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Abstract17

Urban tree biodiversity is critical for climate resilience, ecological stability, and18

livability in cities, yet most municipalities lack detailed knowledge of their19

canopies. Field-based inventories provide reliable estimates of Shannon and Simp-20

son diversity but are costly and time-consuming, while supervised AI methods21

require labeled data that often fail to generalize across regions. We introduce an22

unsupervised clustering framework that integrates visual embeddings from street-23

level imagery with spatial planting patterns to estimate biodiversity without24

labels. Applied to eight North American cities, the method recovers genus-25

level diversity patterns with high fidelity, achieving low Wasserstein distances26

to ground truth for Shannon and Simpson indices and preserving spatial auto-27

correlation. This scalable, fine-grained approach enables biodiversity mapping in28

cities lacking detailed inventories and offers a pathway for continuous, low-cost29

monitoring to support equitable access to greenery and adaptive management of30

urban ecosystems.31
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1 Introduction33

Quantifying biodiversity in urban forests is essential to assess ecosystem health and to34

guide evidence-based management and policy decisions for urban green spaces. Widely35

used metrics like Shannon entropy and Simpson’s index integrate both richness (num-36

ber of taxa) and evenness (distribution of abundances) into a single value, providing37

interpretable indicators for comparing ecological conditions across locations and over38

time [1, 2]. However, accurate estimation of these indices at the genus or species39

level typically requires detailed and geo-referenced taxonomic inventories, most often40

collected through arborist-led field surveys [3]. Although these surveys are reliable,41

they are resource intensive. Urban street-tree programs may spend up to $65 per tree42

annually on inventory, monitoring, and management, which has limited large-scale43

implementation to only a few well-funded cities [4, 5].44

In the past 50 years, adapting to climate change has become a priority for cities45

around the world. Seminal and contemporary studies [6–9] highlight that anthro-46

pogenic changes in the past few decades have caused a rapid loss of urban biodiversity.47

In addition to supporting biodiversity and urban ecosystems [10], trees play a critical48

role in maintaining livability by contributing to equitable access to greenery [11–13],49

improved air quality [14, 15], and thermal comfort [16, 17]. Yet, tree planting strategies50

are often guided by aesthetic preferences rather than ecological function [18], resulting51

in reduced diversity and increased vulnerability to pests, diseases, and climate stres-52

sors [13]. A more diverse and ecologically informed urban canopy can buffer against53

these risks and adapt over time [19–21].54

Open access data sources, such as Street View Imagery (SVI), offer a scalable alter-55

native for biodiversity monitoring due to their extensive spatial coverage [22]. However,56

SVI datasets are unlabeled, meaning the images do not specify the tree species present57

and require substantial pre-processing to extract ecological information suitable for58

diversity estimations. Identifying individual taxa from imagery is particularly chal-59

lenging: trees of the same species may look very different depending on season, age, or60

management, while distinct species can appear deceptively similar. These difficulties61

make automated classification highly sensitive to subtle morphological cues. Current62

supervised ecological AI models [23, 24], while effective within their training domains,63

often under-perform when applied to regions or taxa not well represented in training64

data, largely due to geographic domain shift [25].65

Self-supervised learning offers a promising alternative by eliminating the need for66

labeled data [26]. However, when applied to limited or homogeneous datasets, these67

methods often under-perform due to overfitting and poor generalization, as robust68

representations typically require large and diverse training samples. Few clustering69

approaches have been explicitly designed to preserve abundance distributions in a way70

that enables accurate Shannon and Simpson estimation from unlabeled imagery. This71
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capability is essential for producing ecologically meaningful biodiversity metrics from72

large-scale, unlabeled datasets.73

In this work, we address the challenge of large-scale, label-free biodiversity moni-74

toring by developing an unsupervised clustering approach that estimates genus-level75

urban tree diversity directly from street-level imagery. We apply the framework across76

eight North American cities with contrasting forest compositions and imbalance, and77

evaluate its ability to recover biodiversity metrics such as Shannon and Simpson78

indices as well as spatial distribution patterns. While our evaluation is necessarily con-79

strained to cities with available ground-truth inventories, the results demonstrate that80

the approach generalizes across diverse urban forest contexts and provides a scalable81

pathway for integrating biodiversity insights into urban resilience planning.82

2 Results83

We evaluated our framework in eight North American cities spanning a wide range of84

forest compositions and genera imbalances (see Section 4.1). All biodiversity metrics85

are computed at the level of spatial grid cells, obtained by partitioning each city86

into regular 500-m grids, with each cell representing a local urban tree community.87

Accordingly, richness, Shannon, and Simpson are all treated as local (α-diversity)88

measures, and RMSEα quantifies error in cell-level richness rather than city-wide89

(γ) diversity. The method consistently recovered meaningful biodiversity patterns,90

demonstrating robustness even in cities dominated by a few genera. Table 1 reports91

results for the best-performing configuration, selected through hyperparameter tuning92

(see Appendix A) and ablation study (see Appendix B), which achieved a balanced93

trade-off between richness accuracy, clustering quality, and diversity preservation.94

Table 1: Clustering performance for our clustering framework across cities. Metrics
include richness error (RMSEα ↓), clustering quality (V-score ↑), and distributional
agreement with ground-truth Shannon (scaled) and Simpson diversity measured using
the 1-Wasserstein distance (W1 ↓). Values are reported as mean [95% CI] through
bootstrapping [27].

City RMSEα ↓ V-score ↑ W1,Shannon ↓ W1,Simpson ↓

Calgary 4.39 [4.20–4.59] 0.397 [0.387–0.406] 0.215 [0.208–0.222] 0.178 [0.169–0.186]
New York 3.42 [3.34–3.51] 0.476 [0.471–0.480] 0.073 [0.070–0.077] 0.064 [0.059–0.068]
Columbus 5.99 [5.76–6.22] 0.430 [0.422–0.437] 0.177 [0.172–0.183] 0.140 [0.134–0.147]
Denver 5.39 [5.15–5.62] 0.487 [0.480–0.494] 0.069 [0.065–0.073] 0.040 [0.036–0.045]
Los Angeles 3.74 [3.63–3.84] 0.477 [0.473–0.481] 0.070 [0.067–0.073] 0.067 [0.064–0.071]
Seattle 9.94 [9.56–10.3] 0.487 [0.481–0.493] 0.155 [0.150–0.160] 0.095 [0.089–0.101]
Washington 15.6 [14.7–16.3] 0.498 [0.491–0.505] 0.133 [0.127–0.140] 0.033 [0.029–0.039]
San Francisco 10.0 [9.17–10.8] 0.493 [0.485–0.501] 0.034 [0.028–0.041] 0.028 [0.023–0.034]
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Richness and cluster quality results.95

As shown in Table 1, genera imbalance strongly influenced richness estimation error96

(RMSEα), though not uniformly across cities. In highly uneven forests such as97

Washington and Seattle, RMSEα exceeded within-city variability, underscoring the98

difficulty of estimating richness under strong dominance patterns. By contrast, in more99

balanced systems such as Los Angeles, Denver, and New York, errors were smaller than100

or comparable to observed standard deviations, and in several cases outperformed a101

näıve mean-predictor baseline (see Appendix E). Despite these differences, the V-score102

remained consistent across all datasets (0.397–0.498), indicating that clustering pre-103

served the overall partitioning structure even when richness estimates deviated. These104

findings suggest that richness is not the primary strength of our approach, but per-105

formance is competitive in balanced forests and improves over statistical baselines.106

Richness estimation is inherently more sensitive to long-tail genus distributions, as107

rare taxa contribute little to the dominant visual and spatial signal regardless of learn-108

ing paradigm. This limitation is therefore not specific to unsupervised clustering, and109

could be mitigated in future work through targeted sampling [28], weak priors on rar-110

ity [29], or emerging long-tail–aware generative augmentation strategies [30], which111

remain challenging in ecological settings.112

Diversity results.113

For Shannon and Simpson diversity, we assessed agreement with ground truth using114

the Wasserstein distance [31]. This metric quantifies the minimum ”cost” of trans-115

forming one distribution into another, accounting not only for absolute differences but116

also for their positions across the value range. Unlike RMSE, which captures pointwise117

error, the Wasserstein distance is sensitive to systematic shifts in distributional shape118

and spread, making it particularly suitable for ecological indices. We focus on Shannon119

and Simpson entropies due to their long-standing theoretical foundation, widespread120

adoption, and interpretability in ecological research [1]. These classical metrics capture121

complementary aspects of community structure such as balanced weighting of common122

and uncommon taxa (Shannon) and dominance-driven structure (Simpson)[32].123

In our datasets, Simpson diversity is bounded between 0 and 1, while Shannon124

diversity can reach values of about 3.5 (see Section 4.1). To enable direct comparison125

across indices and cities, Shannon values were normalized by their relative maximum,126

placing both metrics on a common [0,1] scale. In this context, Wasserstein distances127

below 0.05 indicate very strong alignment with ground truth distributions, while values128

near 0.1 represent moderate but still ecologically meaningful agreement [33]. Cities129

such as Washington (0.133 for Shannon, 0.033 for Simpson) and San Francisco (0.034130

for Shannon, 0.028 for Simpson) demonstrated strong alignment for both indices, with131

proportionally smaller errors for Simpson. Calgary, by contrast, exhibited the weakest132

alignment across metrics. We hypothesize that this may be linked to more aggressive133

visual obfuscation apparent in Canadian Street View imagery compared to the United134

States, where stronger privacy safeguards and stricter blurring protocols are enforced135

[34]. Fig. 1 illustrates this by comparing predicted and observed Shannon values in Los136

Angeles (Fig. 1a) and Simpson values in New York (Fig. 1b). A full set of city-level137

results, including baseline comparisons and variability relative to observed standard138
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deviations, is provided in Appendix E, which contextualizes how performance varies139

across urban forest structures.140

Diagnosis of possible entropy inflation.141

One potential concern with unsupervised clustering is that lower distributional errors142

may arise not from genuine recovery of community structure but from artificial entropy143

inflation, e.g., through oversplitting or the proliferation of singleton clusters. To assess144

this, we performed a dedicated diagnostic analysis (Appendix D) that examined over-145

splitting factors, purity, evenness shifts, and rank–abundance correlations between146

predicted and observed communities against a supervised model using linear probing147

on BioCLIP [23] model. Across all cities, the singleton ratio was zero, oversplitting148

factors remained close to one, and evenness shifts were modest, with New York even149

showing a slight decrease. At the same time, rank–abundance correlations were con-150

sistently high (ρ ≈ 0.9), indicating that predicted clusters preserved the overall shape151

of community distributions. These findings confirm that the improved alignment of152

Shannon and Simpson diversity under the unsupervised approach is not an artifact153

of inflated entropy, but rather reflects ecologically meaningful recovery of biodiversity154

structure.155

Overall, the method achieved low Wasserstein distances for both Shannon and156

Simpson diversity across diverse urban forest conditions, including in highly imbal-157

anced contexts. High Simpson accuracy suggests the framework effectively captured158

dominant genera distributions, while strong Shannon performance indicates robustness159

to abundance evenness patterns. Taken together, these results demonstrate that our160

approach can accurately recover both abundance distributions and spatial diversity161

patterns with strong spatial fidelity (see Appendix C) from entirely unlabeled street-162

level imagery, directly addressing the lack of scalable, label-free biodiversity mapping163

methods highlighted in the Introduction.164

3 Discussion165

Our results demonstrate that an unsupervised and spatially aware clustering frame-166

work can recover both magnitude and spatially weighted biodiversity measures, where167

diversity is computed locally and evaluated across spatial grid cells, from unlabeled168

street-level imagery with high fidelity, even under markedly imbalanced genus distribu-169

tions. Across diverse urban contexts, the method achieved low Wasserstein distances170

for Shannon and Simpson diversity, while preserving spatial autocorrelation patterns171

with minimal deviation from ground truth. These findings are consistent with previous172

reports that dominant taxa patterns are easier to recover than local evenness structure173

driven by the relative abundances of non-dominant genera [1, 22], but extend prior174

work by showing that evenness-sensitive indices such as Shannon can also be estimated175

reliably when spatial priors are incorporated. Crucially, by enabling robust, label-free176

biodiversity mapping, this approach offers a scalable tool that could be integrated177

into municipal monitoring systems, guide nature-based policy, and support adaptive178

planning in cities with limited ecological data infrastructure.179
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(a) Los Angeles’s Shannon Entropy Ground Truth and Predicted Results

(b) New York’s Simpson Entropy Ground Truth and Predicted Results

Fig. 1: A comparison between ground truth and predicted values of Shannon entropy
in Los Angeles and Simpson entropy in New York.

Our ablation analysis (Appendix B) showed that the joint use of outlier elimina-180

tion and cluster merging provided the best balance between clustering quality, richness181

accuracy, and preservation of diversity structure. This result indicates that addressing182

noise (through elimination) and fragmentation (through merging) in tandem is partic-183

ularly effective for recovering meaningful ecological patterns from unlabeled imagery.184

More broadly, it suggests that unsupervised clustering in environmental applications185

benefits from strategies that explicitly mitigate both spurious assignments and over-186

segmentation. While prior studies have applied label-free clustering to infer urban187
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landforms from very high-resolution satellite data [35] or crop types from multispec-188

tral time series [36], such approaches typically rely on costly or proprietary datasets.189

By contrast, our framework demonstrates that freely available street-level imagery190

can support scalable, label-free biodiversity assessment in urban forests, extending191

applicability to regions where high-resolution remote sensing is not accessible.192

From an applied perspective, the framework offers a scalable alternative to field-193

based inventories for monitoring urban tree diversity and can be integrated into urban194

forestry programs. Spatially explicit Shannon and Simpson maps at the city scale can195

guide planting strategies, highlight areas at risk of monocultures, and support temporal196

monitoring, while reducing the effort and cost of repeated ground surveys. Importantly,197

this directly addresses the central gap identified in the Introduction in regards to the198

inability of existing methods to recover abundance distributions and spatial diversity199

patterns from unlabeled imagery. By overcoming this limitation, our approach provides200

a pathway for continuous, cost-effective biodiversity monitoring that can inform urban201

resilience planning. Here, “city-scale” refers to the aggregation and analysis of spatially202

explicit grid-level diversity patterns, rather than to the direct estimation of total city-203

wide (γ) richness. City-level insights are obtained by summarizing the distribution204

and spatial organization of grid-level Shannon and Simpson diversity values, enabling205

identification of dominance hotspots, monoculture risk, and spatial inequities without206

explicitly inferring total genus counts.207

Several constraints remain. Street-level imagery is updated at irregular intervals,208

sometimes years apart, which complicates the interpretation of temporal change.209

In practice, this means the framework is better suited to structural baselines and210

cross-sectional monitoring than to precise year-to-year trend detection. Coverage is211

uneven globally, with gaps in rural areas, private developments, and in certain coun-212

tries; thus, results are most applicable in dense urban cores of cities with established213

GSV infrastructure, and less transferable to places where coverage is patchy. Privacy-214

driven blurring can obscure morphological features needed for genus discrimination,215

potentially biasing genus detection toward larger or more distinctive trees, and under-216

representing genera with finer-grained leaf or bark traits. Seasonal foliage changes,217

variable lighting, and transient occlusions (e.g. vehicles or pedestrians) introduce visual218

noise, which can reduce consistency across time and space and necessitate larger sam-219

ple sizes to stabilize estimates. In such cases, phenological variation may cause visually220

distinct seasonal appearances of the same genus to be assigned to separate pseudo-221

taxa, potentially affecting cluster purity or inflating effective richness. Additionally,222

the method only captures the visible streetscape; off-street vegetation is excluded,223

which can underestimate diversity in areas where backyards, courtyards, or parks hold224

a significant share of urban trees.225

Looking ahead, performance could be enhanced by incorporating vision–language226

models (VLMs) that leverage fine-grained textual descriptors of morphological traits227

[37], improving discrimination between visually similar trees. As model efficiency228

advances, large-scale VLM integration may become feasible. Further gains may come229

from foundational models trained on ecologically diverse, high-resolution vegetation230

datasets, coupled with domain-adaptive fine tuning to improve generalization to under-231

represented regions. In parallel, prior work shows that satellite RGB imagery alone232
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is insufficient for reliable urban tree assessment [38, 39]; integrating complementary233

modalities such as airborne LiDAR for structural detail and high-resolution multispec-234

tral data or recent foundation models [40] for spectral cues would enrich representation235

and enable a more holistic view of urban forest diversity. Beyond technical gains,236

these enhancements would directly support cross-city generalization, allowing models237

to adapt to ecological and urban form variability across different contexts. Moreover,238

the fusion of tree diversity indicators with other environmental datasets such as air239

quality, temperature, or land use would situate this work within the broader trend240

of multimodal urban environmental monitoring, creating synergies for applications in241

climate resilience, ecosystem services evaluation, and nature-based urban planning.242

In sum, this work establishes that unsupervised clustering of spatial and visual243

embeddings can be a practical, transferable, and data-efficient approach to quantify-244

ing urban tree diversity. By recovering both the magnitude and spatial organization of245

Shannon and Simpson diversity indices, the framework offers a pathway for continu-246

ous, city-scale biodiversity monitoring and supports the development of more resilient,247

ecologically informed urban forests. By enabling the recovery of both abundance distri-248

butions and spatial diversity patterns from unlabeled imagery, our approach opens the249

door to scalable, globally comparable biodiversity mapping for urban environments.250

4 Methods251

We approach urban tree biodiversity with an unsupervised clustering framework driven252

by spatial priors, using neighborhood structure and planting patterns as the primary253

signal. Rather than relying on datasets that label each tree by species or genus and254

then training a supervised model on those labels, our method operates without labels255

and instead groups trees into taxonomically coherent clusters using visual embeddings256

extracted from street-level imagery. Each cluster functions as a pseudo-taxon, allowing257

the computation of Shannon, Simpson, and related indices without the need for explicit258

species identification. The end-to-end pipeline consists of five stages: data description,259

spatial and visual embedding extraction, spatial–visual clustering, cluster refinement,260

and biodiversity metric computation. An overview of the methodology is shown in261

Fig. 2 and detailed later in this section.262

4.1 Data Description263

This study relies on the Auto Arborist dataset [38], a large-scale benchmark of urban264

street trees derived from dense sampling of Google Street View (GSV) imagery. While265

the dataset spans numerous cities, we selected eight cities that span a wide range of266

urban form, genera composition, and spatial distribution, providing a robust testbed267

for cross-city evaluation of the framework. Across these cities, the dataset contains268

hundreds of thousands of geotagged tree instances annotated at the genus level.269

To move from city-level coverage to local-scale analysis, each city is discretized into270

regular 500-m grid cells, which serve as the fundamental spatial units of analysis. All271

biodiversity metrics are computed at the grid-cell level, with each cell representing a272
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Fig. 2: Overview of the methodology. Street-level imagery (see Section 4.1) is pro-
cessed using an object-detection model from prior work to extract tree instances,
which are geo-located and mapped into 500 m grid cells (top row). The bottom rows
illustrate the iterative clustering process applied to spatial embeddings: from left to
right, the procedure consists of pseudo-clustering, elimination, and re-grouping (top
sequence), followed by reassignment and successive merging steps (bottom sequence),
culminating in stable genus-level clusters. Together, these stages yield coherent genus-
level tree distributions across space.

local urban tree community. The dataset is no longer publicly hosted due to mainte-273

nance constraints, but remains available from the authors upon request. Full details274

of the acquisition and preprocessing pipeline are provided in [38].275

All analyses are conducted at the genus level, which represents a well-established276

and pragmatic taxonomic resolution in large-scale urban tree studies. At this level,277

taxonomic groupings remain ecologically meaningful while avoiding the substantial278

ambiguity and visual overlap that often limit reliable species-level discrimination279

from street-level imagery. Many functional traits, environmental tolerances, and man-280

agement considerations are conserved within genera, making genus-level aggregation281
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suitable for biodiversity assessment and urban forestry applications [41–43]. This reso-282

lution also provides a stable basis for comparative analysis across cities while remaining283

compatible with the structure of widely used urban tree inventories. To ensure repro-284

ducibility and enable further research, we will release the spatial and visual embeddings285

of some cities generated in this study, providing a standardized, high-quality resource286

for consistent and cross-city evaluation.287

Table 2: Summary of urban forest characteristics for the eight North Ameri-
can cities in the Auto Arborist dataset. Reported metrics include urban area,
total tree counts, number of genera, genera imbalance (µIR ± σIR), and the
maximum grid-cell–level Shannon diversity (H ′

max), shown as a reference for
local α-diversity rather than city-wide entropy.

City Urban Area (km2) #Trees #Genera µIR ± σIR H′
max

Calgary, AB 621.7 64,476 35 11.28 ± 18.02 2.47
New York, NY 1,223.6 560,069 68 11.33 ± 14.67 3.12
Columbus, OH 1,336.5 114,536 81 17.96 ± 24.95 3.18
Denver, CO 1,760.0 175,438 97 18.40 ± 20.25 3.27
Los Angeles, CA 5,910.0 391,788 202 20.98 ± 27.90 3.50
Seattle, WA 2,546.0 150,983 142 34.06 ± 37.07 3.44
Washington, DC 3,351.0 152,983 71 43.13 ± 43.38 2.89
San Francisco, CA 1,330.0 154,698 195 57.96 ± 77.78 3.48

Average 2,384.5 220,746 111 26.43 ± 32.00 3.17

The dataset used encompasses eight major North American cities (Table 2), cap-288

turing substantial variation in urban extent, tree abundance, taxonomic richness, and289

genera imbalance. Urban area spans nearly an order of magnitude, from 621.7 km2
290

in Calgary to 5,910 km2 in Los Angeles. Total tree counts range from roughly 64,000291

in Calgary to over 560,000 in New York, reflecting differences in both city size and292

canopy coverage. Taxonomic richness, measured as the number of genera, peaks in Los293

Angeles (202) and San Francisco (195), indicating broad genera variety, and is lowest294

in Calgary (35), suggesting a more homogeneous composition.295

The genera imbalance factor (IR), defined as the mean ± standard deviation of the296

maximum-to-minimum (MM) genus count ratio within city grids, highlights marked297

contrasts in dominance patterns. New York exhibits the most even composition (11.33298

± 14.67), whereas San Francisco (57.96 ± 77.78), Washington (43.13 ± 43.38), and299

Seattle (34.06 ± 37.07) display strong skew toward a few dominant genera, because300

richness is driven by the accurate detection of rare genera, which often appear as301

low-abundance or singleton occurrences and are therefore more susceptible to mis-302

assignment or merging errors in clustering-based approaches. Such high imbalance303

factors present greater challenges for biodiversity estimation, particularly for rich-304

ness metrics. Importantly, IR should be interpreted as a measure of dominance rather305

than a direct indicator of overall biodiversity: cities with high IR can still host many306
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genera, but those genera are unevenly distributed, with a few disproportionately rep-307

resented. In our analysis, we found that while extreme IR values often coincided with308

higher richness errors, they did not consistently predict lower Shannon or Simpson309

diversity, since these indices emphasize evenness and relative abundance rather than310

absolute richness. In particular, Simpson diversity and, to a lesser extent, Shannon311

entropy largely reflect dominant and common genera, whereas rare genera contribute312

disproportionately to richness but minimally to these entropy-based measures [32].313

Shannon diversity, which in this dataset can reach values of approximately 3.5,314

further distinguishes the cities. Larger and compositionally diverse cities such as Los315

Angeles, San Francisco, and Seattle attain the highest maxima, reflecting both high316

richness and evenness in certain localities. By contrast, cities with fewer genera or317

pronounced dominance, such as Calgary and Washington, tend toward lower Shannon318

maxima, consistent with reduced local evenness.319

Collectively, these differences position the dataset used as a diverse and challenging320

benchmark to test the generalizability of unsupervised clustering methods in urban321

biodiversity assessment. A detailed pseudo-code of the pipeline is provided in Appendix322

B (Algorithm ??), and the complete implementation, including hyperparameter tuning323

and preprocessing scripts, is available on Github.324

4.2 Clustering Framework325

Clustering urban tree data from street-level imagery requires methods that can326

accommodate both fine-grained visual differences between genera and spatial patterns327

imposed by urban design. Our framework combines visual and spatial embeddings in328

a multi-stage pipeline that progressively refines initial groupings, removing visual out-329

liers, merging highly similar clusters, and reassigning ambiguous samples. This design330

balances taxonomic accuracy with spatial representativeness, ensuring that diversity331

metrics capture both the magnitude and spatial structure of urban forest biodiversity.332

4.2.1 Pseudo Clustering333

Urban trees are often arranged linearly along streets and boulevards to provide shade,334

enhance aesthetic appeal, and define pedestrian zones [44]. However, many clustering335

algorithms perform poorly on linear or anisotropic spatial patterns, as they often336

assume compact clusters with uniform densities. Clustering methods like Ordering337

Point to Identify the Clustering Structure (OPTICS) [45] or Fuzzy c-Means (FCM) [46]338

rely on parameters or assumptions that are not well suited for elongated or non-convex339

cluster geometries.340

Spatial embeddings derived from TaxaBind [24], a multimodal foundation model341

that incorporates geographic location and environmental features globally, provide a342

powerful solution to the limitations of traditional clustering algorithms when applied343

to linearly arranged urban tree data. Unlike centroid- or density-based methods, which344

often fail to capture elongated or irregular structures [47], spatial embeddings trans-345

forms raw geographic coordinates into a learned representation that encodes relative346

spatial context and structural relationships. This allows linearly aligned trees to be347

represented as coherent patterns, even in the presence of spacing variability, gaps, or348
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Fig. 3: Intra-cluster similarity filtering using a tuned threshold. Low-similarity mem-
bers (highlighted) are excluded to increase cluster coherence.

missing data. By preserving and enhancing neighborhood relationships, spatial embed-349

dings help group trees that share local spatial context, making clustering more robust350

to urban morphology.351

For visual features, we use BioCLIP [23] to extract fine-grained, taxonomically rel-352

evant representations from street-level imagery. These visual embeddings complement353

the spatial representation by capturing leaf, bark, and crown characteristics that are354

essential for distinguishing between visually similar genera.355

As an initial step, we group TaxaBind spatial embeddings into pseudo-clusters356

using the HDBSCAN algorithm [48], leveraging the tendency of urban trees to be357

planted in structured, often linear arrangements. This approach typically results in358

taxonomically pure clusters due to the spatial regularity introduced by common urban359

planting strategies such as row planting along streets or uniform spacing in public360

parks.361

4.2.2 Outlier Elimination362

Outlier elimination based on intra-cluster visual similarities aims to improve the coher-363

ence and reliability of clustering by removing samples that visually deviate from the364

dominant patterns within their assigned group. After forming initial clusters based365

on spatial proximity, we compute pairwise cosine similarities [49] between all visual366

embeddings within each cluster. Cosine similarity is particularly suitable here because367

it measures the angular closeness of vectors rather than their raw magnitudes, which is368

advantageous in high-dimensional embedding spaces where differences in vector length369

are less informative than differences in orientation. This makes it effective for captur-370

ing whether samples share a common visual representation, even when the embedding371

space is large and sparse. Samples with consistently low similarity to other members372

are considered visually inconsistent and are eliminated as outliers.373
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Because visual differences among tree genera can be subtle and fine-grained, espe-374

cially in urban settings with morphologically similar genera, directly detecting outliers375

is challenging. To address this, we adopt a conservative strategy in which outliers are376

identified as those samples whose average similarity to other cluster members falls377

below a threshold determined through hyperparameter tuning (see Appendix A). This378

thresholded filtering prioritizes consistency while avoiding premature exclusion of valid379

but visually nuanced samples, resulting in more stable and interpretable clusters in380

subsequent steps. This process is further illustrated in Fig. 3.381

4.2.3 Re-grouping and Re-assignment382

The re-grouping and re-assignment process targets samples eliminated during the out-383

lier detection stage, which were initially clustered based primarily on spatial proximity384

rather than visual coherence. Since such pseudo-clusters may group together visu-385

ally dissimilar trees due to their physical arrangement, the eliminated members are386

revisited to assess whether they form more semantically consistent groupings.387

Visual embeddings of all eliminated samples are compared, and if a subset exhibits388

mutual similarity above the tuned cosine similarity threshold (Appendix A), elimi-389

nated samples are grouped into a new cluster, capturing visual structure that spatial390

proximity alone may have missed. Remaining samples are evaluated for reassignment391

to the most visually similar existing cluster, again using the tuned threshold. If no392

such reassignment is possible, the sample is treated as a singleton cluster.393

This step enhances visual coherence in the final clustering while improving the394

model’s ability to capture the long-tail distribution of urban tree genera where many395

rare or underrepresented classes naturally appear as singletons.396

4.2.4 Merging Process397

Within each post-processing iteration, cluster merging serves as an adaptive consol-398

idation step, reducing over-fragmentation as the clustering structure evolves. After399

outlier elimination, some clusters become more visually coherent, and new clusters400

may emerge from outlier grouping. These updates can reveal opportunities to combine401

clusters that now exhibit strong visual similarity.402

As shown in Fig. 4, we compute the average cosine similarity between the embed-403

ding centroids of all cluster pairs. If the similarity between two clusters exceeds a404

threshold determined through hyperparameter tuning (see Appendix A), they are405

merged into a single group. Performing this merging iteratively, rather than in a single406

final pass, ensures that decisions are made on the most up-to-date cluster compositions,407

accounting for changes introduced by outlier removal, grouping, and reassignment.408

This incremental approach prevents premature large-scale merges that risk col-409

lapsing meaningful fine-grained distinctions, while still allowing the framework to410

consolidate redundant clusters as they appear. Over successive iterations, the result411

is a set of visually coherent, non-redundant clusters that better reflect the ecological412

structure of the dataset. By reducing spurious fragmentation and redundancy, these413

refinements directly improve the accuracy of abundance distributions, which in turn414

leads to more reliable Shannon and Simpson diversity estimates.415
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Fig. 4: Iterative merging of visually similar clusters, guided by centroid similarity, to
consolidate over-fragmented groups.

5 Conclusion416

This study introduced an unsupervised clustering framework for quantifying urban for-417

est diversity directly from street level imagery, capturing both evenness and dominance418

based diversity indices. Extensive hyperparameter tuning and ablation experiments419

revealed that combining outlier elimination with cluster merging provided the best420

trade off between clustering quality, richness accuracy, and preservation of diversity421

structure, while additional reassignment steps offered only marginal benefits. Across422

diverse urban contexts, the method achieved low Wasserstein distances for both Shan-423

non and Simpson diversity, indicating strong agreement with ground truth even in424

cities with highly imbalanced genera distributions.425

Importantly, the framework preserved the spatial organization of diversity, as426

reflected by minimal differences in Moran’s I values for Shannon and Simpson indices427

across cities. This ability to recover both the magnitude and spatial structure of key428

biodiversity metrics underscores the method’s potential as a scalable monitoring tool429

for urban tree communities. While challenges remain including uneven imagery avail-430

ability, occlusion from privacy blurring, and environmental variability, these results431

demonstrate the promise of computer vision based approaches for large scale, fine432

grained biodiversity assessment and their potential integration into urban forestry433

policy and planning.434
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