practical consideration for operational use is the scalability of the proposed frame-
work to regional or provincial extents. The algorithms evaluated in this study exhibit
differing computational characteristics that influence their applicability at larger scales.
KMeans, with its iterative centroid updates, scales efficiently to millions of samples when
combined with mini-batch or distributed implementations. OPTICS and HDBSCAN, while
more computationally intensive, provide advantages in capturing non-linear cluster struc-
tures and noise, but may require careful parameter tuning and partitioned processing
when applied at provincial scales. The integration with Google Earth Engine for feature
preparation and grid-based sampling provides a viable pathway to extend the analysis
across Ontario, as the data handling and preprocessing are distributed across cloud re-
sources. Future work could investigate hybrid strategies, such as combining fast global
algorithms (e.g., KMeans) with localized density-based refinements (e.g., HDBSCAN),
to balance scalability with accuracy when applied to large-scale land cover mapping.

Scaling the proposed framework to provincial or national extents would require par-
titioning the study area into manageable spatial tiles. The optimal tile size is inherently
dependent on the available computational resources: smaller tiles reduce memory and
runtime demands but increase the number of models to be trained, whereas larger tiles
minimize the number of clustering runs at the expense of higher computational loads.
These tiles can be processed either sequentially or in parallel, depending on the processing
environment. Cloud-based platforms such as Google Earth Engine and distributed com-
puting frameworks allow for substantial parallelization, thereby enabling the simultaneous
processing of multiple tiles. This tiling approach ensures that the framework remains
computationally feasible at regional scales while maintaining flexibility to adapt to varying
hardware and software capacities.

4.8. Comparison with Existing Literature

Positioning our findings within prior work clarifies external validity and the incremen-
tal contribution of the framework. Fully controlled cross-study comparisons are inherently
difficult due to differences in regions, taxonomies, and label sources. To mitigate this, we
(i) focus on commonly reported metrics (OA, F1, ARI, NMI), (ii) harmonize class group-
ings where feasible, and (iii) interpret gaps only when sensors and spatial resolutions
are comparable.

Alignment with prior unsupervised 51/S52 studies.

Multiple studies report that fusing Sentinel-1 SAR with Sentinel-2 optical imagery
improves separability of water, wetlands, and mixed vegetation relative to optical-only
pipelines [5,31-33]. Our results are consistent with these observations: SAR features (e.g.,
VH/VYV ratio and temporal trends) sharpen water-wetland boundaries, while vegetation
indices (e.g.,, NDVI/MSAVI) aid discrimination among vegetated classes at 10 m.

Comparison to baseline clustering pipelines.

Several land-cover pipelines rely primarily on centroid-based K-Means for partition-
ing [8,11,34]. In contrast, our ensemble (KMeans + HDBSCAN + OPTICS) aims to handle
density heterogeneity and boundary ambiguity. OPTICS, in particular, is well-suited for
revealing hierarchical density structure [30].

Feature representations and dimensionality reduction.

Prior work highlights that careful feature design and compact representations can
stabilize clustering in high-dimensional remote-sensing spaces [35-38]. Consistent with
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this, concentrating on Ml-ranked features and applying SparsePCA reduces collinearity
and noise before clustering; the effect is reflected in our stability trends.

Resolution and label-source considerations.

Comparisons across resolutions and label sources require caution. At 10 m, Sentinel-2
is widely reported to improve built-up delineation and water-edge detection relative to
30m optical products [39]. Where studies benchmark against global products (e.g., ESA
WorldCover), thematic differences can confound metric comparisons [40]. Our use of
Dynamic World as an external reference introduces its own assumptions [41]; we therefore
pair quantitative scores with qualitative overlays to assess boundary realism.

Takeaways

In line with existing literature, three patterns emerge: (1) multi-sensor fusion con-
sistently aids water and wetland delineation [5,31,32]; (2) density-aware clustering and
reachability-based extraction (OPTICS) mitigate failure modes observed with centroid-
only pipelines [30]; and (3) moderate feature pruning and sparse projections improve
stability without sacrificing separability [35,36]. Open challenges remain in standardizing
cross-dataset protocols and harmonizing taxonomies for apples-to-apples benchmarking.

5. Conclusions

This work highlights the efficacy of integrating multisource remote sensing data, ad-
vanced feature engineering, and ensemble-based externally label-guided unsupervised
classification to enhance land cover differentiation in the absence of ground-truth labels.
The synergistic use of Sentinel-1 SAR and Sentinel-2 optical data, combined with multi-
temporal data aggregation, enriches the feature space with complementary spatial and
spectral information. Augmenting the input with DEM derivatives and transformed geolo-
cation coordinates further improves the model’s ability to distinguish spectrally similar
classes. An ensemble of three diverse clustering algorithms, K-means, HDBSCAN, and OP-
TICS, was employed, with majority voting yielding more robust and accurate land cover
delineation than individual models. These findings underscore the potential of ensemble-
driven externally label-guided unsupervised methods for scalable and label-efficient land
cover mapping. Although the proposed framework shows promising performance at the
pilot-site scale, the current results should not be interpreted as evidence of province-wide
mapping accuracy. Future work will extend the evaluation to larger spatial extents and
more diverse ecological and urban-rural gradients.
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Abbreviations

The following abbreviations are used in this manuscript:

HDBSCAN  Hierarchical Density-Based Spatial Clustering of Applications with Noise

OPTICS Ordering Points to Identify the Clustering Structure
ARI Adjusted Rand Index
NMI Normalized Mutual Information
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