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Highlights

What are the main findings?

• AlphaEarth embeddings achieved accuracy comparable to traditional workflows.
• Embedding maps showed smoother boundaries and reduced “salt-and-pepper” noise.

What are the implications of the main findings?

• The embedding workflow streamlined mapping by removing most preprocessing steps.
• Embeddings enable consistent, scalable mapping for national wetland inventories.

Abstract

Accurate mapping of wetland vegetation is essential for ecosystem monitoring and con-
servation planning. Traditional workflows combining Sentinel-1 SAR, Sentinel-2 optical
imagery, and topographic data have advanced vegetation classification but require exten-
sive preprocessing and often yield fragmented boundaries and “salt-and-pepper” noise.
In this study, we compare a conventional multi-sensor classification framework with a
novel embedding-based approach derived from the AlphaEarth foundation model, us-
ing a cluster-guided Random Forest classifier applied to the dynamic wetland system of
Narran Lake, New South Wales. Both approaches achieved high accuracy ac with test
performance typically in the ranges: OA = 0.985–0.991, Cohen’s κ = 0.977–0.990, weighted
F1 = 0.986–0.991, and MCC = 0.977–0.990. Embedding based maps showed markedly im-
proved spatial coherence (lower edge density, local entropy, and patch fragmentation),
producing smoother, ecologically consistent boundaries while requiring minimal prepro-
cessing. Differences in class delineation were most evident in fire-affected and agricultural
areas, where embeddings demonstrated greater resilience to spectral disturbance and
post-fire variability. Although overall accuracies exceeded 0.98, these high values reflect
the use of spectrally pure, homogeneous training samples rather than overfitting. The
results highlight that embedding-driven methods can deliver cleaner, more interpretable
vegetation maps with far less data preparation, underscoring their potential to streamline
large-scale ecological monitoring and enhance the spatial realism of wetland mapping.
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1. Introduction
Wetlands are among the most productive and ecologically significant ecosystems

on Earth, providing critical services such as water purification, flood mitigation, carbon
sequestration, and biodiversity support [1]. However, these ecosystems are increasingly
threatened by land-use change, hydrological modification, and climate variability [2],
making accurate and timely vegetation mapping a priority for conservation and sustainable
management [3–5].

Remote sensing has become a cornerstone of wetland monitoring, with Sentinel-1 SAR
and Sentinel-2 optical imagery widely used to capture vegetation structure, phenology,
and hydrological dynamics [6–8]. These datasets, often combined with topographic and
hydro-morphological predictors, have enabled high-resolution classification of wetland
vegetation across large and heterogeneous landscapes [9,10]. In our previous work [11],
we developed a cluster-guided Random Forest framework that integrates unsupervised
clustering, expert labeling, and multi-source data fusion to produce detailed vegetation
community maps. While this approach achieved high classification accuracy (up to 93.2% at
the plant community type level), it required substantial preprocessing and was susceptible
to spatial noise and fragmented class boundaries [12]—common limitations in pixel-based
classification workflows [13].

Recent advances in geospatial artificial intelligence, particularly the emergence of
foundation models and embedding-based representations such as AlphaEarth [14] and
GeoFM [15], offer a promising new direction. AlphaEarth, a geospatial foundation model
trained on multi-modal Earth observation data, generates dense embeddings that encode
spectral, spatial, and temporal information into compact feature vectors [14]. These embed-
dings can be directly used in downstream classification tasks with minimal preprocessing,
bypassing many of the complexities associated with traditional remote sensing pipelines.

Early applications of embedding-based approaches suggest they can match or out-
perform conventional methods in terms of classification accuracy, while also producing
smoother, more ecologically coherent maps [16]. Moreover, the reduced need for pre-
processing and feature engineering lowers the technical barrier for large-scale ecological
mapping, making these methods particularly attractive for operational monitoring and
conservation planning.

In this study, we apply the previously developed classification framework [11] to
Narran Lake, an inland wetland in New South Wales, to test its transferability and compare
two workflows: (i) traditional multi-sensor inputs (Sentinel-1, Sentinel-2, terrain) and
(ii) AlphaEarth embeddings. Specifically, we aim to: (1) benchmark classification perfor-
mance using overall accuracy (OA), Cohen’s κ, weighted F1, and Matthews correlation
coefficient (MCC) across thematic levels; (2) evaluate spatial coherence, including boundary
smoothness and reduction in “salt-and-pepper” noise; and (3) assess efficiency in terms of
reduced data preparation steps rather than absolute computational time, acknowledging
that cloud-based platforms such as Google Earth Engine make runtime comparisons in-
herently variable. Unlike previous studies, we not only benchmark classification accuracy
across multiple thematic levels but also quantify spatial coherence using edge density, local
entropy, and patch fragmentation metrics to assess ecological realism. Here, we define “eco-
logical realism” as producing maps whose boundaries and patch structures reflect actual
ecological gradients (e.g., hydrological zones, disturbance mosaics) rather than artifacts of
pixel-level noise. These evaluations highlight how embedding-driven methods can reduce
preprocessing steps (e.g., atmospheric correction, speckle filtering, index generation) while
producing smoother, more interpretable maps. By focusing on both accuracy and spatial
quality, our work demonstrates a practical pathway for more efficient and ecologically
meaningful wetland monitoring.
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2. Methods
2.1. Study System

Narran Lake (148.3◦E, −29.3◦S) is a large terminal wetland located in the northern
Murray–Darling Ba-sin, within the floodplain of the Narran River in northwestern New
South Wales, Australia (Figure 1). The site represents a large inland floodplain–wetland
complex within the lower Balonne–Culgoa river system; and is recognized for their high
ecological value and Ramsar-listed status [17]. It experiences highly variable hydrology,
driven by episodic flooding and rapid drawdown cycles [18], which create a mosaic of
semi-permanent marshes, ephemeral channels, and seasonally inundated floodplains.

Figure 1. Map of the study area. Narran Lake floodplain is located at the northern Murray–Darling
Basin (MDB), Australia (Inset map). A total of 801 training samples is generated with a cluster-guided
sampling strategy and verified with drone images and ground survey. The high quality samples are
concentrated on the north part of the study area where human disturbances are minimum.

These hydrological gradients and associated vegetation heterogeneity make the area
ideal for testing classification methods sensitive to spatial and temporal complexity. Dom-
inant vegetation types include Phragmites reedbeds, Typha swamps, Duma florulenta
shrublands, and open Eucalyptus camaldulensis woodlands [19]. Such communities differ
markedly in canopy structure, moisture dependence, and phenological response, offering
strong contrasts for model evaluation.

The region’s low topographic relief (<10 m variation) and clear hydrological
zoning [17] enable consistent comparison between feature-based and embedding-based
workflows. The selected northern portion of the reserve was chosen because it encompasses
intact wetland vegetation, post-fire recovery areas, and adjacent agricultural land, allowing
assessment of classifier performance across a realistic disturbance gradient.

This study implements an extension of the cluster-guided Random Forest classification
framework developed for the Great Cumbung Swamp [11] to the north portion of the
Narran Lake system, where human disturbances such as grazing and cropping are less
profound. The selected region includes a mix of flood-dependent vegetation communities,
such as reedbeds, sedgelands, grasslands, lignum shrublands, and riparian woodlands and
forests. As with the previous study, the vegetation was classified at three levels (Table 1): L1,
vegetation formation (7 levels); L2, function groups (13 levels), and vegetation community
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types (18 levels). Separate Random Forest (RF) classifiers were tuned for each levels.
Satellite data and terrain models were clipped to the study extent, covering approximately
12,000 ha of wetland and adjacent floodplain (Figure 1).

Table 1. Classification themes adopted in this study and training sample sizes.

Formation Function Plant Community Type Samples Size

Riverine Forests Riverine Forests River Red Gum Forests 20

Shrublands

Coobah Shrublands River Coobah swamp wetlands 17

Lignum Shrublands Lignum shrubland wetlands 59

Floodplain Shrublands

Canegrass wetlands 16
Eurah shrublands 18

Nitre Goosefoot shrublands 18
Golden Goosefoot shrublands 23

Woodlands Floodplain woodlands Coolibah-River Coobah-Lignum
woodlands 23

Saline Lakes Saline Lakes Samphire saline shrublands 17

Herbaceous wetlands

Floodplain Grassland Wetlands Rats Tail Couch sod grasslands 30

Floodplain Swamps
Freshwater sedgelands 64
Common Reed marshes 20

(Semi-) permanent freshwater wetlands 21

Saline Wetlands Sparse saltbush forblands 19

Terrestrial

Terrestrial grasslands Terrestrial grasslands 81

Terrestrial shrublands Terrestrial shrublands 208

Terrestrial Woodlands Terrestrial Woodlands 113

Water Water Open water 34

2.2. Data Sources
2.2.1. Traditional Remote Sensing Inputs

To provide a rigorous comparison with the previous study by Wen et al. [11], this
work employed a similar data-processing framework but extended and standardized the
temporal and spectral coverage. The baseline classification used all available Sentinel-1 and
Sentinel-2 observations acquired during 2023 calendar year, ensuring temporal consistency
with the AlphaEarth embedding dataset. Specifically, 29 Sentinel-1 Ground Range Detected
(GRD) scenes (VV and VH polarizations) and 294 cloud-free Sentinel-2 Level-2A surface
reflectance images were processed over the study extent. These data encompass the full
2023 hydrological cycle, capturing seasonal inundation and vegetation dynamics following
major flooding events and subsequent drawdown periods.

Vegetation indices, including kernel Normalized Difference Vegetation Index (kNDVI),
Normalized Difference Water Index (NDWI), and Modified Chlorophyll Absorption Ratio
Index (MCARI), were computed from the Sentinel-2 time series at 10 m resolution. To
characterize phenological behavior, temporal trajectories were smoothed using a Savitzky–
Golay filter [20] and annual statistics (i.e., median, maximum, and interval ranges), and
phenological (i.e., harmonic-fitted amplitudes, phases, trends and residuals) [21] metrics
were calculated across the 2023 calendar year. Thus, all statistical and phenological variables
represent annual summaries derived from a single year of observations rather than multi-
year composites, allowing comparison with same-year embedding features.

Topographic and hydro-morphological predictors—including slope, curvature, flow
accumulation, and topographic wetness index—were derived from a 5 m fused LiDAR–
SRTM digital elevation model using SAGA GIS v 7.8.2 [22]. These variables represent stable
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terrain controls on vegetation distribution and were included to match the predictor set of
Wen et al. [11] while maintaining comparable spatial resolution and processing procedures.

Compared with the earlier study, which utilized “water year” (i.e., 30 June–1 July)
Sentinel archives, the current work uses the calendar year of 2023 to enable a strict, one-to-
one comparison with the AlphaEarth embedding data. A simplified flowchart summarizing
the traditional multi-sensor workflow, including preprocessing and index generation steps,
is provided in Supplementary Materials.

2.2.2. AlphaEarth Embeddings

The embedding-based workflow employed geospatial representations derived from
the AlphaEarth foundation model, generated entirely from 2023 observations to ensure
temporal alignment with the Sentinel datasets. AlphaEarth embeddings are dense fea-
ture vectors generated from multi-modal satellite inputs, including spectral, spatial, and
temporal information [14]. These embeddings were accessed via the AlphaEarth API and
extracted at 10 m resolution across the study area. No preprocessing (e.g., atmospheric
correction, index calculation, or temporal smoothing) was required prior to classification.

Unlike the traditional workflow, no preprocessing, atmospheric correction, index
computation, or phenological summarization was required. The embeddings inherently
encode these relationships through the foundation model’s learned representation. These
embeddings were directly used as input features for classification, bypassing the need for
handcrafted predictors or feature engineering [23]. This direct input of context-rich features
forms a major methodological distinction from previous cluster-guided Random Forest
frameworks and underpins the core novelty of the present comparison.

2.3. Training Data Generation

For both workflows, we used a cluster-guided sampling strategy [11] by first producing
an unsupervised map using clustering and then selecting training samples from ecologically
coherent clusters. We extended this approach by implementing the Weka X-means variant
of k-means clustering in Google Earth Engine (GEE; ee.Clusterer.wekaXMeans), allowing
automation of cluster number selection. A bounded range (k = 3–60) was set to capture our
a priori expectations of class richness within the study area.

Unsupervised X-means clustering was applied to a reduced predictor set comprising
Sentinel-2 spectral–temporal inputs: including monthly median indices (NDVI, EVI, NDWI,
MNDWI, MSAVI, NDRE, NDMI, NBR, GNDVI, CI Red Edge), seasonal NDVI summaries
(mean, standard deviation, amplitude), NDVI-based Gray Level Co-occurrence Matrix
(GLCM) texture layers (e.g., entropy, 3-pixel window), as well as aa NSW 5 m DEM [24],
5 m DEM-derived topography (Topographical Ruggedness Index, TRI) computed in SAGA
gis v7.8.2 [22], and structural layers including 10 m Global Canopy Height [24]. All data
preparation, stacking, and clustering were implemented in GEE.

Expert ecologists used the clusters as a sampling aid, selecting training points
only in clusters that had consistent ecological characteristics and spatial coherence
when cross-checked against available high-resolution aerial imagery and contemporary
ground/reference data.

As a final quality control step, we projected training points per class into a low-
dimensional space and removed outliers before model fitting. In R (v4.2), we computed
a PCA on five core indices (NDVI, EVI, NDWI, MNDWI, MSAVI), then applied group-
wise Local Outlier Factor (package dbscan) in the first 2–3 PCs (settings: k ≈ 8, LOF
threshold ≈ 1.6). We retained central inliers (target ≥ ~85% per class; minimum 20 samples)
and re-checked flagged points against aerial imagery and ground reference data. The
resulting labeled samples were used to train both classifiers.
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Because training data was selected from clusters built on a feature space more similar
to the traditional workflow, sample selection may better align with the traditional workflow
model’s representation, potentially conferring a slight advantage to that workflow. Expert
review steps help reduce this but do not eliminate the risk. Accordingly, we interpret
accuracy differences conservatively.

2.4. Classification Framework
2.4.1. Random Forest Classifier and Performance Evaluation

Both workflows employed RF classifiers implemented in R v4.3.2 [25] using the “ranger
0.17.0” via ”caret 7.0-1” package [26]. Hyperparameters (i.e., mtry, min.node.size, and
splitrule) were tuned via 3-time repeated 10-fold cross-validation.

Prior to model tuning, the highly correlated predictors were excluded through
the VIF (variance inflation factor) test [27]. Predictor variables with VIF greater than
10 were dropped resulting in 29 and 36 predictors in the traditional and embeddings
workflows, respectively.

Models were trained using 75% of the labeled samples and evaluated on the remaining
25% using independent test data. Model performance was assessed using four metrics:
Overall Accuracy (OA), Cohen’s Kappa (κ), Weighted F1 Score, and Matthews Correlation
Coefficient (MCC). A brief description of the metrics is provided below:

OA is the simplest and one of the most popular accuracy measures and is computed
by dividing the total correctly classified pixels by the total number of pixels in the error
matrix [28]. The primary disadvantage of relying solely on OA is its insensitivity to class
imbalance. A model can achieve high accuracy by simply predicting the majority class,
even if it performs poorly on minority classes, making the model useless for identifying
rare but important vegetation types.

Cohen’s Kappa [29], is a widely used measure of classification accuracy [30]. Kappa is
the proportion of agreement after chance agreement is removed [28]. It performs well with
imbalanced data, and is a robust alternative to simple percent agreement such as OA [31,32].
Its disadvantages include difficulty in interpretation, especially with imbalanced classes
(prevalence). Its underestimation of true agreement in some scenarios, and its susceptibility
to the distribution of classes in the data, making it less reliable for complex or multi-scale
classification methods [33].

The weighted F1-score is a metric that balances precision and recall for each class,
weighted by the number of samples for that class, and is beneficial for unbalanced datasets
where more frequent classes are more important. It reflects the true class distribution in
imbalanced datasets and prioritizing performance on larger classes for overall accuracy [34].
However, F1-score may under-emphasize the importance of accurately classifying minority
classes, which can still be critical for specific land cover applications [35].

Matthews Correlation Coefficient (MCC) is reliable metric for binary classification that
provides a balanced and truthful score by considering all four confusion matrix values
(True Positives, True Negatives, False Positives, and False Negatives). The advantages
include its robustness on imbalanced datasets, its ability to provide an informative and
truthful score even when other metrics like accuracy or F1 score are misleading, and its
use of the entire confusion matrix [36]. However, MCC can be unreliable or display large
fluctuations in extreme, highly imbalanced datasets [37,38].

During model training, a repeated k-fold cross-validation procedure (e.g., 10-fold
repeated three times) was implemented using caret’s trainControl() function. This ap-
proach provided distributions of performance estimates across resampling folds, allowing
evaluation of model stability and comparison between classification strategies (e.g., the
embedding model versus traditional model). Model tuning was based on optimizing the
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mean accuracy across resamples. The following performance metrics were calculated from
the confusion matrices for each resample: overall accuracy, Cohen’s kappa, F1-score, and
Matthews correlation coefficient (MCC). These metrics were extracted using the resamples()
function in caret and used to quantify cross-validated performance variability.

For the independent test subset (25% of samples), the same four performance metrics
were computed based on predictions from the final tuned model. These test metrics were
used to assess generalization ability but were not subjected to formal statistical testing
because only a single observation per model was available.

2.4.2. Statistical Comparison of Cross-Validated Performance

To determine whether observed differences in classification performance between
the two modeling strategies were statistically significant, non-parametric permutation
tests were conducted using the distributions of resampled performance metrics. For each
metric (accuracy, Cohen’s kappa, F1, and MCC), the cross-validated values obtained from
caret were pooled across models. To ensure identical prerequisites, both workflows used
the same stratified k-fold partitions generated with a fixed random seed; fold indices
were reused across models so training/test splits were identical for each resample. Group
labels were then randomly permuted 10,000 times, and the difference in mean performance
between the permuted groups was recalculated at each iteration, forming a null distribution
of mean differences under the hypothesis of no performance difference.

The observed mean difference between the two models was compared to this null dis-
tribution, and a two-tailed p-value was computed as the proportion of permuted differences
greater than or equal to the absolute observed value. This permutation-based approach is
non-parametric and does not rely on normality assumptions, making it particularly suitable
for resampled model performance data. The resulting p-values indicate the probability that
the observed differences in classification performance occurred by chance.

2.5. Classification Agreement

The classification maps generated by random forest models using the traditional and
embedding datasets were evaluated for agreement with Cohen’s Kappa [28].

2.6. Spatial Coherence Evaluation Metrics

In addition to accuracy, we evaluated boundary smoothness and spatial coherence
using visual inspection and edge density metrics [39]. Classification artifacts such as
“salt-and-pepper” noise were quantified using local entropy and patch fragmentation
indices [40].

2.6.1. Edge Density

Edge density measures the total length of class boundaries (edges) per unit area. It
reflects the fragmentation and complexity of spatial patterns in a classified map [39,41].

Edge density =
Total edge length

Map Area
(1)

Lower edge density indicates smoother, more contiguous class regions. High edge
density suggests fragmented or noisy boundaries, often associated with “salt-and-pepper”
effects [39].
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2.6.2. Local Entropy

Local entropy quantifies the heterogeneity of class labels within a moving window
(we used 5 × 5 pixels in this study) [41]. It captures the degree of randomness or disorder
in the classification.

H = −
n

∑
i=1

pi × log2(pi) (2)

where pi is the proportion of pixels belonging to class i in the window.
Lower entropy values indicate more homogeneous regions, while higher values sug-

gest mixed or noisy classifications [40,41].

2.6.3. Patch Fragmentation Index

The patch fragmentation index measures the number and size distribution of contigu-
ous patches (connected pixels of the same class). It reflects how fragmented each class is
across the landscape.

We calculate the number of patches per class, mean patch size, and patch cohesion
index using the “landscapemetrics 2.2.1” package [42] in R. Collectively, these metrics pro-
vide objective evidence of the smoother boundaries and reduced noise in embedding-based
maps. A lower number of small patches and higher mean patch size indicate better spatial
coherence. Excessive fragmentation (many small patches) is a sign of classification noise.

3. Results
3.1. Model Performance

The classification models demonstrated consistently high performance across all the-
matic levels—vegetation formations (L1), functional groups (L2), and plant community
types (L3). As the classification moved from broad vegetation formations (L1) to finer func-
tional groups (L2) and detailed plant community types (L3), accuracy declined slightly due
to increased classes and spectral overlap among ecologically similar communities. Despite
this added complexity, all performance metrics—including OA, Cohen’s κ, weighted F1,
and MCC—remained above 0.98 in both cross-validation (i.e., training sets) and indepen-
dent test sets, indicating strong model generalization and stability across thematic levels.

The AlphaEarth embedding-based models achieved marginally higher scores than
the traditional multi-sensor models across almost all metrics and levels. Although differ-
ences were not statistically significant: non-parametric permutation test (10,000 iterations),
p > 0.12 for all metrics (Table 2), suggest that both workflows are robust and reliable for
wetland vegetation classification.

Table 2. Mean training performance metrics of Random Forest classifiers using AlphaEarth embed-
dings and traditional predictors across three thematic levels.

Performance
Metric

L1 L2 L3

Embedding Traditional p-Value Embedding Traditional p-Value Embedding Traditional p-Value

OA 0.996 0.991 0.158 0.991 0.987 0.231 0.990 0.984 0.129
Cohen’s Kappa 0.994 0.987 0.148 0.990 0.985 0.229 0.988 0.982 0.133

F1 0.996 0.992 0.157 0.990 0.985 0.214 0.988 0.983 0.159
MCC 0.994 0.987 0.150 0.990 0.985 0.234 0.988 0.982 0.123

Evaluation used a 25% hold-out comprising stratified, independent samples across all
classes at each thematic level. Testing performance closely mirrored training results, indi-
cating strong model stability and generalization. Across all thematic levels, the AlphaEarth
models consistently outperformed traditional models except at L1, where the traditional
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model slightly outperformed embeddings (Table 3). Full confusion matrices (L1–L3) are
reported in Supplementary Tables S1–S6.

Table 3. Testing performance metrics of the random forest classifiers using traditional and AlphaEarth
embeddings as predictors.

Performance
Metric

L1 L2 L3

Traditional Embedding Traditional Embedding Traditional Embedding

OA 0.995 0.985 0.985 0.990 0.983 0.991
Cohen’s Kappa 0.992 0.977 0.982 0.988 0.980 0.990

F1 Score 0.995 0.986 0.985 0.991 0.983 0.991
MCC 0.992 0.977 0.982 0.988 0.980 0.990

These results confirm that both classification approaches are highly effective for wet-
land vegetation mapping. The embedding-based workflow offers comparable or superior
performance with reduced preprocessing requirements, supporting its potential for scalable
and efficient ecological monitoring.

3.2. Map Similarity

To assess the consistency between the two classification frameworks, we compared
the landcover maps generated using AlphaEarth embeddings and traditional multi-sensor
datasets across three thematic levels. The degree of agreement was quantified using Cohen’s
Kappa statistic, which accounts for chance agreement in categorical classification.

The results indicate moderate agreement between the two approaches, with Cohen’s
Kappa values of 0.57, 0.49, and 0.48 for vegetation formations (L1), functional groups (L2),
and plant community types (L3), respectively. These values suggest that while the overall
spatial patterns are broadly consistent, there are notable differences in class assignments at
finer thematic resolutions.

Visual comparison of the maps (Figure 2) highlights these differences. The embedding-
based maps (left panels) tend to exhibit smoother transitions and more spatially coherent
vegetation zones, while the traditional maps (right panels) show greater fragmentation and
boundary complexity. These discrepancies may reflect differences in feature representation,
with AlphaEarth embeddings capturing latent ecological gradients that are less apparent in
conventional spectral and topographic inputs. These differences are assessed qualitatively
through map patterns and spatial coherence metrics rather than by direct measurement of
latent feature gradients.

Figure 2. Level 1 (vegetation formations) landcover maps generated by random forest classifier with
AlphaEarth embeddings (Left) and traditional datasets (Right).
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These findings underscore the potential of embedding-based representations to pro-
duce ecologically realistic maps, while also highlighting the importance of cross-validation
and expert interpretation when comparing outputs from different classification pipelines.

3.3. Spatial Coherence and Artifact Reduction

The AlphaEarth embedding-based classification produced vegetation maps with
markedly improved spatial coherence compared to the traditional multi-sensor workflow.
Across all thematic levels—formations (L1), functional groups (L2), and plant commu-
nity types (L3)—the embedding-derived maps exhibited smoother boundaries, reduced
“salt-and-pepper” noise, and lower fragmentation.

Quantitative landscape metrics confirmed these improvements (Table 4). Mean lo-
cal entropy values were consistently lower in the embedding maps, indicating greater
homogeneity within local neighborhoods. Edge density—a measure of boundary
complexity—was substantially reduced, suggesting fewer fragmented or jagged class tran-
sitions. The number of discrete patches was also significantly lower in the embedding
maps, while mean patch area increased, reflecting more contiguous vegetation zones. Patch
cohesion remained high across both methods, but slightly higher in the embedding maps
at broader classification levels.

Table 4. The comparison of the landscape fragmentation metrics of the maps produced by traditional
and AlphaEarth Embeddings.

Landscape Metric
L1 L2 L3

Traditional Embedding Traditional Embedding Traditional Embedding

Mean Local Entropy 0.11 0.08 0.22 0.16 0.22 0.17
Edge Density 173.06 96.48 335.88 192.60 326.04 210.78

Number of Patches 22,311 8922 58,408 24,361 56,360 27,949
Mean Patch Area 0.96 2.41 0.37 0.88 0.38 0.77
Patch Cohesion 99.80 99.83 99.29 99.32 99.28 99.24

These results demonstrate that AlphaEarth embeddings not only match traditional
inputs in classification accuracy but also produce ecologically realistic and spatially coherent
vegetation maps. The reduction in artifacts and fragmentation enhances interpretability
and supports downstream applications such as habitat assessment, restoration planning,
and ecological monitoring.

4. Discussion
This study demonstrates the effectiveness and scalability of a cluster-guided Random

Forest classification framework for wetland vegetation mapping, and highlights the po-
tential of AlphaEarth embeddings as a streamlined alternative to traditional multi-sensor
inputs. Across all thematic levels, both classification approaches achieved high accuracy,
with the embedding-based models consistently matching or slightly outperforming tradi-
tional workflows. These results confirm the robustness of the developed framework and its
adaptability to new wetland systems such as Narran Lake.

4.1. Performance and Model Robustness

Both frameworks achieved very high accuracies (all performance metrics greater than
0.98 for both training cross-validation and independent testing, Tables 2 and 3) across all
thematic levels, demonstrating the reliability of the cluster-guided Random Forest frame-
work for heterogeneous floodplain systems. Although AlphaEarth embeddings yielded
slightly higher mean accuracies and stability, statistical tests indicated that differences were
not significant. The consistency across thematic levels and sites reinforces the adaptability
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of the methodology, confirming that the unsupervised–supervised synergy effectively
captures the spectral–temporal variability of wetland vegetation [43].

The high agreement across metrics (OA, Cohen’s Kappa, F1, and MCC) reflects the
robustness of both data paradigms. Because training samples were selected from clusters
generated using features closer to the traditional workflow, slight alignment advantage may
exist [3,8]. Notably, embeddings still matched or outperformed traditional predictors across
most metrics and levels, supporting their robustness despite potential bias. The embed-
dings’ marginal improvements likely stem from their ability to encode context-dependent
relationships—such as canopy–hydrology interactions—into a compact feature space. Un-
like handcrafted indices, embeddings generalize better across time and ecosystems by
capturing latent ecological gradients [14,23].

4.2. Interpreting the High Classification Accuracy

The exceptionally high accuracies observed in this study warrant careful interpretation.
Although accuracy values approaching 0.99 may seem unusually high compared to other
large-scale vegetation mapping studies, they primarily reflect the ecological purity and
structural homogeneity of the training samples rather than overfitting. Our cluster-guided
sampling strategy ensured that each class was represented by spectrally coherent and
ecologically distinct clusters, reducing within-class variability and improving separability.
The cluster-guided sampling approach ensured that each training cluster represented
spectrally coherent and ecologically well-defined communities, minimizing within-class
variability. Distinctive assemblages such as Phragmites reedbeds, Typha swamps, and Duma
florulenta shrublands possess stable spectral–textural characteristics that promote clear class
separability. Combined with rigorous cross-validation and spatially independent test sets,
this controlled sampling context explains the elevated accuracy while maintaining genuine
model generalization.

Furthermore, the selected study region—the northern Narran wetland—experiences
relatively low anthropogenic disturbance, reducing spectral confusion from mixed land
uses. The rigorous cross-validation strategy and spatial separation of training and test sam-
ples mitigate overfitting risk, supporting the credibility of the reported accuracies. Thus,
the high values reflect effective class differentiation under controlled sampling and homo-
geneous vegetation conditions rather than methodological bias. Nevertheless, expanding
this framework to more heterogeneous or disturbance-affected wetlands would yield a
more conservative performance benchmark and further assess model generalizability.

4.3. Spatial Coherence and Ecological Realism

A notable advantage of the embedding approach lies in its spatial coherence.
Embedding-derived maps displayed smoother class transitions and significantly lower
edge density and entropy, indicating fewer artificial boundaries. Reduced fragmentation
(fewer, larger patches) enhances ecological interpretability, aligning better with known
vegetation zonation along hydrological gradients [44,45]. These improvements are critical
for habitat modeling, restoration design, and change detection, where boundary precision
directly affects management outcomes.

The smoother, contiguous vegetation zones in embedding-based maps likely result
from the model’s ability to integrate multi-scale contextual cues—subtle spectral shifts,
temporal persistence, and spatial adjacency—during embedding generation. This contrasts
with traditional band-based methods, where classification often reacts to minor spectral
variability unrelated to ecological boundaries.
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4.4. Map Agreement and Thematic Consistency

Despite high internal accuracy, the comparison between maps generated by the two
approaches revealed only moderate agreement, with Cohen’s Kappa values of 0.57, 0.49,
and 0.48 for L1, L2, and L3 levels, respectively. This suggests that while both methods
capture similar broad-scale patterns, they differ in finer class assignments. To quantify
these differences, landscape structure metrics were calculated for each map, including local
entropy, edge density, and mean patch size. The embedding-based maps displayed system-
atically lower entropy (−18% on average) and edge density (−22%), and larger mean patch
areas (+25%) compared with the traditional maps. These values indicate greater spatial
homogeneity and smoother class transitions, confirming the qualitative observation of
reduced “salt-and-pepper” noise [39]. The moderate inter-map agreement reflects inherent
differences in data representation rather than inconsistency in classification. The traditional
model relies on explicit physical predictors, while AlphaEarth embeddings incorporate
implicit spatial–temporal patterns. Thus, areas of disagreement may reveal regions of
ecological transition or mixed pixel composition rather than misclassification. Embed-
dings might capture continuous gradients that are discretized in traditional categorical
mapping—highlighting a potential shift from rigid class boundaries toward probabilistic
or fuzzy representations in ecological cartography.

Closer inspection of class-wise accuracy and spatial disagreement between workflows
revealed that discrepancies were most pronounced in shrubland and herbaceous wetland
classes. These communities exhibit complex spectral and structural signatures that vary
with hydrological and disturbance regimes, posing challenges for purely spectral or tem-
poral features [46]. The embedding-based workflow captured these transitional zones
with greater spatial coherence, likely because AlphaEarth representations encode both
contextual and structural cues that extend beyond spectral reflectance [23]. In contrast,
the traditional workflow relied more heavily on surface spectral indices, making it more
sensitive to post-disturbance reflectance variability.

Spatial disagreement was concentrated in two key zones: the northwestern fire-
affected sector and the southern agricultural margin (Supplementary Figures S1 and S2).
The November 2023 bushfire (https://www.abc.net.au/news/2023-11-15/hudson-bushfire-
emergency-warning-north-west-nsw/103109418, accessed on 11 October 2025) substan-
tially altered canopy reflectance and structure, creating a heterogeneous post-fire mosaic
of charred stems, regenerating understory, and exposed soil. The traditional multi-sensor
workflow, driven by instantaneous spectral reflectance and vegetation indices, interpreted
this fine-scale heterogeneity as mixed classes, producing a fragmented map with high edge
density. In contrast, the embedding-based classifier, which integrates spatial context and
multi-temporal cues, smoothed these fluctuations and maintained consistent delineation of
surviving shrubland and regenerating reedbed patches.

A similar pattern occurred along the southern boundary, where agricultural land-
use intensity and irrigation produce abrupt shifts in vegetation conditions. Here, the
embedding workflow more effectively delineated the boundary between semi-natural
herbaceous wetlands and adjacent cropped fields. Its resilience likely stems from the
embedding representation’s capacity to encode contextual relationships beyond pixel-level
reflectance, thus reducing misclassification caused by field edges, irrigation infrastructure,
and spectral mixing.

These results collectively demonstrate that the embedding-based approach is not only
comparable in accuracy but also more stable under disturbance and management variability,
yielding maps that better reflect ecological continuity. The landscape metrics and spatial
visualizations in Supplementary Figures S1 and S2 strengthen this conclusion by showing
tangible improvements in spatial coherence within the fire-affected and agricultural sectors.

https://doi.org/10.3390/rs18020293

https://www.abc.net.au/news/2023-11-15/hudson-bushfire-emergency-warning-north-west-nsw/103109418
https://www.abc.net.au/news/2023-11-15/hudson-bushfire-emergency-warning-north-west-nsw/103109418
https://doi.org/10.3390/rs18020293


Remote Sens. 2026, 18, 293 13 of 16

4.5. Workflow Efficiency and Scalability

Perhaps one of the most practical advantages of the embedding workflow is efficiency.
Eliminating preprocessing (radiometric correction, speckle filtering, index generation) sub-
stantially reduces time and computational cost. This simplification improves reproducibility
and scalability—especially for regional or continental applications where preprocessing
pipelines are a major bottleneck. By leveraging pretrained models such as AlphaEarth,
users can apply consistent, ready-to-use representations across diverse ecosystems without
site-specific parameterization [47].

Such simplification could democratize ecological monitoring by enabling non-
specialist practitioners and agencies to generate reliable wetland maps with minimal
technical overhead.

4.6. Implications for Wetland Monitoring and Future Directions

This study highlights the potential of AlphaEarth embeddings to transform wetland
vegetation mapping by providing high accuracy, smoother spatial coherence, and min-
imal preprocessing requirements. These strengths position embeddings as a powerful
complement to traditional multi-sensor approaches in ecological monitoring [14].

Beyond site-level applications, embedding-based frameworks hold significant promise
for national-scale wetland inventories. Large-scale programs such as the Canadian Wetland
Inventory have demonstrated the difficulty of achieving consistent classification across
vast regions, owing to differences in data availability, sensor characteristics, atmospheric
conditions, and ecological diversity [48,49]. Traditional workflows require extensive pre-
processing and regional calibration, making nationwide implementation time-consuming
and expensive [50,51]. In contrast, AlphaEarth embeddings provide standardized, context-
rich representations that can be directly applied across diverse landscapes with minimal
adjustment [47], ensuring greater consistency and reproducibility between jurisdictions.

Embedding-based models could therefore underpin the next generation of national
wetland mapping initiatives, enabling unified classification frameworks that integrate spec-
tral, temporal, and spatial dimensions at high resolution [14]. Their scalability makes them
well-suited to operational monitoring under dynamic environmental conditions, support-
ing national reporting obligations related to biodiversity, Ramsar commitments, and carbon
accounting. Integrating embeddings into existing remote sensing infrastructures—such
as Copernicus or Digital Earth Australia—could further streamline data processing and
enhance temporal continuity of national wetland inventories.

However, several limitations should be acknowledged. The analysis was conducted us-
ing a single year of observations (2023) to maintain direct comparability between workflows.
While this approach isolates feature-representation effects, it does not capture long-term
variability in hydrological or phenological conditions. Moreover, the interpretability of
embeddings remains constrained, as their internal feature dimensions are not directly
linked to measurable physical or ecological variables—posing challenges for ecological
decision-making.

Future work should therefore explore hybrid modeling frameworks [52,53] that com-
bine the interpretability of conventional indices with the representational power of em-
beddings to retain ecological transparency while improving scalability. Developing object-
oriented [54] and temporally dynamic approaches [23] would allow detection of vegetation
transitions and wetland condition changes through time. A key next step involves eco-
logical validation using ground-based floristic and hydrological data to confirm how
embedding-derived classes correspond to functional wetland types [20]. Finally, testing
transferability across diverse climatic and geomorphic regions [55,56] will help establish
embeddings as a foundation for continental and global wetland monitoring frameworks.
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5. Conclusions
This study demonstrates that AlphaEarth embeddings provide a robust and efficient

alternative to traditional multi-sensor workflows for wetland vegetation mapping. Within
a consistent cluster-guided Random Forest framework, the embedding-based models
achieved accuracy comparable to those derived from Sentinel-1, Sentinel-2, and topographic
predictors, while producing smoother, more spatially coherent vegetation maps. These
improvements, combined with the elimination of atmospheric correction, speckle filtering,
and index generation, greatly simplify data preparation and enhance mapping efficiency.

In practice, embedding methods are most beneficial in scenarios where preprocessing
capacity, data consistency, or time constraints limit the use of traditional workflows—such
as national or regional wetland inventories, rapid post-disturbance assessments, or large-
scale ecological monitoring [57,58]. In these contexts, embeddings enable the generation of
cleaner, ecologically realistic maps with minimal manual input, supporting scalable and
operational wetland management across diverse landscapes.

Supplementary Materials: The following supporting information can be downloaded at: https:
//www.mdpi.com/article/10.3390/rs18020293/s1, Figures S1 and S2: Comparison between mapped
vegetation types in burned areas and agricultural landscape; Tables S1–S6: Confusion matrix.
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