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Abstract 

Foundation-model satellite embeddings have been proposed as transferable, analysis-ready predictors for Earth 

Observation, yet their value for biodiversity mapping in forest ecosystems remained unclear. This study addresses 

three main methodological gaps as one of the first applications of foundation-model embeddings to forest diversity 

mapping in structurally complex forests: (i) a head-to-head comparison against multi-modal feature stacks and raw 

data, (ii) the deployment of deep neural networks (DNNs) alongside traditional baselines, and (iii) rigorous spatial 

cross-validation to mitigate inflated accuracy from spatial autocorrelation. Using National Forest Inventory plots from 

the Hyrcanian forests in northern Iran as ground truth, we modeled taxonomic α-diversity (Shannon’s H', species 

richness) and structural diversity (diameter at breast height variation). We evaluated annual AlphaEarth Foundation 

(AEF) and TESSERA embeddings against a comprehensive handcrafted baseline of Sentinel-1/Sentinel-2 time series 

using a 4-fold spatial block cross-validation repeated across 10 model initializations. Our results indicate that 

foundation-model embeddings generally produced higher predictive performance than handcrafted feature sets across 

all ecological targets under spatial cross-validation. The performance was most pronounced for structural diversity, 

where individual AEF embeddings achieved a median R² of 0.62 and an RMSE of 3.34, yielding a substantial 

reduction in prediction error compared to the top handcrafted baseline (median R² = 0.46). For Shannon’s H' and 

species richness, embeddings pushed median R² values to 0.50 and 0.46, respectively. Although Sentinel-2 spectral 

data maintained comparable performance in modeling taxonomic indices, embedding models captured structural and 

canopy-related variation without requiring explicit texture engineering or further fine-tuning. These findings 

demonstrate that multi-modal foundation embeddings may help improve biodiversity monitoring in structurally 

complex forests. However, the increased predictive capacity of pretrained embeddings comes at the cost of reduced 

biophysical interpretability relative to conventional remote-sensing indices. 

Keywords: Satellite embeddings; Sentinel-2; Sentinel-1; Shannon diversity; Species richness; AlphaEarth; TESSERA  

1. Introduction 

Forests are critical life-support systems, but without consistent biodiversity maps, assessments of where and how 

they are changing remain highly uncertain. The Essential Biodiversity Variables (EBV) were created to help with this 

by defining a small set of key measures (Jetz et al., 2019). The framework highlights Earth Observation (EO) as a 

practical way to build indicators that can be updated and compared from national to global scales (Pereira et al., 2013). 

In this view, satellite products do not replace plots but extend them across space and time with consistent, auditable 

measurements (Hoffmann et al., 2022; Muise et al., 2024).  

Biodiversity has complementary dimensions (Jetz et al., 2019). Taxonomic α-diversity (e.g., richness, Shannon, 

Simpson, or Hill numbers) summarizes local composition and evenness but differs in sensitivity to rare versus common 

species, motivating multi-index reporting for interpretability (Jost, 2006). Structural diversity captures variability in 

forest architecture (diameter, height, layering) that shapes habitat heterogeneity and ecosystem function (MacArthur 
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and MacArthur, 1961). EO predictors for diversity mapping traditionally rely on handcrafted feature stacks (Kacic 

and Kuenzer, 2022). From different EO sources, spectral indices (vegetation indices, water and burn proxies, red-edge 

chlorophyll surrogates, etc), textures, and phenology (amplitude, phase, season length) provide sensitivity to canopy 

composition and dynamics. Studies show Sentinel-2 (S2) features improve discrimination of tree species and forest 

communities (Daryaei et al., 2025; Immitzer et al., 2016; Kacic and Kuenzer, 2022; Teshager and Soromessa, 2025). 

Combining Sentinel-1 (S1) C-band backscatter with S2 often boosts performance, and recent studies in temperate and 

subtropical forests report significant gains for plant or tree-species diversity mapping using S1+S2 plus topo-climate 

covariates  (Liu et al., 2023; Yang et al., 2022). However, the added value of S1 is not consistent among studies. For 

example, Lechner et al. (2022) reported only marginal improvements when S1 was combined with dense multi-

temporal S2 data for tree-species classification in central Europe.  

Leveraging progress in self-supervised learning (SSL), geospatial foundation models (GFMs) are large pretrained 

models, usually built from annual time series of multi-modal (optical plus SAR) satellite imagery (Brown et al., 2025; 

Feng et al., 2025). They produce general-purpose embeddings that can be reused for many tasks and often need fewer 

labels (Lu et al., 2025; Xiao et al., 2025). With a focus on contextual and textural information, Prithvi-EO-2.0 is 

trained on four-temporal-frame Harmonized Landsat-Sentinel (HLS) image sequences, enabling the model to learn 

spatial patterns and seasonal dynamics from multi-temporal observations (Szwarcman et al., 2025). Recent reviews 

list many such models but also note open issues: transfer across regions and years, feature interpretation, and how to 

test them fairly, avoiding spill-over and other effects inflating the accuracy statistics (Xiao et al., 2025). Due to the 

novelty of GFMs, biodiversity mapping in species-rich, structurally complex forests is still largely untested, especially 

in head-to-head comparisons against handcrafted S1/S2 feature baselines.  

As species-rich, structurally complex forests, the Hyrcanian forests in northern Iran have served as a testbed for 

many studies on diversity mapping. Most studies estimating forest diversity have relied on handcrafted remote-sensing 

features and conventional learners. Early work with Landsat ETM+ related plot-level indices (richness, reciprocal 

Simpson, and Shannon) to spectral bands and simple spectral transforms using linear or regression-tree models, 

showing moderate fits while highlighting sensitivity to index choice and scale (Hashemi et al., 2012; Mohammadi and 

Shataee, 2010). Metric to sub-metric resolution sensors (Pleiades, GeoEye) and machine-learning methods 

(Generalized Additive Model (GAM), Multivariate Adaptive Regression Spline (MARS), Support Vector Machine 

(SVM), and Random Forest (RF)) improved local mapping but remained data- and site-specific (Akbari and Kalbi, 

2019a, 2019b, 2016). Multi-sensor optical-SAR integration has also been repeatedly tested: Landsat + 

ALOS/PALSAR (including polarimetric metrics), combined with topographic features, produced the strongest 

correlations in mountainous terrain, with performance varying by slope strata (Attarchi and Gloaguen, 2018, 2013). 

S2 vs. Landsat-8 vs. IRS comparisons for tree-species classification generally found NIR/red-edge features to be most 

informative, but only incremental gains across sensors (Soleimannejad et al., 2019). 

 More recently, spectral-diversity proxies and tools such as Rao’s Quadratic Entropy (RaoQ) via the PaRaVis 

package (Fathi et al., 2024) have been used to derive α/β-diversity from multi-temporal, multi-index stacks, with 

Hyrcanian case studies reporting improvements from multi-index and multi-temporal formulations (Fathi et al., 2024), 

while S2 texture-augmented models still delivered only moderate R² for β-diversity in plot-scale tests (Ghaisaryan et 
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al., 2023). Parallel streams have targeted structural variables: space-borne PCT (TanDEM-X) retrieved diameter at 

breast height (DBH)  variation, and tree density with limited explanatory power, indicating promise but clear room 

for improvement (Poorazimy et al., 2023). Airborne laser scanning (ALS)/digital aerial photogrammetry (DAP) fusion 

improved diversity estimates in uneven-aged stands  (Mohammadi et al., 2020); and Global Ecosystem Dynamics 

Investigation (GEDI)-based modeling advanced stand attributes such as basal area, volume, and density at scale 

(Sohrabi and Akhavan, 2026). 

Relative to the mentioned studies, four gaps stand out: 

• Applications of foundation-model embeddings to forest diversity mapping remain limited; this work 

is the first application of embeddings in these species-rich, structurally complex systems.  

• Many evaluations rely on random or partial spatial cross-validation, risking inflating derived 

accuracy metrics in spatially autocorrelated forests (Ghaisaryan et al., 2023; Mohammadi et al., 2011; 

Mohammadi and Shataee, 2010). In contrast, this study adopts a rigorous spatial block cross-validation 

framework with geographically separated training and testing regions, thereby providing more realistic 

estimates of model transferability and predictive performance. 

• While structural mapping is advancing with PCT, ALS/DAP, and GEDI, these pipelines either show 

limited predictive strength for DBH variation or depend on sensors not universally available wall-to-wall; 

few works quantify calibration, uncertainty, or error stratification across stand conditions (Mohammadi et 

al., 2011; Poorazimy et al., 2023; Sohrabi and Akhavan, 2026). This study addresses these limitations by 

evaluating structural diversity using globally available satellite observations, while explicitly quantifying 

predictive uncertainty, calibration, and error stratification across gradients in stand structure and stem density. 

• Almost all Hyrcanian studies used traditional machine-learning methods (e.g., linear models, RF, 

SVM, GAM/MARS) and small, single-district datasets (for example: Attarchi and Gloaguen, 2018; Fathi et 

al., 2024; Ghaisaryan et al., 2023; Mohammadi et al., 2011; Mohammadi and Shataee, 2010; Sohrabi and 

Akhavan, 2026).  In contrast, the present study applies deep neural networks (DNNs) to a large, standardized 

National Forest Inventory (NFI) dataset spanning the entire Hyrcanian forest belt. 

Building on these insights, a controlled benchmark is presented for the structurally complex, species-rich 

Hyrcanian forests in northern Iran. Beyond a head-to-head evaluation, the study introduces and operationalizes a novel 

embedding-based pipeline for forest diversity mapping, constituting a first application of foundation-model 

embeddings to this problem. The central question addressed is whether foundation-model embeddings can estimate 

forest diversity and can outperform remote-sensing features for taxonomic and structural indicators; accordingly, a 

comparative assessment is also conducted against handcrafted S1/S2 stacks (spectral, phenology, textures, and SAR 

backscatter/NDI). NFI plots were used to calculate species Richness, Shannon’s H′, and structural diversity (DBH 

variation, as standard deviation). Separate DNNs were trained for each target. Spatially explicit cross-validation was 

used to keep training and test areas apart, and accuracy, calibration, and uncertainty were reported. Results were 

compared with recent deep-learning studies on biodiversity mapping. To the best of current knowledge, foundation-

model embeddings have not yet been used for forest diversity mapping. This work illustrates a new, embedding-based 
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workflow for mapping diversity in species-rich, structurally complex forests, while carefully evaluating where 

embeddings add value over handcrafted S1/2 features. 

2. Materials and Methods 

2.1. Study Area & Field Data 

Stretching along the south shore of the Caspian Sea, the Hyrcanian forests form a globally significant ecoregion 

with deep evolutionary roots and marked ecological complexity. The belt runs for roughly 800 km between the 

northern slopes of the Alborz Mountains and the Caspian coast (Fig. 1A), and varies from about 20 to 70 km in width 

(Ramezani et al., 2016; Sagheb Talebi et al., 2014). Elevations range from sea level to >2,800 m (Fig. 1B), producing 

strong environmental gradients and a mosaic of forest types. Spanning more than 2 million ha across Gilan, 

Mazandaran, and Golestan provinces in Iran, the region represents a remnant of Tertiary deciduous forests that 

persisted through glacial–interglacial cycles (Akhani et al., 2010; Ramezani et al., 2008; Sagheb Talebi et al., 2014). 

Classic Arcto-Tertiary relics (Pterocarya fraxinifolia, Parrotia persica, Zelkova carpinifolia) still occur here, having 

survived Quaternary cooling in Hyrcanian refugia after disappearing from much of Europe (Homami Totmaj et al., 

2021; Ramezani et al., 2008). Steep terrain, intricate stand structures, and rapidly changing atmospheric conditions 

complicate ecological monitoring, making the Hyrcanian both challenging and crucial for testing satellite-based and 

machine-learning approaches to biomass and diversity mapping (Müller, 2019; Sohrabi, 2025). 

Field data came from the recent (2023) NFI (6th NFI). Circular plots of 1,000 m² were placed on a 1 × 5 km² 

systematic grid (Fig. 1C) across the entire Hyrcanian belt. The 6th NFI is the first opportunity to evaluate diversity 

models across the full ecoregion rather than within a single forest district. In each plot, all trees with DBH > 12.5 cm 

were measured, and species were recorded. Based on regional patterns showing diversity hotspots from sea level to 

around 1,000 m, plots between sea level and 1,500 m were selected; the upper bound provided a buffer. From the NFI 

database, plot tables included tree species and DBH. Plots with fewer than five trees were excluded to avoid highly 

unstable Shannon/Richness estimates and extreme discrete-count behavior. After filtering, 1,304 plots remained for 

analysis. Three plot-level response variables were then computed: Shannon’s H′ (shannon_H) (Shannon, 1948), 

species richness (Gotelli and Colwell, 2001), and structural diversity as the standard deviation of DBH (dbh_std) 

(Hoffmann et al., 2022).  
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Fig. 1. Study area. (A) Iran with the Hyrcanian forest belt; (B) elevation (m a.s.l.) across the Hyrcanian Management 

Zones; (C) National Forest Inventory (NFI) plots. 

Relationships among three plot-level response variables across NFI plots are illustrated in Fig. 2. The left panel shows 

a relatively strong positive relationship between species richness and Shannon diversity, indicating that plots 

containing a greater number of tree species generally exhibit higher taxonomic diversity. In contrast, the middle and 

right panels reveal weak relationships between structural diversity and the two taxonomic indicators, suggesting that 

variation in tree-size heterogeneity is largely independent of species composition and richness. These patterns 

demonstrate that taxonomic and structural diversity capture complementary dimensions of forest biodiversity and 

therefore should not be considered interchangeable indicators.  
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Fig. 2. Pairwise relationships among taxonomic and structural diversity indicators in the Hyrcanian National Forest 

Inventory plots. 

2.2. Sentinel-1/Sentinel-2 Data and Preprocessing 

A 16-day time series of C-band SAR from S1 was drawn from COPERNICUS/S1_GRD in IW mode with dual 

polarization (VV, VH) for both ascending and descending passes for the same year of NFI data collection (2023). 

Processing converted dB to linear backscatter, applied a light speckle filter, and performed DEM-based radiometric 

terrain correction (RTC) to Gamma⁰ using SRTM 30 m; local and projected incidence angles were also computed. 

From the mosaics, Gamma⁰ backscatter was retained (VV_ASC/DESC, VH_ASC/DESC). Two polarimetric 

normalized-difference summaries were added: the normalized difference index (NDI) of medians (S1_ndi) and the 

NDI of standard deviations (S1_ndi_sd) (Mohite et al., 2020). These indices quantify the relative difference between 

VV and VH backscatter responses while normalizing for their overall magnitude. Because VV and VH polarizations 

interact differently with vegetation structure, the indices provide information on canopy density, vegetation 

complexity, and scattering mechanisms. Higher absolute differences between VV and VH often reflect variations in 

forest structure, biomass, and canopy organization. The normalized-difference formulation was selected because it is 

dimensionless, reduces sensitivity to overall signal strength, and highlights the relative contribution of the two 

polarizations, making it easier to compare across sites and environmental conditions. 

A pre-Gray-Level Co-occurrence Matrix (GLCM) workflow first built a single ND image per pass, fused 

ASC/DESC using median to reduce aspect bias, and computed GLCM metrics with a 3×3 window: contrast, 

dissimilarity, entropy, and homogeneity, which were retained as ND_CON, ND_DIS, ND_ENT, and ND_HOM. 

Eq. (1) 𝑆1_𝑛𝑑𝑖 =
𝑉𝑉_𝑚𝑒𝑑 − 𝑉𝐻_𝑚𝑒𝑑

𝑉𝑉_𝑚𝑒𝑑 + 𝑉𝐻_𝑚𝑒𝑑
 

Eq. (2) 𝑆1_𝑛𝑑𝑖_𝑠𝑑 =
𝑉𝑉_𝑠𝑑 − 𝑉𝐻_𝑠𝑑

𝑉𝑉_𝑠𝑑 + 𝑉𝐻_𝑠𝑑
 

where VV_med and VH_med are the median VV and VH backscatter values, respectively, and VV_sd and VH_sd 

are the corresponding standard deviations. 
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Surface reflectance from a 16-day composite of S2 was obtained from S2_SR_HARMONIZED over the same 

dates, filtered to a cloudy pixel percentage ≤ 30, and cloud/shadow masked with the Scene Classification Layer 

(excluding classes 0, 1, 3, 8, 9, 10, 11). The Enhanced Vegetation Index (EVI) was computed from B8, B4, and B2 

using the standard coefficients (Huete et al., 2002). EVI was selected instead of NDVI because it is less prone to 

saturation in densely vegetated forests and is more sensitive to variations in canopy structure and biomass, making it 

particularly suitable for the closed-canopy conditions of the Hyrcanian forests. GLCM textures (3 × 3 window) were 

derived from the EVI layer, and four texture metrics, contrast (EVI_CON), dissimilarity (EVI_DIS), entropy 

(EVI_ENT), and homogeneity (EVI_HOM), were retained for subsequent analyses. RaoQ was computed within a 3×3 

window using the quadratic-entropy identity under squared-Euclidean distance (twice the sum of local per-band 

variances), yielding S2_RaoQ.  

Eq. (3) 𝐸𝑉𝐼 = 𝐺 ×
𝑁𝐼𝑅−𝑅𝐸𝐷

𝑁𝐼𝑅+𝐶1×𝑅𝐸𝐷−𝐶2×𝐵𝑙𝑢𝑒+𝐿
 

where G=2.5, C1=6, C2=7.5, and L=1. For S2 imagery, NIR, Red, and Blue correspond to bands B8, B4, and B2, 

respectively. 

2.3. AlphaEarth Embeddings (AEF) 

The AEF dataset offers a new way to condense EO information by delivering globally consistent embedding fields. 

Instead of handling many separate products in space and time, AEF produces task-agnostic, 10-m embeddings 

composed of 64-dimensional feature vectors that fuse multiple data streams using a patch-based approach: 

multispectral optics (S2; Landsat 8/9) and C/L-band radar (S1; ALOS PALSAR). As target sources, the models use 

lidar-derived structure (GEDI metrics), climate reanalysis (ERA5-Land), topography (Copernicus DEM), gravity 

anomalies (GRACE), and land cover (e.g., NLCD). AEF also projects geotagged text sources (e.g., Wikipedia, GBIF 

records) into the same feature space. The result is a continuous, globally harmonized representation that helps bridge 

gaps in sparse or unevenly distributed observations (Brown et al., 2025a). Inputs feeding the embedding do not need 

to be perfectly time-aligned. For this study, the global annual release for 2023 was used. The annual 2023 AEF 

embeddings were retrieved from the Google Earth Engine Data Catalog, which provides global 10-m embedding 

layers generated by the AlphaEarth Foundation model (Brown et al., 2025b). 

2.4. TESSERA Embeddings 

The TESSERA (Temporal Embeddings of Surface Spectra for Earth Representation and Analysis) framework is 

an open-source satellite remote-sensing foundation model designed to overcome the challenges of sparse, irregular, 

and cloud-obscured satellite time series (Feng et al., 2026). Developed at the University of Cambridge based on the 

concept of spectral temporal Barlow Twins (Atzberger et al., 2025; Lisaius et al., 2026), TESSERA produces 128-

dimensional latent representations at a 10-meter global resolution. The pixel-based model utilizes a self-supervised 
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learning strategy, specifically employing the Barlow Twins loss (Zbontar et al., 2021) to enforce invariance across 

augmentations, i.e., 40 randomly sampled cloud-free observations from the same location. This allows the model to 

become agnostic to missing temporal data while maintaining a consistent representation of the land surface (Feng et 

al., 2026). Structurally, TESSERA employs a dual-branch Transformer-based encoder: one branch dedicated to S1 

SAR (VV and VH polarizations) and another to S2 MSI (10 spectral bands). By preserving spectral-temporal 

phenological signals, which are typically discarded in traditional compositing methods, TESSERA provides high-

fidelity representations of ecosystem dynamics. These "analysis-ready" annual embeddings enable state-of-the-art 

performance in complex downstream ecological tasks, such as canopy height modeling and crop identification, even 

with very limited labeled training data (Feng et al., 2026). Contrary to patch-based approaches such as AEF of Prithvi, 

the TESSERA team advises users to derive textural and contextual information after the pre-training to keep this 

information disentangled. Annual 2023 TESSERA embeddings were obtained from the University of Cambridge 

TESSERA project following a formal embedding request submitted through the GeoTessera repository. The requested 

embedding tiles were subsequently downloaded and processed using the GeoTessera framework (Feng et al., 2026). 

2.5. Uniform Manifold Approximation and Projection 

To further explore how different predictor representations organize ecological information, we projected 

the handcrafted S1/S2 features and the two foundation-model embedding spaces into 2D using Uniform Manifold 

Approximation and Projection (UMAP, n_neighbors  = 30, min_dist = 0.05, n_components = 2, random_state = 

100). Although UMAP does not provide a quantitative assessment of predictive performance, it offers a useful 

visualization of neighborhood relationships in the original high-dimensional feature space 

2.6. Feature Sets 

All remote-sensing layers were clipped to the forest mask of the study area and harmonized to a common spatial 

grid. A joint validity mask was applied to retain only pixels with complete observations across all contributing S1/S2 

time-series datasets, and the resulting layers were sampled at NFI plot locations. To systematically evaluate the 

contribution of different remote-sensing data sources and feature-engineering strategies, twelve distinct predictor sets 

were constructed (Table 1). 

 The first group comprised S1 radar-based configurations: S1 Backscatter, including VV and VH backscatter 

coefficients; S1 Backscatter + NDI, which additionally incorporated radar-derived NDI; S1 Textures, consisting of 

GLCM texture metrics derived from S1 imagery; and S1 Backscatter + NDI + Textures, representing the complete S1 

feature stack. 

The second group focused on S2 optical predictors. S2 Spectral included the multispectral bands (B2–B8A, B11, 

and B12). S2 Spectral + EVI + RaoQ extended the spectral stack with the EVI and RaoQ, representing spectral 

diversity and heterogeneity. EVI Textures consisted exclusively of texture metrics derived from multi-temporal EVI 

imagery. S2 Full combined all S2 spectral, vegetation-index, diversity, and texture features into a comprehensive 
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optical feature set. To assess the value of multi-sensor fusion, an All S1+S2 configuration was created by integrating 

the complete S1 and S2 handcrafted feature stacks.  

The third group evaluated foundation-model representations through three embedding-based predictor sets: AEF 

Embeddings, derived from the AlphaEarth Foundation model; TESSERA Embeddings; and AEF + TESSERA, which 

concatenated both embedding spaces into a unified latent representation. The combined remote-sensing layers were 

sampled at plot coordinates using a circular buffer with a radius of 17.84 m, corresponding to the field plot footprint. 

Mean values within each buffer were extracted and used as predictor variables for subsequent modeling analyses.  

Table 1. Predictor sets used for model development and comparison. S1 refers to Sentinel-1, S2 to Sentinel-2, NDI to 

normalized difference index, EVI to enhanced vegetation index, RaoQ to Rao’s Quadratic Entropy, and AEF to 

AlphaEarth Foundation. 

Group Predictor set Description 
No. 

features 

S1 S1 Backscatter 
VV and VH backscatter coefficients (ascending 

and descending passes) 
4 

S1 
S1 Backscatter + 

NDI 
S1 Backscatter plus radar-derived NDI 6 

S1 S1 Textures 
GLCM texture metrics (contrast, dissimilarity, 

entropy, homogeneity) derived from S1 imagery 
4 

S1 
S1 Backscatter + 

NDI + Textures 
Complete S1 feature stack 10 

S2 S2 Spectral Multispectral S2 bands (B2–B8A, B11, B12) 10 

S2 
S2 Spectral + EVI + 

RaoQ 
Spectral bands plus EVI and RaoQ 13 

S2 EVI Textures 
GLCM texture metrics derived from multi-

temporal EVI imagery 
4 

S2 S2 Full 
Complete S2 feature stack including spectral 

bands, EVI, RaoQ, and texture metrics 
17 

Multi-

sensor 
All S1+S2 Combined S1 and S2 handcrafted feature stacks 27 

Foundation 

models 
AEF Embeddings 64-dimensional AlphaEarth embeddings 64 

Foundation 

models 

TESSERA 

Embeddings 
128-dimensional TESSERA embeddings 128 

Foundation 

models 
AEF + TESSERA 

Combined AlphaEarth and TESSERA embedding 

spaces 
192 

2.7. Deep Neural Network (DNN) Modeling 

For each response variable, a separate feed-forward DNN was trained using Keras Sequential API with the 

architecture Normalization → Dense (64, ReLU) → Dense (64, ReLU) → Dense (1) (Fig. 3). The Normalization layer 

was fitted on the training data of each cross-validation fold only to avoid information leakage. Within each training 

fold, 10% of the samples were held out as a validation subset for early stopping and learning-rate scheduling. Models 

were optimized with RMSprop under a mean absolute error (MAE) loss, which is less sensitive to outliers, using a 

batch size of 256 for up to 100 epochs. Early stopping (patience = 20, restoring the best weights) and learning-rate 
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reduction on plateau (factor 0.5, patience = 10, minimum learning rate = 1 × 10⁻⁶) were applied. Missing predictors 

were imputed by the training-split median within each fold. 

DNNs were selected as the modeling framework because the predictor sets included high-dimensional foundation-

model embeddings (64 dimensions for AEF and 128 dimensions for TESSERA) that were designed to encode 

complex, distributed, and potentially non-linear relationships. DNNs are well suited to modeling interactions among 

latent embedding dimensions and therefore provide a natural downstream predictor for evaluating foundation-model 

representations. Importantly, the objective of this study was not to compare machine-learning algorithms, but rather 

to assess the relative value of foundation-model embeddings and conventional handcrafted remote-sensing features 

for forest diversity mapping. To ensure a fair comparison, all predictor sets were evaluated using the same DNN 

architecture and training procedure. This unified framework minimizes the influence of algorithm-specific effects and 

allows differences in predictive performance to be attributed primarily to the information content of the feature 

representations themselves. 

 

Fig. 3. Feed-forward deep neural network (DNN) architecture used to predict Shannon diversity (H′), species richness, 

and diameter at breast height (DBH) standard deviation from the twelve predictor sets. 

2.8. Model Evaluation and Interpretation 

A core risk in ecological mapping is over-optimistic accuracy when spatial dependence is ignored. Best practice, 

therefore, mandates blocked or buffered spatial cross-validation at spatial scales matching the range of autocorrelation 

(Roberts et al., 2017; Valavi et al., 2019). Methodological work shows that random cross-validation can inflate 

performance, whereas spatially separated folds (e.g., using blockCV) yield more realistic estimates (Valavi et al., 

2019).  

To reduce optimistic bias arising from spatial autocorrelation, model performance was evaluated using spatial 

cross-validation. The Hyrcanian forest belt was partitioned into four geographically distinct management-zone blocks 

(Fig. 1). In each fold, one block was withheld for testing while models were trained on the remaining three blocks, 

yielding a 4-fold spatial cross-validation framework. To reduce stochastic variability associated with neural-network 
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parameter initialization, each fold was repeated 10 times using different random seeds. The median of performance 

metrics was calculated across folds and repetitions. The selected block structure was designed to maximize geographic 

separation among training and testing data while maintaining ecologically meaningful regional partitions. 

For each spatial fold, the neural network was trained ten times with different random initializations to stabilize the 

performance estimates. Out-of-fold metrics were reported as median ± standard deviation across all folds and repeats: 

coefficient of determination (R²), root mean squared error (RMSE), and MAE (Eqs. 1–3). To interpret predictors, 

permutation importance was computed on each held-out fold as the increase in MAE induced by randomly permuting 

a feature, and permutation importances were aggregated as mean ± standard deviation across folds and repeats. 

Diagnostic plots included prediction-versus-observation scatterplots with a 1:1 line compiled from out-of-fold 

predictions and bar charts of permutation importance with error bars. 

Eq. (4) 𝑅2 = 1 −
∑(𝑦𝑖−𝑦𝑖̂)2

∑(𝑦𝑖−(𝑦𝑖̅̅̅)2 

Eq. (5) 𝑅𝑀𝑆𝐸 = √
1

𝑛
∑(𝑦𝑖 − 𝑦𝑖̂)

2 

Eq. (6) 𝑀𝐸 =
1

𝑛
∑ 𝑦𝑖̂ − 𝑦𝑖  

SAR and optical preprocessing were implemented in Google Earth Engine; GIS data handling, projection checks, 

vector cleaning, mask delineation, and cartographic preparation were performed in QGIS 3.4. Modelling and 

evaluation were conducted in Python using TensorFlow/Keras, scikit-learn, NumPy, and pandas.  

3. Results 

3.1. Performance of feed-forward deep neural networks (DNNs) 

Modeling results indicate that embedding-based feature sets generally achieved higher median R² values than 

handcrafted Sentinel-derived predictors (Table 2) and that AEF consistently had an advantage over TESSERA. The 

predictive performance of both embedding architectures and standard remote sensing stacks was highest for structural 

diversity, followed by moderate performance for Shannon diversity and species richness.  

A clear hierarchy emerged among the handcrafted predictor sets. Across all three diversity indicators, S2 spectral 

and texture features consistently outperformed S1 radar-based predictors. In contrast, S1-derived backscatter, NDI, 

and texture metrics alone exhibited very limited predictive power, with several S1 configurations yielding near-zero 

explanatory capacity. Moreover, combining the complete S1 and S2 feature stacks ("All S1+S2") resulted in only 

marginal improvements relative to the best S2-only configurations and did not alter the overall ranking of the models.  

In the context of Shannon diversity, embedding-based configurations maintained their superior predictive rank. 

The combined AEF + TESSERA feature set led the results with a median R² of 0.50, closely followed by individual 

AEF embeddings (median R²= 0.48) and TESSERA embeddings (median R²= 0.46). The strongest non-embedding 

alternative was the combined "All S1+S2" feature stack, which yielded a median R² of 0.37. Notably, the integration 
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of EVI and Rao’s Q metrics into the S2 spectral data did not enhance performance, with the "S2 Spectral + EVI + 

RaoQ" stack underperforming the core "S2 Spectral" baseline (R² 0.35 vs. 0.37, respectively).  

For species richness, the combined AEF + TESSERA embeddings achieved the highest predictive accuracy, 

yielding a median R² of 0.46. Among the individual foundation models, AEF embeddings (R² = 0.41) slightly 

outperformed TESSERA embeddings (R² = 0.40). The best handcrafted alternative was the "S2 Spectral" 

configuration, which achieved a median R² of 0.35 and an RMSE of 0.82, while the more complex "S2 Spectral + EVI 

+ RaoQ + EVI Textures" stack reached a median R² of 0.32. 

For structural diversity, the AEF embeddings achieved the highest overall predictive accuracy with a 

median R² of 0.62, an RMSE of 3.34, and an MAE of 2.71. This outperformed the combined AEF + TESSERA 

stack (median R² = 0.58, RMSE = 3.43) and marked a substantial improvement over the strongest handcrafted 

baseline, "S2 Spectral + EVI + RaoQ + EVI Textures" (median R² = 0.46, RMSE = 3.95). The "All S1+S2 Features" 

stack performed similarly (R² = 0.45), whereas TESSERA embeddings alone achieved a median R² of 0.46. In 

contrast to the embedding-based models and S2 configurations, S1 baseline sets exhibited limited predictive 

capacity; the "S1 Textures" band set yielded the lowest performance with a median R² of only 0.02. 

Across all three target variables, standard S2 spectral and texture features consistently outperformed S1 

backscatter and texture configurations. Furthermore, the standard deviation across validation folds remained low for 

all evaluated models, with R² standard deviations generally ranging between 0.01 and 0.06, indicating stable model 

behavior and robust ranking of feature sets under the spatial cross-validation framework. 

Table 2. Performance of feed-forward Deep Neural Networks (DNNs) by target and predictor band set (median and 

fold-to-fold standard deviation under spatial cross-validation). In bold, the best results by target variable, and 

underlined the second-best. S1 refers to Sentinel-1, S2 to Sentinel-2, NDI to normalized difference index, EVI to 

Enhanced Vegetation Index, RaoQ to Rao’s Quadratic Entropy, AEF to AlphaEarth Foundation, n feat to the number 

of features, RMSE to Root Mean Squared Error, and MAE to Mean Absolute Error.  

   Median Standard deviation 

target Band set n feat R² RMSE MAE R² RMSE MAE 

S
h

an
n

o
n

 H
´ 

S1 Backscatter 4×23 0.15 0.26 0.20 0.03 0.01 0.01 

S1 Backscatter + NDI 6×23 0.12 0.26 0.20 0.03 0.01 0.01 

S1 Textures 4×23 0.00 0.28 0.21 0.02 0.02 0.02 

S1 Backscatter + NDI + Textures 10×23 0.09 0.26 0.20 0.04 0.01 0.01 

S2 Spectral 10×23 0.37 0.22 0.17 0.06 0.01 0.01 

S2 Spectral + EVI + RaoQ 13×23 0.35 0.22 0.17 0.05 0.01 0.01 

EVI Textures 4×23 0.26 0.24 0.18 0.02 0.02 0.02 

S2 Full 17×23 0.36 0.22 0.17 0.04 0.01 0.01 

All S1+S2 (10+17)×23 0.37 0.22 0.17 0.05 0.01 0.01 

AEF  64 0.48 0.21 0.17 0.05 0.01 0.01 

TESSERA  128 0.46 0.21 0.17 0.06 0.01 0.01 
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AEF + TESSERA 64+128 0.50 0.20 0.16 0.05 0.01 0.01 

S
p

ec
ie

s 
ri

ch
n

es
s 

S1 Backscatter 4×23 0.05 0.97 0.77 0.05 0.03 0.03 

S1 Backscatter + NDI 6×23 0.14 0.94 0.76 0.04 0.04 0.03 

S1 Textures 4×23 0.02 1.00 0.82 0.05 0.04 0.04 

S1 Backscatter + NDI + Textures 10×23 0.10 0.96 0.77 0.05 0.03 0.03 

S2 Spectral 10×23 0.35 0.82 0.66 0.02 0.03 0.02 

S2 Spectral + EVI + RaoQ 13×23 0.31 0.84 0.68 0.02 0.03 0.02 

EVI Textures 4×23 0.18 0.93 0.73 0.03 0.04 0.03 

S2 Full 17×23 0.32 0.83 0.67 0.01 0.03 0.02 

All S1+S2 (10+17)×23 0.31 0.84 0.68 0.02 0.03 0.03 

AEF  64 0.41 0.75 0.60 0.03 0.03 0.02 

TESSERA  128 0.40 0.79 0.63 0.04 0.03 0.02 

AEF + TESSERA 64+128 0.46 0.75 0.60 0.03 0.03 0.02 

D
B

H
 s

td
 (

cm
) 

S1 Backscatter 4×23 0.11 5.14 4.13 0.04 0.23 0.23 

S1 Backscatter + NDI 6×23 0.12 5.02 4.13 0.03 0.13 0.15 

S1 Textures 4×23 0.02 5.30 4.34 0.03 0.22 0.21 

S1 Backscatter + NDI + Textures 10×23 0.11 5.06 4.15 0.04 0.13 0.15 

S2 Spectral 10×23 0.37 4.27 3.55 0.06 0.19 0.12 

S2 Spectral + EVI + RaoQ 13×23 0.41 4.15 3.37 0.05 0.21 0.16 

EVI Textures 4×23 0.35 4.34 3.41 0.04 0.20 0.17 

S2 Full 17×23 0.46 3.95 3.21 0.03 0.13 0.14 

All S1+S2 (10+17)×23 0.45 4.02 3.22 0.02 0.11 0.11 

AEF  64 0.62 3.34 2.71 0.05 0.14 0.12 

TESSERA  128 0.46 3.98 3.12 0.04 0.14 0.18 

AEF + TESSERA 64+128 0.58 3.43 2.73 0.04 0.17 0.15 

The scatter plots in Fig. 4 illustrate the relationship between observed and predicted values for the three target 

ecological variables, comparing the performance of AEF embeddings, TESSERA embeddings, and the "All S1+S2 

Features" baseline. For Shannon diversity, the AEF embeddings model produces a relatively tight cloud of points that 

tracks the 1:1 line more effectively than the other models, demonstrating robust calibration across the entire diversity 

range. In contrast, while the "All S1+S2 Features" model captures the general positive trend, it displays a flatter 

distribution characterized by a pronounced tendency to over-predict at low diversity levels and under-predict at high 

diversity levels. TESSERA embeddings show intermediate performance, matching the low MAE of the AEF model 

but displaying slightly more dispersion.  

Regarding species richness, all models exhibit distinct results. The AEF embeddings model aligns closest to the 

1:1 line, particularly across the core range of 2 to 5 species. However, it still exhibits minor regression to the mean, 

under-predicting the highest richness values. The "All S1+S2 Features" baseline exhibits a more pronounced 

compression bias, with its trend line flattening considerably at the extremes and failing to capture stands with low or 

high species counts. TESSERA embeddings capture this target moderately well, though with a slightly wider spread 

than AEF.  
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Differences among feature sets were largest for structural diversity. The AEF embeddings model showed the 

highest explanatory performance among evaluated configurations, with its smoothed trend line tightly tracking the 1:1 

line across the entire 5 to 30 cm range and minimizing prediction error at both extremes. TESSERA embeddings and 

the "All S1+S2 Features" baseline yield comparable overall explanatory power. However, the "All S1+S2 Features" 

model suffers from a higher RMSE and exhibits greater overall dispersion, confirming that while handcrafted features 

can track the broader structural trend, they show greater dispersion and lower calibration for fine-scale structural 

variability than the AEF embeddings (Fig. 4). 

 

 

Fig. 4. Prediction vs. Observation (color = observation density in hexagonal bins, log-scaled; diagonal line = 1:1 

perfect agreement; solid curve = running median; shaded band = IQR). S1 refers to Sentinel-1, S2 to Sentinel-2, AEF 

to AlphaEarth Foundation, and std to standard deviation. 
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3.2. Feature importance 

The feature-importance profiles reveal distinct patterns between handcrafted Sentinel predictors and foundation-

model embeddings (Fig. 5), although these results should be interpreted cautiously because permutation importance 

can underestimate the contribution of correlated variables by distributing predictive information across multiple 

features. Consequently, the rankings identify influential predictors but do not necessarily imply that only the highest-

ranked features are required for accurate prediction. 

Across all feature sets, permutation-importance values declined gradually from the highest- to lower-ranked 

predictors, with no evidence of a single feature dominating model performance (Fig. 5). This pattern indicates that 

predictive accuracy depends on the combined contribution of multiple variables rather than a small number of 

dominant predictors. However, notable differences were observed in the magnitude of feature importance among the 

three predictor sets. The highest-ranked AEF and TESSERA dimensions consistently exhibited larger permutation-

importance values than the highest-ranked S1/S2 variables across all response variables. This suggests that individual 

embedding channels contain more unique predictive information, whereas the predictive signal in the handcrafted 

Sentinel feature set is distributed across a larger number of correlated spectral, temporal, and texture variables. As a 

result, permuting any single Sentinel predictor produced only a modest reduction in model performance. 

The relatively gradual decline in importance values among the top-ranked embedding dimensions further indicates 

that predictive information is distributed across multiple latent channels rather than concentrated within a few 

dominant features. Together, these results suggest that foundation-model embeddings provide compact representations 

in which individual dimensions capture comparatively strong and complementary ecological information, whereas 

conventional Sentinel-derived predictors rely on a larger set of partially redundant variables to achieve comparable 

predictive performance. 
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Fig. 5. Permutation feature importance (ΔMAE) for deep neural network (DNN) models by target and predictor 

family.  

3.3. UMAP Analysis of Predictor Representations 

The UMAP projections derived from the S1+S2, AEF, and TESSERA feature sets reveal broadly 

continuous manifolds with substantial mixing of plots across the full range of Shannon diversity (H′), species 

richness, and DBH standard deviation (Fig. 6). No clear, well-defined clusters corresponding to taxonomic diversity 

levels are evident, as plots with low and high Shannon H′ values and species richness are distributed throughout the 

embedding space. Nevertheless, plots exhibiting the lowest diversity levels tend to occur more frequently along the 

outer margins of the manifolds, particularly in localized peripheral regions, suggesting that highly simplified forest 

stands possess spectral and structural characteristics that differ from those of more heterogeneous forests. 

Among the evaluated response variables, DBH standard deviation exhibits the most discernible spatial 

organization within the embeddings. Although the gradient remains diffuse, plots with higher structural 

heterogeneity are more frequently concentrated in specific regions of the latent space, whereas plots with low DBH 

variability are more common near the edges of the manifolds. This pattern is most apparent in the AEF 

representation and, to a lesser extent, in TESSERA and the conventional S1+S2 feature space. However, the 

substantial overlap among color classes indicates that structural diversity is only partially encoded in the learned 

representations. 
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Fig. 6. Two-dimensional Uniform Manifold Approximation and Projection (UMAP) representations of the predictor 

spaces derived from the handcrafted Sentinel-1/Sentinel-2 feature stack (S1+S2), AlphaEarth Foundation (AEF) 

embeddings, and TESSERA embeddings. Points are colored according to Shannon diversity (top row), species 

richness (middle row), and structural diversity expressed as the standard deviation of DBH (bottom row) 

3.4. Exploring the effect of tree size and density on modeling 

Error stratification across Quadratic Mean Diameter (QMD) classes indicates that prediction uncertainty remains 

broadly stable across the tree-size gradient for all modeling frameworks (Fig. 7). For Shannon diversity, median 

absolute residuals show only modest variation among QMD classes, with slightly elevated errors occurring in some 

intermediate diameter ranges. Species richness exhibits a similarly weak dependence on stand diameter, although 

several mid-sized and larger diameter classes display somewhat wider interquartile ranges (IQRs), indicating 

increased variability in prediction accuracy. The clearest differences are observed for structural diversity (DBH std), 

where residuals remain consistently higher than those observed for the taxonomic diversity metrics. Nevertheless, no 

systematic increase in error is evident toward larger diameter classes. Across most QMD strata, the AEF and 
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TESSERA embedding models generally produce slightly lower median residuals and somewhat narrower error 

distributions than the handcrafted S1+S2 feature model, particularly for Shannon diversity and DBH variability. 

Overall, these results suggest that prediction performance is relatively robust across the structural development 

gradient of the studied forests, with foundation-model embeddings providing modest but consistent improvements in 

error stability compared with conventional handcrafted remote-sensing features. 

 

A similar pattern emerges when residuals are stratified by stem density (trees ha⁻¹) (Fig. 8). For Shannon diversity 

and species richness, median absolute residuals remain relatively stable across the density gradient, with only minor 

fluctuations among density classes and no evidence of a systematic deterioration in prediction accuracy in denser 

stands. Although some intermediate and high-density classes exhibit slightly wider IQRs, indicating increased 

variability in individual predictions, the overall magnitude of errors remains comparable across the full range of stem 

densities. For structural diversity (DBH std), residuals are consistently larger than those observed for the taxonomic 

diversity metrics, but again show little sensitivity to changes in stand density. Across nearly all density classes, the 

AEF and TESSERA embedding models tend to exhibit lower median residuals and more compact error distributions 

than the handcrafted S1+S2 feature model, suggesting greater robustness to variation in stand structure. Collectively, 

these findings indicate that prediction performance is largely insensitive to both tree size and stem density gradients. 

At the same time, foundation-model embeddings provide modest but consistent gains in error stability across a broad 

spectrum of forest structural conditions. 
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Fig. 7. Error stratification across stand structure for DNN models (absolute residuals grouped by QMD). QMD (x-

axis): Quadratic Mean Diameter of trees in the plot. 

 

 

Fig. 8. Error stratification across stand structure for DNN models (absolute residuals grouped by tree density). 

3.5. Wall-to-wall maps 

Wall-to-wall predictions of three forest-diversity indicators across the Hyrcanian forest belt were generated using 

the best-performing AEF embedding models (Fig. 9). Fig. 9A shows taxonomic diversity measured by Shannon’s 

diversity index, while Fig. 9B and Fig. 9C represent species richness (number of tree species per plot) and the standard 

deviation of diameter at breast height, respectively. 
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Fig. 9. Predicted spatial patterns of structural and taxonomic forest diversity across the Hyrcanian forests derived from 

AlphaEarth Foundation (AEF) embeddings. Maps are masked to the official Hyrcanian Forest Boundary. 

4. Discussion 

4.1. Embeddings vs. handcrafted features 

A consistent performance hierarchy was observed across all three target ecological variables, with foundation-

model embeddings (in particular AEF) outperforming the sensor-specific stacks: AEF > TESSERA > S2 Full >> S1. 

Amongst the isolated single-sensor configurations, S2 spectral was almost on par with the embedding-based models, 

whereas S1-backscatter was largely useless and did not add value when combined with the S2 stack. Combining the 

two embeddings did not yield performance gains over using AEF alone. 

The distinct advantage of foundation models was most apparent in characterizing structural diversity. While the 

strongest handcrafted predictor configuration (S2 Full) achieved a median R² of 0.46 (RMSE = 3.95), embedding-

based representations substantially improved predictive performance. The AEF model achieved the highest accuracy 
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among all evaluated predictor sets, with a median R² of 0.62 and RMSE of 3.34, representing a marked improvement 

over handcrafted Sentinel-derived features. The combined AEF + TESSERA model also performed strongly (R² = 

0.58, RMSE = 3.43), whereas TESSERA alone performed comparably to S2 Full (R² = 0.46, RMSE = 3.98). These 

findings demonstrate the particular value of foundation-model embeddings for representing forest structural 

variability. 

These performance differences suggest that the embeddings may better capture structural and canopy-related 

information not fully represented by the handcrafted predictors. These findings align with recent literature 

demonstrating that deep, self-supervised representations effectively generalize across downstream ecological tasks by 

reusing complex spatio-temporal features (Lu et al., 2025; Xiao et al., 2025). However, the comparison should not be 

interpreted as a strictly controlled architectural comparison because the pretrained AEF embedding products 

incorporate auxiliary information sources (e.g., GEDI, terrain, and climate variables) that were not explicitly 

represented within the handcrafted Sentinel-based predictors. Similarly, TESSERA is based solely on S1 and S2 data, 

and no attempts were made to add textural features. 

While traditional handcrafted feature stacks offer interpretability, they dilute predictive signals across dozens of 

collinear spectral indices and spatial texture layers. Furthermore, their performance is highly sensitive to subjective 

analytical choices, such as the timing of the cloud-free compositing window, local moving-window texture 

dimensions, and phenological matching. Conversely, the AEF embedding model displayed better-calibrated alignment 

with the 1:1 line across all targets. Crucially, because these models were evaluated using a strict, spatially explicit 

block cross-validation, these performance gains reflect genuine macro-ecological modeling capacity; traditional 

random cross-validation would potentially have obscured these architectural differences by overstating the 

performance of handcrafted features through spatial autocorrelation over-fitting (Roberts et al., 2017; Valavi et al., 

2019). 

Ultimately, foundation-model embeddings deliver both higher absolute predictive accuracy and superior error 

stability across diverse stand conditions without any further model fine-tuning, by simply adding a prediction head. 

The most substantial operational gains are concentrated in small-diameter cohorts and highly dense canopies, where 

traditional handcrafted features incur pronounced error inflation. This supports growing evidence that deep remote 

sensing representations successfully encode subtle, sub-pixel canopy variations that are important for monitoring 

heterogeneous, multi-layered forest ecosystems (Hoffmann et al., 2022). 

Despite their predictive advantages, foundation-model embeddings remain substantially less interpretable than 

spectral indices or texture metrics. The latent dimensions identified as important in the downstream models do not 

correspond to directly observable ecological variables, and their functional meaning cannot be inferred solely from 

permutation importance rankings. Consequently, mechanistic interpretations regarding canopy structure, moisture 

dynamics, or phenological sensitivity should be considered provisional. Future work should combine embedding 

attribution analysis, latent-space probing, and controlled ablation experiments to better understand the ecological 

information represented within these pretrained feature spaces. 

4.2. Comparison with prior Hyrcanian studies 
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The predictive accuracies and spatial stability achieved in this study are broadly higher and more robust than those 

reported in historical Hyrcanian forest research, which traditionally leaned on handcrafted spectral features and 

conventional machine learning architectures. Early baseline work utilizing Landsat ETM+ data attempted to relate 

plot-level species richness, Shannon diversity, or Simpson indices to raw spectral bands and simple mathematical 

transformations; while these models achieved moderate local fits, they exhibited pronounced sensitivity to index 

selection, sensor degradation, and spatial scale (Hashemi et al., 2012; Mohammadi et al., 2020; Mohammadi and 

Shataee, 2010). Subsequent efforts integrated very-high-resolution (VHR) commercial tasking sensors (e.g., Pléiades, 

GeoEye) with advanced non-parametric classifiers such as GAM, MARS, SVM, and RF. Although these VHR 

workflows improved local biodiversity mapping within isolated experimental districts, their model transferability 

across different bioclimatic zones remained highly uncertain and cost-prohibitive (Akbari and Kalbi, 2019a, 2019b, 

2016). Multi-modal optical-SAR fusion studies in the region demonstrated that incorporating terrain topography 

yielded performance gains in steep, dissected terrain, though errors varied significantly by slope class and aspect 

(Attarchi & Gloaguen, 2013, 2018). Furthermore, cross-sensor evaluations for local species classification repeatedly 

highlighted the importance of NIR and red-edge bands, yet yielded only incremental, sensor-to-sensor improvements 

(Soleimannejad et al., 2019).  

More recent S2 initiatives utilizing continuous spectral diversity metrics and spatial textures still reported modest 

R² values at the plot scale (Ghaisaryan et al., 2023), while specialized frameworks like the PaRaVis toolbox 

emphasized multi-index, multi-temporal RaoQ for unsupervised α- and β-diversity mapping rather than explicit, 

supervised regression modeling (Fathi et al., 2024). Against this backdrop, the present embedding-based frameworks, 

evaluated under a spatially structured cross-validation design, produced significantly stronger calibration curves and 

superior explanatory power across all targets. This confirms that self-supervised representation learning captures latent 

canopy signals that traditional index- and texture-only stacks leave entirely unutilized.  

For structural diversity mapping, prior Hyrcanian literature illustrates both the promise of advanced active sensors 

and their inherent operational limitations. For instance, space-borne polarization coherence tomography derived from 

TanDEM-X radar data explained only a small fraction of local DBH variation and stem density, even after rigorous 

geometric calibration (Poorazimy et al., 2023). While fusion of airborne laser scanning and digital aerial 

photogrammetry significantly improved a suite of structural diversity indices, these workflows rely on costly, localized 

airborne campaigns and lack the wall-to-wall, continuous coverage required for regional conservation planning 

(Mohammadi et al., 2020).  

Regional spaceborne LiDAR modeling utilizing GEDI footprints has advanced the estimation of basal area, stand 

volume, and stem density, yet its continuous interpolation hinges entirely on satellite orbit constraints, cloud cover 

gaps, and sparse sampling patterns (Sohrabi and Akhavan, 2026). In contrast, the foundation-model embeddings 

evaluated in this study provide spatially continuous 10 m representations derived from large-scale Earth observation 

data. When coupled with a DNN, these embeddings captured plot-scale DBH variability substantially better than 

handcrafted Sentinel-derived predictors. The AEF model achieved the highest performance (R² = 0.62, RMSE = 3.34), 

compared with the strongest handcrafted configuration, All S1+S2 features (R² = 0.46, RMSE = 3.95). This 

performance advantage suggests that foundation-model embeddings encode information relevant to forest structural 
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heterogeneity that is not fully captured by conventional spectral, index-based, and texture-based predictors. Although 

the internal representation learned by these models is not directly interpretable, the results indicate that embedding-

based approaches provide a more effective feature space for modeling structural diversity across heterogeneous 

temperate forests. 

Methodological validation choices also explain the stark performance discrepancies between this work and 

historical baselines. Many earlier Hyrcanian studies relied on random or only partially restricted cross-validation 

designs, a flaw that inadvertently permits data leakage and inflates accuracy metrics in highly autocorrelated forest 

environments (Ghaisaryan et al., 2023; Mohammadi et al., 2011; Mohammadi and Shataee, 2010). Here, the 

implementation of spatially explicit cross-validation enforced a strict geographic separation between training and 

validation folds, ensuring that the reported errors reflect genuine, out-of-sample ecological generalization. 

Additionally, previous regional studies were frequently confined to small-area or single-district inventories 

comprising only tens to a few hundred plots, which restricted model capacity.  

By leveraging a comprehensive network of plots spanning the environmental and structural gradients of the 

Hyrcanian forest belt, this study provides a rigorous benchmark comparison between foundation-model embeddings 

and handcrafted remote-sensing predictor sets. Although performance improvements varied among response 

variables, embedding-based representations consistently outperformed conventional Sentinel-derived features. The 

gains were particularly evident for taxonomic diversity, where the best embedding models increased predictive 

performance from R² values of approximately 0.35 for Shannon diversity and 0.35 for species richness using the 

strongest handcrafted Sentinel-2 predictors to 0.50 and 0.46, respectively. Structural diversity exhibited the largest 

improvement, with AEF increasing R² from 0.46 (All S2+S2 Features) to 0.62. These findings suggest that foundation-

model embeddings capture ecological information relevant to both compositional and structural variation that is only 

partially represented by handcrafted spectral, index-based, and texture-derived predictors. While Sentinel-2 variables 

alone provided reasonably strong baselines, particularly for Shannon diversity and species richness, embedding-based 

representations offered a more informative feature space for characterizing forest heterogeneity across the complex 

environmental gradients of the Hyrcanian forests. 

4.3. Structural diversity  

Results for structural diversity revealed clear architectural and data-driven performance. While traditional inputs, 

such as isolated S1, S2, or independent texture bandsets, captured the broader structural trajectory, they exhibited 

wider error dispersion and a pronounced compression bias. In contrast, the embedding models demonstrated a highly 

calibrated, positive linear slope and significantly tighter residuals across the structural space. This indicates that self-

supervised embeddings carry rich, multi-dimensional structural signals that simple indices and spatial textures fail to 

adequately capture (Mohammadi and Shataee, 2010). 

A notable performance gap was observed between the two foundation-model frameworks. For structural diversity 

(DBH std), AEF achieved a median R² of 0.62, substantially outperforming TESSERA (R² = 0.46) and all handcrafted 

predictor sets. This finding highlights that not all foundation-model embeddings provide equivalent ecological 



 

25 

 

information for downstream tasks. While the specific factors responsible for this difference cannot be determined from 

the present analysis, variations in model architecture, training objectives, and input data sources likely contribute to 

the stronger representation of forest structural heterogeneity captured by AEF. One possible explanation for this 

difference is the inclusion of GEDI-derived structural information within the AEF pretraining framework. By contrast, 

TESSERA relies primarily on multi-temporal optical and C-band SAR streams without native GEDI constraints. 

These active LiDAR sources appear to encode vertical canopy profiles and horizontal stand structural attributes that 

are completely absent from standard S1/S2 handcrafted baselines. With these complex architectural cues embedded 

directly within the latent feature space, the downstream DNN can effectively differentiate and separate forest plots 

that present identical spectral signatures but possess highly divergent structural profiles. 

The limited capacity of single-date shortwave infrared (SWIR) bands and handcrafted EVI textures to resolve fine-

scale DBH variation is expected under dense forest conditions. While SWIR responds strongly to canopy moisture 

and EVI textures reflect coarse horizontal patterning, within-stand diameter variation is an internal structural metric 

that is only weakly linked to surface-level spectral summaries. Where wall-to-wall data is available, LiDAR remains 

the premier proxy for structural characterization. However, the results presented here demonstrate an important 

operational development: by leveraging AEF's self-supervised latent space, downstream models appear capable of 

leveraging structural information associated with canopy organization even in geographical regions lacking direct, 

continuous LiDAR labels. This highlights a highly promising pathway for robust biodiversity and biomass monitoring 

across regions with sparse or fragmented LiDAR coverage (Armston et al., 2021; Schneider et al., 2020). 

4.4. Taxonomic diversity 

For taxonomic α-diversity indices (Shannon H' and species richness), the foundation-model embeddings 

consistently demonstrated superior predictive performance relative to handcrafted Sentinel-derived predictors, 

although the magnitude of improvement was smaller than that observed for structural diversity. The best embedding 

models achieved R² values of 0.50 for Shannon diversity and 0.46 for species richness, compared with 0.37 and 

0.35, respectively, for the strongest handcrafted Sentinel-2-based predictor sets. Both AEF and TESSERA generally 

exhibited closer agreement with observed values and narrower residual distributions than the handcrafted 

alternatives, while the conventional models still provided reasonably strong predictive performance. Notably, adding 

Sentinel-1 variables to Sentinel-2 predictors did not improve accuracy, as the All S1+S2 model performed similarly 

to or slightly worse than the best Sentinel-2-only configurations (R² = 0.37 for Shannon diversity and R² = 0.31 for 

species richness). This pattern is consistent with previous studies showing that optical spectral information, 

particularly red-edge, near-infrared, and shortwave infrared wavelengths, captures much of the variation in 

vegetation composition and diversity, whereas Sentinel-1 backscatter often contributes limited additional 

information for predicting taxonomic diversity in closed-canopy forests(Immitzer et al., 2019; Misra et al., 2020; 

Ren et al., 2023; Yang et al., 2022).  



 

26 

 

Historically, reported biodiversity mapping accuracies in Hyrcanian forest literature utilizing combined S1 and S2 

feature stacks have been moderate, fluctuating significantly based on local topographic shadows, complex overstory 

species mixes, and specific inventory plot designs (Akbari and Kalbi, 2019b, 2016; Mohammadi et al., 2020; 

Mohammadi and Shataee, 2010; Poorazimy et al., 2023). The systematic advantage of foundation-model embeddings 

over handcrafted feature stacks suggests that the pretrained representations capture ecologically relevant information 

not fully captured by conventional remote-sensing features. Because these embeddings are learned from large-scale 

multi-temporal observations during pretraining, they may encode complex spatial, temporal, and cross-sensor 

relationships that are difficult to reproduce through manual feature engineering. Nevertheless, the relative contribution 

of these factors remains an open question and was beyond the scope of the present study.  

Although the foundation-model embeddings consistently outperformed the handcrafted feature stacks, the 

underlying reasons for this advantage remain unclear. The embeddings may capture information related to canopy 

structure, phenology, spatial context, or other environmental gradients that are only partially represented by 

conventional remote-sensing variables. Disentangling these contributions would require dedicated analyses beyond 

the scope of the present study. In practical application, standard S2 spectral stacks remain a highly reliable, 

computationally lightweight baseline for operational taxonomic mapping by conservation agencies. However, the 

foundation embeddings provide a more accurate alternative that effectively flattens systematic over- and under-

prediction biases at the ecological extremes, offering a highly calibrated boost to regional biodiversity inventories. 

4.5. Importance of the predictors 

The permutation-importance analysis identified several influential handcrafted predictors, including SWIR bands, 

seasonal EVI metrics, and texture-derived variables, which are broadly consistent with previous studies highlighting 

the importance of canopy moisture, phenology, and vegetation heterogeneity for biodiversity mapping (Delegido et 

al., 2011; Fassnacht et al., 2016; Frampton et al., 2013). However, the results also highlight important limitations of 

conventional feature-importance analyses when applied to foundation-model embeddings. 

Across all feature sets, permutation-importance values declined gradually from the highest- to lower-ranked 

predictors, with no evidence of a single feature dominating model performance. This pattern suggests that predictive 

accuracy depends on the collective contribution of multiple variables rather than a small set of dominant predictors. 

Nevertheless, the highest-ranked AEF and TESSERA dimensions consistently exhibited larger permutation-

importance values than the highest-ranked S1/2 variables. This finding suggests that individual embedding channels 

contain more unique predictive information, whereas the predictive signal in the handcrafted Sentinel feature set is 

distributed across a larger number of correlated spectral, temporal, and texture variables. Consequently, permuting a 

single Sentinel predictor resulted in only a modest reduction in model performance, likely reflecting substantial 

redundancy among conventional remote-sensing features. 

Unlike handcrafted variables, foundation-model embeddings consist of latent representations that do not have a 

direct ecological or biophysical interpretation (Brown et al., 2025b; Feng et al., 2026). Therefore, importance scores 

for individual embedding dimensions should not be interpreted as evidence that a small subset of channels alone drives 
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model performance. Moreover, permutation importance is sensitive to correlations among predictors and may 

underestimate the contribution of features whose information is shared across multiple dimensions. This limitation is 

particularly relevant for embedding spaces, where predictive information may be distributed across numerous latent 

channels. 

The relatively gradual decline in importance values among the top-ranked embedding dimensions indicates that 

predictive information is not concentrated within a few dominant channels. Instead, multiple latent dimensions 

contributed at comparable levels to model performance, suggesting that the embeddings function as compact 

representations in which ecological information is encoded across several complementary features. Therefore, the 

importance analysis is most appropriately viewed as a tool for characterizing patterns of information distribution rather 

than for assigning ecological meaning to individual embedding dimensions. A more rigorous interpretation would 

require dedicated analyses such as embedding attribution, ablation experiments, gradient-based explanations, or 

transferability assessments across regions and years, which were beyond the scope of the present study. 

5. Conclusion 

This study introduced and evaluated a foundation-model embedding workflow for regional forest-diversity 

mapping and benchmarked its performance against comprehensive S1 and S2 handcrafted feature stacks across the 

Hyrcanian forest belt. Using a rigorous spatial cross-validation framework, foundation-model embeddings 

consistently achieved the highest predictive performance across all evaluated diversity indicators, with the largest 

gains observed for structural diversity. Among the evaluated embedding products, AEF consistently outperformed 

TESSERA and the conventional remote-sensing feature sets. 

The results further revealed a clear hierarchy among the handcrafted predictors. S2-based feature sets provided 

competitive performance for taxonomic diversity mapping, whereas S1 predictors alone contributed little to no 

predictive value. Moreover, combining S1 and S2 features produced only marginal improvements over S-2 alone, 

suggesting that most of the useful information for diversity estimation in the Hyrcanian forests was contained within 

the optical observations. 

Beyond overall accuracy, the embedding-based models demonstrated more stable performance across structurally 

diverse forest conditions and produced lower prediction errors for complex stands. However, these gains come at the 

cost of reduced interpretability, as the ecological meaning of individual embedding dimensions remains largely 

unknown. Future research should therefore focus on improving the interpretability of foundation-model 

representations and evaluating their transferability across forest types, ecological regions, and time periods. 

From an operational perspective, foundation-model embeddings offer perhaps their greatest advantage in 

computational efficiency and implementation simplicity. Although they consistently matched or exceeded the 

performance of handcrafted predictor sets, they did so using substantially fewer input variables and without the need 

for complex feature-engineering workflows. The AEF and TESSERA embeddings reduced predictor dimensionality 

from several hundred multi-temporal Sentinel-derived variables to only 64 and 128 latent features, respectively, while 

maintaining superior predictive performance. This reduction simplifies data preparation, lowers storage and 
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computational requirements, and facilitates scalable deployment across large forested regions. While multi-temporal 

Sentinel-2 feature stacks remain attractive because of their ecological interpretability, embedding-based 

representations provide a more operationally efficient solution for large-scale forest diversity monitoring.** 

Overall, the findings demonstrate that geospatial foundation-model embeddings represent a promising new 

generation of predictors for biodiversity monitoring and forest inventory applications, providing measurable 

improvements over conventional feature-engineering approaches in structurally complex, species-rich forests. 
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