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A B S T R A C T

In urban community gardens, artificially managed ground cover types, including vegetative and 
non-vegetative ground components, are both critical to ecological functioning. Yet, how these 
non-vegetative components influence spectral diversity in ways that are different from natural 
systems has not been addressed. This study investigated the potential of combining spectral and 
structural diversity variables, corresponding to the Spectral Variation and Height Variation Hy
potheses, respectively, to monitor plant and ground cover diversity. These variables were derived 
from in situ hyperspectral measurements, drone-based multispectral imagery, and three- 
dimensional canopy height models. We examined four biodiversity variables, including plant 
species richness, total plant abundances, ground cover entropy, and ground cover richness, across 
five urban community gardens over two years. Spectral diversity was calculated based on the 
Coefficient of Variation (CV), Spectral Angle Mapper (SAM), and Shannon’s Entropy (Entropy) 
indices at multiple spectral ranges. Structural diversity variables, including canopy height vari
ation and image texture features. Our results showed that Red-Edge and Near-infrared (NIR) 
bands effectively captured compositional variation in ground cover, while visible wavelengths 
better reflected subtle differences in vegetative components. Texture features and height-based 
structural variables provided valuable insights into canopy complexity, particularly improving 
predictions of plant abundance and ground cover entropy. Finally, we found that integrating 
spectral and structural diversity variables further enhanced predictive performance due to 
considering canopy biochemical and structural differences. This multi-metric approach out
performed single-source analyses, underscoring the value of combining complementary remote 
sensing data for better interpreting urban garden biodiversity. Our findings highlight the 
importance of characterizing canopy structural heterogeneity in advancing biodiversity moni
toring within these complex urban ecosystems.

1. Introduction

Urban community gardens, characterized by heterogeneous three-dimensional structure, have emerged as vital components of 
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urban ecosystems, substantially contributing to biodiversity conservation and the delivery of essential ecosystem services (Egerer 
et al., 2017; Lin and Philpott, 2015). These green spaces host a wide range of plant species and ground cover types, including rocks, 
herbaceous vegetation, bare soil, and mulches. This structural complexity not only influences plant diversity but also creates habitats 
and nesting sites for various wildlife, including key pollinators like bees, insects, and butterflies (Rocchini et al., 2010a; St-Louis et al., 
2006; Tuanmu and Jetz, 2015; Wang and Gamon, 2019). However, while this high heterogeneity enhances ecological resilience, it 
poses challenges for traditional field-based biodiversity assessments, which are often labor-intensive, time-consuming, and may not 
adequately capture fine-scale spatial variability (Fj Aronson et al., 2017; Turner et al., 2003). Although remote sensing technologies 
offer promising alternatives, they have mainly been applied more commonly in natural ecosystems like forests and grasslands (Muro 
et al., 2022; Rocchini et al., 2010b). Therefore, combining field survey methods and sensing technologies is essential for developing a 
comprehensive monitoring approach to urban garden heterogeneity and its ecosystem services (Wagner and Egerer, 2022).

Spectral diversity is one of the effective approaches for assessing biodiversity using remotely sensed data. The spectral diversity- 
biodiversity relationship can be explained by the Spectral Variation Hypothesis (SVH) (Palmer et al., 2002). This hypothesis proposes 
that increasing variation in the spectral characteristics of an area is positively related to biodiversity (e.g., species richness), because 
spectral signatures reflect subtle differences in biochemical, physiological, and structural characteristics among species (Van Cleemput 
et al., 2023). Though this concept has been widely employed in forestry and grassland for monitoring plant biodiversity and species 
richness, the results are not necessarily generalizable to other systems, as discrepancies sometimes arise, e.g., some supporting SVH 
while others report weak or negative relationships (Levin et al., 2007; Rocchini et al., 2010b; White et al., 2010). To our knowledge, 
testing the SVH in highly heterogeneous urban environments, such as community gardens, remains unexplored. Such environments 
present substantial challenges due to their complex canopy structures and diverse ground cover types, which complicate the inter
pretation of spectral diversity and may cause mismatches with survey data. Moreover, spectral diversity assessments in traditional 
vegetation studies often overlook the non-vegetative ground components, the presence of which can create distinct spectral signatures, 
further increasing the complexity of understanding the spectral diversity and biodiversity relationship.

Structural diversity concepts, on the other hand, provide critical insights into the three-dimensional arrangement and complexity of 
canopies, capturing ecosystem heterogeneity that spectral data alone may not fully represent (Anderson et al., 2021; Ishii, 2004). 
Vegetation structure describes above-ground biomass within an environment, vertically and horizontally (Gadow et al., 2012). Ad
vances in remote sensing technologies, such as Unmanned Aerial Vehicle (UAV)-based RGB point clouds and LiDAR, have facilitated 
the quantification of structural diversity by generating detailed canopy height models and three-dimensional canopy reconstructions 
(Torresani et al., 2020; Zhu et al., 2024a). Variations in canopy height play a crucial role in supporting biodiversity by creating a 
multitude of habitats and niches within an ecosystem (McElhinny et al., 2005). This concept is adapted from the Height Variation 
Hypothesis (HVH), which posits that ecosystems with increased vertical complexity are more likely to support greater species diversity 
(Ehbrecht et al., 2017; Torresani et al., 2020). In forest ecosystems, for instance, areas with diverse canopy structures have been shown 
to support a wider array of plant species due to the range of light conditions, microclimates, and resource availability created by height 
variations (Schneider et al., 2017). Moreover, image texture analysis across various resolutions has proven effective in capturing the 
vertical and horizontal patterns of structural and compositional heterogeneity of above-ground diversity (Bellis et al., 2008; Farwell 
et al., 2021). To date, few studies focus explicitly on structural diversity encompassing non-vegetative ground covers within urban 
community gardens compared to forests or parks, and remote sensing-based structural diversity assessment in urban community 
gardens remains limited. Consequently, ground-based and UAV-based measurements of garden canopy structures will improve our 
understanding of the relationship between biodiversity and spectral diversity.

While both the spectral and structural diversity provide valuable insights into ecosystem heterogeneity, each captures different 
aspects of biodiversity. Spectral diversity primarily reflects the biochemical and physiological characteristics of vegetation, whereas 
structural diversity highlights physical organization and three-dimensional variability (Fassnacht et al., 2016). Integrating these 
metrics has shown the potential to enhance biodiversity assessments by encompassing complementary facets of ecosystem hetero
geneity (Asner et al., 2015). However, little is known about which specific spectral and structural diversity variables can effectively 
characterize biodiversity within highly heterogeneous urban community gardens. Challenges include the fine-scale spatial variability, 
diverse ground cover types (e.g., bare soil, grass, woodchips), and uneven canopy heights, which lead to overlapping spectral sig
natures and intricate canopy structures that complicate structural and spectral signal interpretation (Wang et al., 2018).

Urban community gardens exhibit a high ecological heterogeneity, where vegetation grows alongside patches of soil, mulch, and 
other non-vegetative ground cover at a fine scale. It is unclear whether the spectral diversity-biodiversity relationship still applies, or 
which spectral and structural information from UAV remote sensing images can explain the spatial heterogeneity. Spectral diversity 
metrics capture biochemical variation while 3-D structural metrics capture canopy complexity; combining them provides richer 
biodiversity information for such mixed surfaces. However, the combined use of spectral and structural diversity metrics to study 
biodiversity in urban community gardens remains underexplored. To address this knowledge gap, this study examines whether 
integrating spectral and structural diversity variables derived from proximal and remote sensing technologies can enhance the 
assessment of plant and ground cover diversity in heterogeneous urban community gardens. We hypothesize that the combined use of 
spectral and structural variables will offer a more accurate and comprehensive understanding of biodiversity patterns, given their 
specific responses to variations in plant composition, ground cover, and canopy structure. Our specific objectives were to: (1) evaluate 
the relationship between spectral diversity and biodiversity variables (plant diversity and ground cover diversity), derived from drone 
multispectral images and proximal hyperspectral data; (2) assess the contribution of image texture features and structural diversity 
metrics to biodiversity prediction; and (3) determine the effectiveness of integrating both metrics in improving biodiversity 
assessments.

Y. Afrasiabian et al.                                                                                                                                                                                                   Remote Sensing Applications: Society and Environment 39 (2025) 101685 

2 



2. Materials and methods

2.1. Study area and sampling design

The study was conducted in five urban community gardens located in southern Bavaria, within the city of Munich: Essbare Stadt 
(ESS), Freihamer Freiluftgarten (FF), Karlsfeld Community Garden (KF), StadtAcker (SA), and Sonnengarten Solln (SONN) (Fig. 1). 
These gardens have been selected to cover varying degrees of urbanization in the Munich area. They vary in geographical locations, 
elevation, and management practices, as well as in plant and ground cover heterogeneity. Data were collected during 2021 and 2022, 
with sampling conducted three times per year. Specifically, in 2021, sampling was conducted in July, August, and October, while in 
2022, it occurred in May, July, and October (see Fig. 2).

During each sampling round, a 20×20 m plot was generally established in the centre of each garden to standardise the sampling 
area. Within each selected plot, eight 1×1 m quadrats were randomly placed for data collection (Fig. 1a & b). Therefore, both the plots 
and quadrats changed in location between rounds and years, and no positions were permanently marked. This approach resulted in 40 
random quadrats per round (5 gardens × 8 quadrats), with approximately 120 quadrats per year and a total of 240 quadrats across the 
study (Table 1). The GPS coordinates of each plot and quadrat were recorded using Real-Time Kinematic (RTK) GPS for precise 
geolocation.

2.2. Survey data and biodiversity variables

Within each 1 × 1 m2, we quantified four key biodiversity variables from survey data to test our hypotheses in relation to spectral 
and structural diversity metrics: (1) plant species richness, defined as the total number of unique plant species per quadrat; (2) total 
plant abundances, representing the cumulative abundance of all recorded plant species; (3) ground cover richness, calculated as the 
number of distinct ground cover types present per quadrat; and (4) Ground cover entropy, quantified using Shannon’s entropy index 
(Shannon, 1948) to quantify the heterogeneity of ground cover composition.

Ground cover types were visually estimated in the field based on their proportional coverage, including bare soil, grass, herbaceous 
vegetation, rock, wood, woodchips, straw, leaf litter, and an “other” category. These categories reflect common substrates in urban 

Fig. 1. Location of five community urban gardens in southern Bavaria, Munich, where the data was collected. a) Represents a garden with dense 
vegetation as indicated by the 1 × 1 m quadrat, indicative of less ground cover diversity, and b) Shows a garden with sparse vegetation and different 
ground cover types, presenting higher ground cover diversity.
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garden agroecosystems (Lin et al., 2018). Shannon’s entropy index was calculated as -
∑

pi × ln(pi), where pi is the relative percent 
cover of each ground cover type i. These four variables indicate plant and ground cover diversity within these urban garden 
ecosystems.

2.3. Proximal and remotely sensed data acquisition

2.3.1. Proximal ground-based (hyper-) spectroscopic measurements
Proximal hyperspectral measurements (Fig. 3) were acquired using an Analytical Spectral Devices (ASD) spectroradiometer with 

about 1 nm bandwidths, covering wavelengths from 350 nm to 2500 nm (visible to shortwave infrared) (Analytical Spectral Devices, 
1999). Measurements were collected on the exact same day as the ground survey data, between 09:00 and 14:00 under predominantly 
cloud-free conditions. To minimize the influence of shadowing effects, a single white reference measurement was taken to characterize 
the incoming irradiance. Subsequently, five randomly selected point measurements were obtained perpendicularly from a height of 1 
m to capture the reflected outgoing radiation within each quadrat. In addition, to understand the unique spectral characteristics of 
individual ground cover types, we conducted five supplementary measurements over homogeneous patches of each identified ground 
cover category.

Prior to analysis, noisy spectral intervals (350–400 nm and 2400–2500 nm) and strong atmospheric absorption bands (1325–1455 
nm and 1775–1970 nm) were excluded. Reflectance values outside the 0–1 range were considered outliers and removed to ensure data 
quality.

2.3.2. UAV multi-spectral imaging
The Phantom 4 Multispectral RTK (DJI, Shenzhen, China) UAV was used for multispectral image collection (Fig. 3). Multispectral 

imagery was acquired within 1–3 days of the ground data collection, depending on local weather conditions. The flight altitudes were 
selected based on the tree heights in the gardens, resulting in varying spatial resolutions: 25 m (13 mm/px for ESS and SA), 20 m (11 
mm/px for SONN), and 15 m (8 mm/px for FF and KF). Data processing was performed using Agisoft Metashape 1.8.4 to generate high- 

Fig. 2. Monthly precipitation (mm) and air temperature (◦C) for Munich in 2021 and 2022, derived from ERA5-Land data.

Table 1 
Summary of the five urban community gardens in Munich, including garden area (m2), mean elevation (m), percentage of built-up area within a 1 km 
buffer, and the number of 1 × 1 m quadrats sampled in each garden during 2021 and 2022. Garden boundaries were digitized based on UAV-derived 
data, and built-up area estimates are derived from the ESA WorldCover 10 m land cover product (version 2.0, year 2021).

Garden Area (m2) Mean Elevation (m) Build-up Area (%) Quadrats per 2021 (1 × 1 m) Quadrats per 2022 (1 × 1 m)

ESS 571 563.82 55.31 24 24
FF 756 573.71 33.91 23 24
KF 520 533.14 9.08 24 24
SA 1066 560.28 52.06 23 24
SONN 1210 614.55 26.48 24 24
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resolution orthomosaic images. The spectral bands included blue (450 nm ± 16 nm), green (560 nm ± 16 nm), red (650 nm ± 16 nm), 
red edge (730 nm ± 16 nm), and NIR (840 nm ± 26 nm), with an ISO range from 200 to 800.

2.3.3. UAV RGB-based canopy height
Three-dimensional point clouds were generated from the overlapping RGB images (Fig. 3) captured by the DJI Phantom 4 UAV RTK 

(DJI, Shenzhen, China) using Agisoft Metashape (version 1.8.4). RGB images were collected on the same day as the UAV multispectral 
flights. The point clouds were directly produced through photogrammetric processing of the raw RGB imagery. This process involved 
aligning multiple overlapping images (overlap 90 %) to identify common features and reconstruct the spatial structure, resulting in 
dense point clouds. These point clouds were subsequently utilized to create Digital Surface Models (DSM) and Digital Terrain Models 
(DTM), which were then used to derive Canopy Height Models (CHM) by subtracting the DTM from the DSM.

2.4. Proximal and remotely sensed diversity variables

2.4.1. Spectral diversity variables
To evaluate the SVH, we focused on three spectral diversity variables, including the coefficient of variation (CV; e.g. Wang et al., 

2016), Shannon’s Entropy (Entropy; Shannon, 1948), and Spectral Angle Mapper (SAM; Kruse et al., 1993). These metrics were 
derived from both field hyperspectral data and the UAV multispectral images (Fig. 3). All variables were calculated for each 1 × 1 m 
quadrat and then averaged over the wavelength (or band) subsets described below.

2.4.1.1. Band subsets and spectral window. Instead of simulating multispectral bands by applying spectral response functions from the 
hyperspectral data, we identified wavelength ranges that matched the spectral intervals of our UAV multispectral bands (for example, 
using the 434–466 nm range in the hyperspectral data to represent the UAV’s “blue” band). Within each of these corresponding 
wavelength ranges (Blue, Green, Red, Red-edge, and NIR), we repeated the CV calculation to ensure that results from the hyperspectral 
data could be directly compared with those derived from the UAV imagery. We also examined three broader wavelength ranges 

Fig. 3. Flowchart for assessing biodiversity variables using proximal hyperspectral data, UAV multispectral imagery, and RGB point clouds. The 
workflow begins with ground surveys to document plant species, total abundances, and ground cover types, which are used to calculate ground 
cover entropy (GCE) and ground cover richness as an indicator of ground cover diversity. Proximal hyperspectral data and UAV multispectral 
imagery were analyzed to compute spectral diversity variables, considering single spectral bands and different spectral regions, while canopy height 
models derived from point clouds were used to calculate structural diversity variables. Texture features were also assessed using UAV multispec
tral imagery.
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including Visible (VIS: 400–700 nm), Red-Edge to Near-Infrared (RE_NIR: 700–1300 nm), and Shortwave Infrared (SWIR: 1500–2400 
nm), to see how spectral diversity varied across different parts of the spectrum that relate to biochemical and biophysical of vegetation 
and ground cover.

2.4.1.2. Proximal spectral diversity variables. Five ASD point spectra were collected per quadrat. For each wavelength λ, we first 
calculated the mean reflectance (μλ) and its standard deviation (σλ) across the five spectral point measurements (curves). Then, CVλ 
was calculated using σλ/μλ. CVλ values were finally averaged across all wavelengths (or a specific spectral range, such as NIR) to 
obtain one CV number per quadrat.

For calculating spectral entropy, each spectrum was converted into a reflectance probability vector by dividing the reflectance at 
every λ by the spectrum’s total reflectance. Spectral entropy was then calculated following -

∑N
λ=1 pλ ln pλ , where pλ is the reflectance 

probability and N is the number of valid wavelengths after masking. Quadrat-level entropy is the mean of the five spectrum-level 
entropies. This “spectral entropy” should not be confused with the ground-cover Shannon index reported in Section 2.2, which is 
calculated from ground cover survey data, not reflectance.

SAM was obtained by calculating the spectral angle between every pair of the five ASD spectra using θi,j = arccos
(

Ri .Rj

‖Ri‖.‖Rj‖

)

, where 

Ri and Rj are the full reflectance vectors (or across a specific spectral window) for measurement i and j, and ‖R‖ is the Euclidean norm 
(vector length). The mean of all pairwise angles was used as the quadrat-level SAM value. A larger mean SAM indicates greater spectral 
dissimilarity.

2.4.1.3. Remotely sensed spectral diversity variables. For the UAV imagery, the same operations were performed, but instead of across 
proximal sensing points, across thousands of image pixels within each quadrat. For each quadrat, we extracted all valid pixels from the 
orthomosaic (five bands: Blue, Green, Red, Red-edge, NIR). CV was calculated for each band across all valid pixels and then averaged 
across the five bands. Entropy was calculated for every pixel from its five-band probability vector and then averaged across pixels. All 
unique pixel pairs were used to form SAM angles, and then the mean angle is the quadrat-level SAM. These steps were also repeated for 
the VIS (RGB), RE-NIR (Red-edge + NIR), and all five-band combinations to mirror the hyperspectral windows.

2.4.2. Texture feature variables
We examined spatial variability within each 1 m × 1 m quadrat using second-order texture features derived from UAV imagery 

(Haralick et al., 1973). For every raster layer (five spectral bands), we generated a grey-level co-occurrence matrix (GLCM). Texture 
was quantified in a moving window of 3 × 3 pixels. Within each moving window, we generated four orientations (0◦, 45◦, 90◦, 135◦) 
with a one-pixel offset and averaged to produce a single, directionally invariant GLCM, as recommended by Haralick et al. (1973). 
From these averaged GLCMs, we calculated four texture feature variables, contrast, correlation, energy, and homogeneity, to char
acterize the fine-scale spatial patterns of vegetation and ground cover in four directions. These texture features were calculated for 
individual spectral bands, providing insights into the structural complexity and heterogeneity of the quadrats.

2.4.3. Structural diversity variables
To test the HVH, we calculated structural diversity metrics directly from the CHM rasters. Although our goal was to mirror the 

diversity variables used in the spectral analysis, the single-band nature of the CHM data limited our options. We therefore computed 
the CV to summarize the overall distribution of canopy heights and Shannon’s Entropy to quantify the height distribution. Since only 
one band was available, we could not calculate SAM; instead, we introduced a structural richness metric, defined as the number of 
distinct, non-zero height values within each quadrat. This approach allowed us to evaluate structural diversity while acknowledging 
the constraints of the CHM data.

2.5. Data analysis and machine learning modelling

2.5.1. Continuum removal technique
To better understand the spectral characteristics of the ground cover types, we processed the collected pure spectral data. We 

refined the spectral data collected from various ground textures by first removing noisy wavelength ranges and then applying a 
continuum-removal technique to highlight key spectral features. After loading the raw reflectance measurements and omitting pre
defined noisy intervals, we transformed each spectrum using a Savitzky–Golay filter for smoothing, followed by a convex hull approach 
for continuum removal (Clark and Roush, 1984). This process normalized the spectra, allowing us to compare subtle differences in 
spectral signatures more effectively. We performed these steps for each ground cover type, calculated mean spectra, and visually 
compared both original and continuum-removed reflectance curves.

2.5.2. Statistical analysis
To evaluate the relationships between proximal, remotely sensed spectral, structural, and texture-based diversity and biodiversity 

variables, we employed Pearson’s correlation analysis for the full dataset across years, months, and gardens. To account for differing 
phenological stages between 2021 and 2022, we then applied temporal analysis: (1) yearly correlations were computed separately for 
each year (Fig. S2); (2) monthly scatterplots of the top predictor-biodiversity pairs were produced to visualize intra-seasonal trends 
alongside overall annual regression lines (Fig. S3). The statistical significance of these relationships was assessed using p-values, with 
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standard thresholds applied to indicate varying levels of significance (* for p < 0.05, ** for p < 0.01, and *** for p < 0.001). This 
approach allowed us to determine both the strength and direction of the observed associations.

2.5.3. Remote and proximal sensing data integration and machine learning model development
We evaluated the predictive capabilities of various spectral, structural, and texture-based diversity variables to estimate biodi

versity. As described in Section 2.4, we assembled multiple datasets incorporating different sets of predictors (e.g., hyperspectral, 
multispectral, structural, and texture features) and processed these datasets to ensure consistency and quality.

Our approach involved a systematic process of feature selection, model tuning, and validation to ensure robust and comparable 
results. After handling missing values and normalizing all numerical data using a Standard Scaler, we applied Recursive Feature 
Elimination with Cross-Validation (RFE) to identify the most performing feature for each biodiversity variable (Grabska et al., 2020; 
Zhang and Yang, 2020). RFE used a Random Forest Regressor (random_state = 42) as the estimator, with 5-fold cross-validation, where 
the dataset is divided into five equal parts. The model trains on four folds and validates on the fifth, repeating this process five times, so 
each fold serves as the validation set once. Mean squared error (MSE) was used as the scoring metric, iteratively removing one feature 
per step until the subset with the lowest mean squared error was identified. The final selected features for each biodiversity metric are 
listed in Tables S2 and S3.

For model development, we employed three regression approaches: Partial Least Squares Regression (PLSR), Multiple Linear 
Regression (MLR), and Random Forest Regression (RFR). For PLSR, the number of components was tuned via 5-fold cross-validation to 
minimize MSE, thereby optimizing model complexity and predictive accuracy. MLR was implemented with default parameters as a 
baseline, assuming linearity without explicitly validating assumptions such as homoscedasticity. RFR hyperparameters, including the 
number of trees, maximum depth, and minimum samples to split, were optimized using grid search with 5-fold cross-validation to 
effectively capture non-linear relationships in the data. Detailed parameter settings and performance metrics are provided in Table S1.

Fig. 4. Variation in plant species richness, abundance, ground cover entropy, and ground cover richness achieved from survey data across five 
urban community gardens, Essbare Stadt (ESS), Freihamer Freiluftgarten (FF), Karlsfeld (KF), StadtAcker (SA), and Sonnengarten Solln (SONN) in 
2021 and 2022.
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2.5.3.1. Data partitioning and resampling strategy. To evaluate model generalizability, we applied a repeated random hold-out pro
tocol, randomly selecting 80 % of the dataset for training and reserving 20 % as an unseen test set across 20 independent iterations 
(random seeds 1 to 20). This repeated hold-out approach is essentially a form of Monte Carlo cross-validation (Picard and Cook, 1984), 
wherein the data are randomly partitioned into training (80 %) and testing (20 %) subsets without replacement in each iteration. Such 
repeated random subsampling is a simple and effective way to assess model performance, providing robust estimates by averaging 
results over multiple independent splits. Unlike a single train-test split or a traditional k-fold cross-validation (which uses fixed folds), 
this approach exposes the models to a variety of training-testing configurations, reducing the chance that results are dependent on any 
one particular partition of the data (Shan, 2022). The full data set comprises two years (2021 and 2022), five community gardens, and 
three sampling rounds per year (e.g., May, July, October in 2022). Repeating the split twenty times ensures that every garden × year ×
sampling-round combination appears several times in both training and test folds. This approach mitigates the risk of a single split 
scenario, such as focusing on a specific garden-year-month combination, achieving balanced representation without strict 
stratification.

Model performance was assessed using the coefficient of determination (R2), root mean square error (RMSE), and normalized RMSE 
(NRMSE), calculated as RMSE divided by the range of observed values. For each predictor group (multispectral, hyperspectral, texture 
feature, and structural diversity variables, or their combination) and biodiversity variables combination, these statistical variables are 
calculated once per iteration on the independent 20 % test subset. The R2 reported in Table 3 is the mean of the 20 single-fold R2 values, 
not an R2 recalculated on the pooled data. This practice follows the Monte-Carlo cross-validation, providing both a central estimate 
(mean) and an uncertainty interval (±SD) over independent resamples. However, the scatter points in Figs. 8–10 pool all 20 test 
predictions.

We first trained the models using individual predictor sets, including proximal hyperspectral, UAV-based multispectral, texture 
features, and structural diversity variables. Subsequently, we combined spectral diversity from multispectral imagery with texture 
features and structural diversity metrics to evaluate their combined contributions, focusing on horizontal variations (texture features) 
and vertical variations (structural diversity). Proximal hyperspectral variables were excluded to maintain consistency in data sources 
and emphasize remotely sensed variables. However, we also combined proximal hyperspectral data with multispectral imagery to 
explore the impact of higher spectral resolution (hyperspectral) and broader spatial coverage (multispectral) on biodiversity moni
toring (see Fig. 3).

3. Results

3.1. Spatial and temporal variability of biodiversity variables

The analysis of biodiversity variables across five urban gardens (ESS, FF, KF, SA, and SONN) over two years (2021 and 2022) 
reveals notable trends in biodiversity variables (Fig. 4, Table 2). These differences were visually evident in comparisons of biodiversity 
variables (Fig. 4). Plant species richness and abundance varied between years, while the structural attributes of ground cover showed 
spatial variability among gardens. Such patterns highlight the interplay of temporal factors (e.g., seasonal management, weather 
conditions) and garden-specific management practices in shaping urban biodiversity. Notably, ground cover richness is the only 
variable changing by year and garden in our study. Additionally, Fig. 4 illustrates the range of each variable in different gardens and 
years in our dataset. For example, the KF showed the highest range of Abundances and Ground Cover Entropy in 2021; however, this 
did not remain consistent in the second year, suggesting that such variability was not inherent to the garden itself but rather changed 
during the second round of data collection. The changes observed across different years could be attributed to variations in garden 
management decisions made by the gardeners. These findings highlight the complexity of factors influencing urban garden 
biodiversity.

3.2. Ground cover composition and spectral characteristics

Ground cover composition exhibited marked heterogeneity, with herbaceous vegetation dominating (48.3 %), followed by bare soil 
(32.2 %) and grass (13.9 %). Minor yet ecologically relevant components included rock (5.3 %), leaf litter (4.2 %), woodchips (2.6 %), 
and wood (2.0 %), while the “others” and straw each contributed about 1.1 % (Fig. 5). The large error bars for some ground cover 
types, like herbs, reflect their natural variability across the randomly selected 1 × 1 quadrats, ranging from 0 % to 100 %, highlighting 
the heterogeneity of urban garden ecosystems rather than data inconsistencies. The considerable variability in herbaceous and bare 

Table 2 
Two-way ANOVA testing the effect of garden, year, and their interaction on ground survey-based biodiversity variables.

Variable Garden Year Interaction (Garden & Year)

P-value P-value P-value

Plant Species Richness 0.469 0.003 ** 0.586
Abundance 0.064 0.000 *** 0.925
Ground Cover Entropy 0.000 *** 0.344 0.179
Ground Cover Richness 0.004 ** 0.000 *** 0.037*

***, p < 0.001; **, p < 0.01; *, p < 0.05.
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soil coverage suggests microhabitat differences potentially influencing nutrient cycling, soil stability, and resource availability for 
pollinators and other fauna.

Spectral measurements (350–2350 nm) revealed distinct reflectance patterns between vegetative (herb, grass) and non-vegetative 
(bare soil, stone, wood, litter, straw, woodchip) materials (Fig. 6). Vegetation showed strong chlorophyll absorption in the visible 
range (400–700 nm) and high NIR reflectance (750–1350 nm), indicative of healthy foliar structures. SWIR absorptions related to 
water content and biochemical constituents (lignin, cellulose) were prominent in herbaceous materials. Non-vegetative covers 
exhibited lower NIR reflectance and characteristic SWIR features tied to mineralogical or lignocellulosic compositions. Bare soil and 
stone showed gradual reflectance increases in the visible to NIR range, reflecting mineralogical properties, while wood and woodchip 
demonstrated distinct SWIR absorptions due to cellulose and lignin. Litter and straw exhibited intermediate spectral patterns, 
combining traits of both vegetative and non-vegetative components.

3.3. Spectral diversity and biodiversity relationships

The three spectral diversity metrics (CV, SAM, and Entropy) produced varying outcomes depending on the selected diversity 
variables, spectral regions, and sensor types (Fig. 7a and b). Their relationships with biodiversity variables, including Plant Species 
Richness, Abundances, Ground Cover Entropy, and Ground Cover Richness, differed accordingly. Consequently, the performance of 

Table 3 
Predictive performance of diversity-based predictor sets for each biodiversity variable. Predictor sets include hyperspectral, multispectral, texture 
features, structural metrics, and their integrated combinations. Performance statistics are reported as the coefficient of determination (R2), root mean 
square error (RMSE), and normalized root mean square error (NRMSE), representing the best-performing models identified in Figs. 8–10. Values are 
the mean of the 20 fold-specific R2 scores (not recomputed on the pooled points).

Biodiversity variables Plant species richness Abundance Ground cover entropy Ground cover richness

R2 RMSE NRMSE R2 RMSE NRMSE R2 RMSE NRMSE R2 RMSE NRMSE

Hyperspectral 0.06 4.16 0.17 0.34 0.16 0.16 0.17 0.30 0.18 0.06 1.15 0.16

Multispectral 0.02 4.37 0.17 0.34 0.16 0.16 0.33 0.30 0.19 − 0.01 1.30 0.22

Texture Features 0.03 4.92 0.20 0.20 0.15 0.16 0.14 0.34 0.23 − 0.07 1.46 0.24

Structural 0.01 4.17 0.19 0.10 0.17 0.17 − 0.03 0.36 0.23 − 0.13 1.21 0.20

Multispectral þ Texture − 0.01 4.43 0.18 0.37 0.14 0.14 0.20 0.32 0.21 0.04 1.24 0.21

Multispectral þ Structural 0.07 4.13 0.17 0.40 0.14 0.18 0.34 0.29 0.19 0.03 1.20 0.2

Hyperspectral þ Multispectral 0.10 4.42 0.18 0.42 0.14 0.14 0.39 0.29 0.18 0.06 1.18 0.20

Fig. 5. Mean percentage cover (± standard error) of ground cover types (herb, grass, bare soil, rock, litter, woodchip, wood, others, straw) across 
the urban gardens in 2021 and 2022.
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spectral diversity metrics can be categorized into two distinct groups; 1) across all spectral regions, 2) across different spectral regions. 
In this section, we highlight the most important artefacts.

Firstly, across all spectral regions, the spectral diversity variables SAM and Entropy, calculated from both hyperspectral and 
multispectral data, demonstrated the most significant negative correlations with plant diversity variables, with the absolute highest 
correlation coefficients of r = − 0.36 and r = − 0.61, respectively (p < 0.01). This finding aligns with previous research (Gholizadeh 
et al., 2018), which suggests that the exposure of non-vegetative components (specifically soil) whose spectral reflectance markedly 
differs from those of vegetative parts, can lead to significant negative correlations with plant species richness. Moreover, Spectral 
Entropy decreases with more plant diversity (Plant Species Richness, and Abundances) by capturing spectral complexity from 
non-vegetative parts. In general, the relationships between hyperspectral data and plant diversity variables (Plant Species Richness and 
Abundances) were weaker compared to multispectral data. We speculate that the weaker correlation arises from the fact that 
hyperspectral diversity variables were calculated using the entire spectrum, many of which might not strongly correlate with plant 
diversity (Gholizadeh et al., 2018). This broad inclusion likely dilutes the relationship, leading to a reduced correlation. Notably, all 
spectral diversity variables derived from hyperspectral data and multispectral imagery exhibited a positive linear relationship with 
Ground Cover Entropy. When considering all the bands, Ground Cover Richness showed the best relationship with SAM in the mul
tispectral data analysis and CV in the hyperspectral.

Secondly, we evaluated the contribution of single bands and the combination of bands in separated spectral regions (VIS, Red-edge- 
NIR, and SWIR bands). Among the single bands, CV in the blue wavelength exhibited a significant positive correlation with Abun
dances (r = 0.21 and r = 0.28 for hyperspectral and multispectral, respectively) (Fig. 7a and b). In contrast, CV in the Red-edge and NIR 
bands showed negative correlations with both plant diversity variables in multispectral data, but were positively correlated with 
Ground Cover Entropy, in both multi- and hyperspectral data analysis (p < 0.01). Moreover, they showed a significant relationship 
with Ground Cover Richness only in hyperspectral. Additionally, our analysis demonstrated that different spectral regions contributed 
uniquely to biodiversity variation. The VIS bands generally showed modest positive relationships with biodiversity variables for CV 
and SAM. However, the observed drop in correlation (r) for both multi- and hyperspectral CV against Abundances suggests that 
including the green and red portions of the spectrum might have adversely affected the relationship compared to using only the blue 
bands. Conversely, the Red-edge-NIR region consistently produced non-significant correlations for both CV and SAM vs. plant diversity 
variables, but in contrast, they were successful in capturing Ground Cover Entropy (multi- and hyperspectral) and Richness (only 

Fig. 6. Continuum-removed reflectance spectra for various ground cover types using the Convex Hull method. Original reflectance (Blue solid line) 
and continuum-removed (yellow dash line) spectra emphasize unique reflectance and absorption regions.

Y. Afrasiabian et al.                                                                                                                                                                                                   Remote Sensing Applications: Society and Environment 39 (2025) 101685 

10 



hyperspectral). In addition, entropy calculated from VIS bands was negatively associated with plant diversity while positively 
correlating with Ground Cover Entropy, indicating its sensitivity to the presence of non-vegetative elements that influence spectral 
complexity. The SWIR bands yielded mixed results; they occasionally enhanced the discrimination of plant diversity but did not 
consistently produce statistically robust correlations. This inconsistency is likely attributable to the SWIR bands’ heightened sensitivity 
to water content, which may introduce variability not directly related to biodiversity.

3.4. Contribution of texture feature and structural diversity to biodiversity variables

Texture features revealed significant associations with biodiversity indicators (Fig. 7c), specifically in the red edge and NIR por
tions of the spectrum. NIR_correlation positively correlated with Ground Cover Entropy (r = 0.35, p < 0.01), Abundances (r = 0.21, p 

Fig. 7. Pearson correlation coefficients between biodiversity metrics (plant species richness, abundances, ground cover entropy, and richness) and 
spectral, texture, and structural diversity metrics. Colour gradients indicate the strength and direction of correlations. ***, p < 0.001; **, p < 0.01; *, 
p < 0.05.
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< 0.05), and the highest absolute correlation (r = 0.17, p < 0.05) with Ground Cover Richness, implying that regions with higher 
structural variability in ground cover have more variable textures in this spectral band. Red-edge correlation showed strong links to 
Ground Cover Entropy (r = 0.32, p < 0.01) and abundances (r = 0.20, p < 0.05), which suggests that red edge is less susceptible to the 
richness of the ground cover. Conversely, homogeneity metrics in the green and NIR bands negatively correlated with abundance (e.g., 
NIR_homogeneity: r = − 0.43, p < 0.001), indicating less diversity in spectrally uniform areas. This suggests that areas with more 
homogenous textures in these bands are associated with lower Abundances, potentially reflecting more uniform, less densely vegetated 
areas. Among the visible-band texture features, only the green band showed a significant relationship with Abundances, which was due 
to its sensitivity to the variability of green vegetation cover. These results underscore the ability of texture features, particularly from 
NIR and red-edge bands, to capture structural and compositional variability in urban biodiversity.

Structural Richness is positively correlated with both Plant Species Richness (r = 0.21, p < 0.01) and Abundances (r = 0.34, p <

Fig. 8. Predictive performance of diversity variables (hyperspectral, multispectral, texture feature, and structural) and biodiversity variables, 
including plant species richness, abundance, ground cover entropy, and ground cover richness. Scatter plots compare remotely sensed predictions to 
actual values using regression models: Partial Least Squares Regression (PLSR), Random Forest Regression (RFR), and Multiple Linear Regression 
(MLR). Each scatter plot shows a scatter of all test-set predictions from 20 iteration Monte-Carlo (80/20) splits for a specific remote sensing di
versity, biodiversity variables combination. The red dashed line represents the 1:1 relationship, illustrating the alignment between predicted and 
observed values.
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0.01), suggesting that areas with greater structural diversity support more diverse and abundant plant communities. Similarly, 
structural Entropy exhibited positive correlations with Plant Species Richness (r = 0.18, p < 0.05) and Abundances (r = 0.38, p <
0.01), further indicating that structurally complex areas tend to harbour higher biodiversity. This aligns with ecological theories that 
structurally heterogeneous plant populations provide more resources and habitats, thus supporting the diversity of creatures (Farwell 
et al., 2021). In contrast, structural CV showed negligible correlations with Plant Species Richness (r = − 0.15, p > 0.05) in this 
analysis, while it had a negative significant correlation (r = − 0.21, p < 0.05) with Aboundances. The structural diversity metrics did 
not show any significant correlations against ground cover diversity variables. This was logical, because the structural metrics are 
calculated based on object height, and most of the ground covers have zero or close to zero height compared to plants.

3.5. Machine learning-based biodiversity assessment using spectral and structural diversity variables

3.5.1. Biodiversity estimation using individual spectral, structural, and texture feature variables
The predictive capabilities of spectral and structural diversity for biodiversity variables were evaluated using multiple regression 

approaches, and the best model for each plant and ground diversity metric is illustrated (Fig. 8, Tables S1 and 2, Fig. S4).
Hyperspectral diversity metrics provided the highest predictive accuracy, yet relatively weak, for Plant Species Richness (R2 =

0.09; RMSE = 3.92; NRMSE = 0.16) when modeled using PLSR, capturing subtle spectral variations associated with species 
composition compared to the other diversity metrics. Multispectral (R2 = 0.02; RMSE = 4.37; NRMSE = 0.17) and texture features (R2 

= 0.03; RMSE = 5.06; NRMSE = 0.2) exhibited weaker correlations, while structural diversity metrics were minimally predictive (R2 

Fig. 9. Predictive performance of integrated remotely sensed diversity variables (multispectral, texture, and structural) for biodiversity assessment 
using Partial Least Squares Regression (PLSR) and Random Forest Regression (RFR). Each scatter plot shows a scatter of all test-set predictions from 
20 iteration Monte-Carlo (80/20) splits for a specific remote sensing diversity, biodiversity variables combination. The red dashed line represents 
the 1:1 relationship between predicted and actual values.

Fig. 10. Predictive performance of combined proximal hyperspectral and remotely sensed multispectral diversity variables for biodiversity using 
regression models: Partial Least Squares Regression (PLSR), Random Forest Regression (RFR), and Multiple Linear Regression (MLR). Each scatter 
plot shows a scatter of all test-set predictions from 20 iteration Monte-Carlo (80/20) splits for a specific remote sensing diversity, biodiversity 
variables combination. The red dashed line represents the 1:1 relationship, illustrating the alignment between predicted and observed values.
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= 0.01; RMSE = 4.17; NRMSE = 0.19). The reason for this lies in the fact that different plant species in an urban community garden 
have only minor effects on reflectance and exhibit limited structural differences.

Hyperspectral and multispectral diversity variables demonstrated the strongest predictive performance for abundance (R2 = 0.34; 
RMSE = 0.16; NRMSE = 0.16), particularly when modeled using PLSR. Texture features (R2 = 0.20; RMSE = 0.15; NRMSE = 0.16) also 
provided robust predictions, capturing both spectral and spatial variability in vegetation structure. In contrast, structural diversity 
metrics showed weaker predictive power (R2 = 0.10; RMSE = 0.17; 0.17), indicating reduced sensitivity to abundance variations.

Ground Cover Entropy predictions were also best explained by multispectral diversity (R2 = 0.33; RMSE = 0.3; NRMSE = 0.19), 
followed by hyperspectral diversity (R2 = 0.17; RMSE = 0.30; NRMSE = 0.18). Texture feature variables provided comparatively 
moderate predictive capacity (R2 = 0.14; RMSE = 0.34; NRMSE = 0.23). Structural diversity metrics displayed weak predictive power 
(R2 = − 0.03; RMSE = 0.36).

Ground Cover Richness showed limited predictive performance across the diversity variable groups. Hyperspectral diversity (R2 =

0.06; RMSE = 1.15; NRMSE = 0.16) exhibited the highest predictive capacity among the tested groups, although still weak.

3.5.2. Integrated diversity variables for biodiversity assessment
Combining multispectral diversity with texture features moderately improved the predictive performance for abundances (R2 =

0.37; RMSE = 0.14; NRMSE = 0.14). However, this combination did not significantly enhance predictions for ground cover entropy 
(R2 = 0.20; RMSE = 0.32; NRMSE = 0.21) and, similar to the previous step (Fig. 8), exhibited limited predictive capacity for plant 
species richness and ground cover richness (Fig. 9, Tables S1 and 3, Fig. S5).

The integration of multispectral and structural metrics resulted in the highest predictive performance for Abundances (R2 = 0.40; 
RMSE = 0.14; NRMSE = 0.18), modeled with PLSR. This combination leveraged both broad spectral sensitivity and structural di
versity, effectively capturing patterns in vegetation distribution and Abundances. Ground cover entropy predictions showed a modest 
improvement when multispectral and structural diversity metrics were combined (R2 = 0.34; RMSE = 0.29; NRMSE = 0.19). However, 
the integration of these variables demonstrated limited success in predicting plant species richness and ground cover richness. The 
findings indicate that variations in plant species and ground cover types impact spectral and structural variables, depending on 
whether the background is vegetative or non-vegetative.

Across all biodiversity variables, combining proximal hyperspectral and remotely sensed multispectral diversity variables out
performed single-dataset models, particularly for predicting abundances (R2 = 0.42; RMSE = 0.15; NRMSE = 0.15) and ground cover 
entropy (R2 = 0.39; RMSE = 0.29; NRMSE = 0.18) (Fig. 10, Tables S1 and 3, Fig. S5).

4. Discussion

4.1. Spectral diversity–biodiversity relationship depends on spectral regions

Our findings confirm that spectral diversity variables, including CV, SAM, and Entropy, can provide valuable insights into 
biodiversity patterns. When applied to both proximal hyperspectral and drone-based multispectral imagery, these spectral diversity 
variables showed significant but often moderate positive correlations with ground cover diversity (particularly ground cover entropy), 
offering partial support for SVH (Hauser et al., 2021; Palmer et al., 2002). However, these relationships indicate that other factors, such 
as non-vegetative elements (soil, wood, woodchip, etc.), microclimate variations, or management practices, likely contribute to 
ground cover diversity in urban community gardens.

The positive relationship between spectral diversity and plant diversity was not always consistent. This relationship can be different 
in highly heterogeneous urban environments, such as community gardens, due to the complex interplay of vegetative and non- 
vegetative components. More vegetation leads to a more homogeneous reflectance, rich in chlorophyll and similar structural fea
tures, thus reducing spectral variability (Asner and Martin, 2008).

Our result underscores the importance of targeted spectral regions for ecological and remote sensing applications, emphasizing that 
specific wavelengths might effectively capture spectral diversity variation related to different characteristics and traits. A key outcome 
of our study is the identification of specific spectral regions that are more effective at capturing biodiversity-related variation. Our 
results demonstrate that focusing on non-visible spectral bands, particularly in the Red-edge (approximately 690–760 nm) and Near- 
Infrared (NIR; approximately 760–1300 nm) domains, enhances the detection of structural and compositional heterogeneity in ground 
cover. This spectral range could partly be covered in the UAV multispectral bands. These regions are sensitive to leaf biochemical and 
canopy structural traits (e.g., chlorophyll content, leaf area index) and moisture content, resulting in stronger contrast between 
vegetative and non-vegetative substrates (Danner et al., 2017; Luis Hernández-Stefanoni et al., 2012). Notably, Red-edge and NIR 
bands consistently outperformed visible bands (e.g., red, green, blue) in capturing ground cover diversity, underscoring their potential 
for improving ecological characterization in heterogeneous urban garden environments. It is crucial to acknowledge that the ground 
cover diversity variables used in this study were derived from a mixture of different ground cover types. Therefore, these findings may 
not apply to every combination of ground-cover types. Considerable spectral dissimilarities between vegetation (herb and grass) and 
soil are evident in several studies (Hauser et al., 2021; Wang et al., 2018).

Looking at plant diversity variables, we observed contrasting patterns. In scenarios where non-vegetative parts are also exposed, 
spectral diversity variables that rely on visible-range wavelengths (~400–700 nm) showed stronger associations with plant species 
richness and abundance than those relying on Red-edge and NIR domains (Gholizadeh et al., 2018). This pattern can be attributed to 
the influence of leaf pigments and chlorophyll absorption features, which are more pronounced in the visible range and directly affect 
reflectance variability among vegetated surfaces (Knipling, 1970; Rouse et al., 1974; Zeng et al., 2020). This trend works well for 
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CV_VIS and SAM_VIS. However, spectral entropy (e.g., Entropy_VIS, Entropy_All) demonstrated a contrasting trend. Spectral entropy 
focuses on the relative distribution of reflectance values across wavelengths but does not account for how far apart those values are. 
This distinction becomes particularly relevant in vegetation-dominated areas, where the reflectance values across wavelengths tend to 
converge due to shared features like chlorophyll absorption and similar canopy structures (Rocchini et al., 2017). Even though 
reflectance values might still vary across wavelengths, the dominance of vegetation features skews the distribution, leading to lower 
spectral entropy. These results suggest that while spectral entropy can offer unique insights into vegetation patterns, it may be less 
effective in capturing the diversity of vegetation in areas with high vegetative dominance.

4.2. The role of texture features and structural diversity in explaining biodiversity

Drone multispectral texture features were explored due to their sensitivity to similarity or dissimilarity between adjacent pixels and 
spatial heterogeneity (Haralick et al., 1973). In general, texture features were more correlated to Abundances, likely due to their 
capacity to capture vegetation configuration in three dimensions, while it is moderately correlated with compositional heterogeneity 
(Farwell et al., 2021; O’Brien et al., 1995). The informative regions of the spectrum for estimating biodiversity through texture features 
varied significantly. Texture features derived from Red-edge and NIR bands showed the highest correlation, likely due to the greater 
sensitivity of these bands to the vertical variability of vegetation structure compared to VIS bands (Farwell et al., 2021). Moreover, the 
enhanced differences in spectral reflectance from vegetative parts and the suppression of reflectance from non-vegetative parts in these 
bands may improve the discrimination of different ground covers while minimizing bias introduced by aerosols (Erlandsson et al., 
2023; Hofmann et al., 2017; Madonsela et al., 2017).

The statistically significant but weak positive relationship between structural richness and entropy with plant diversity variables 
partially supports the HVH (Torresani et al., 2020). Specifically, plant abundances exhibited a stronger correlation with structural 
diversity than plant species richness, suggesting that total abundances contain more vegetation structural information (O’Brien et al., 
1995). Conversely, the structural CV, which emphasizes the relative height variation, decreased as abundances increased, indicating 
greater height uniformity. Additionally, we did not observe a significant association between structural diversity and ground cover 
diversity (GCE and GCR) as anticipated. This lack of association likely stems from the limitations of the canopy height model used as 
the base map for calculating structural diversity, which is less effective in capturing variations in predominantly flat ground cover 
types.

4.3. Improved assessment of biodiversity by combining spectral and structural diversity variables

The predictions for Plant Species Richness and Ground Cover Richness showed consistently weak performance across all ML 
models. This may be attributed to the distinct characteristics of urban community gardens, which are dominated by herbs, bare soil, 
and grass, as expected in horticultural systems focused on plant production. Unlike densely vegetated ecosystems such as forests or 
grasslands, urban community gardens have lower plant density and significant non-vegetative ground cover types, such as bare soil, 
woodchips, and mulch. These non-vegetative elements highly affect spectral diversity by capturing variability in surface roughness, 
moisture levels, and reflectance properties, which can overshadow the vegetation signal. This variability makes biodiversity richness 
metrics particularly challenging to predict in such heterogeneous environments.

In contrast to biodiversity richness-based (plant species richness and ground cover richness) prediction, ML models showed 
comparatively stronger prediction ability using spectral diversity for abundances (proximal hyperspectral and remote multispectral) 
and ground cover entropy (remotely multispectral diversity variables). The link between proximal hyperspectral diversity and ground 
cover entropy was weaker, likely because the ‘point’ spectral data collection did not fully cover the entire 1 × 1 quadrat, making it 
difficult to capture detailed spatial patterns. However, our results demonstrated that integrating hyperspectral and multispectral data 
enhances predictive accuracy, specifically for predicting abundances and ground cover entropy. This improvement is driven by the 
detailed spectral resolution of hyperspectral data and the spatial variability captured effectively by multispectral imagery.

When used individually, structural diversity variables derived from the canopy height models demonstrated limited predictive 
capacity for Abundances and Ground Cover Entropy. This underperformance may stem from two factors: (1) the reliance on fewer 
structural features compared to texture features and (2) the singular focus on height-based metrics, which do not fully capture the 
variability in vegetation structure. Texture features, derived from spectral data, outperformed structural diversity when used indi
vidually due to their ability to quantify the horizontal spatial heterogeneity (Zhu et al., 2024b).

Integrating spectral and structural features improved the prediction of abundances and ground cover entropy by leveraging 
complementary information. Interestingly, while texture feature variables, derived from spectral data, outperformed structural di
versity when used individually in ML models, the combination of structural and spectral diversity proved more effective. Structural 
diversity, which captures vertical three-dimensional variations, complements spectral diversity by providing an additional perspective 
on ecosystem complexity. This synergistic integration provided a more holistic representation of ecosystem heterogeneity, enhancing 
predictive accuracy.

These findings highlight the potential of combining complementary diversity variables by providing a broader and more balanced 
representation of ecosystem complexity for biodiversity assessment. In urban community gardens, where heterogeneity and exposure 
of non-vegetative elements present unique challenges, leveraging both spectral and structural data offers a promising path forward. 
Overall, the stronger relationship between abundance and remote sensing diversity variables suggests that these metrics capture 
vegetation quantity and structural complexity more effectively than species richness, which remains difficult to measure reliably in 
heterogeneous urban gardens with remote sensing approaches. Future research should explore whether this integrative approach can 
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similarly enhance biodiversity predictions in other ecosystems, such as forests, grasslands, or agricultural landscapes.

4.4. Further work

This study utilized high spatial resolution multispectral images and point-based hyperspectral data to explore spectral diversity in 
complex urban community gardens. While these data provided valuable insights, it is important to acknowledge several limitations 
that may affect the generalizability and comprehensiveness of our findings.

First, the study was conducted in five urban community gardens in southern Bavaria, which might limit the applicability of the 
results to other urban environments with different vegetation types, management practices, and ground cover compositions. Urban 
garden biodiversity is influenced by local management practices and socio-cultural context, which differ across regions (M.H. Egerer 
et al., 2017; Lin and Philpott, 2015). Therefore, the unique ecological characteristics of Bavarian community gardens may not fully 
represent other urban gardens and ecosystems. Future research should explore similar approaches in diverse urban settings to test the 
proposed methods across various ecological and socio-cultural urban environments.

Second, although we considered four biodiversity variables, plant species richness, total plant abundances, ground cover entropy, 
and ground cover richness, other aspects of biodiversity, such as functional diversity and phylogenetic diversity, were not assessed. 
These dimensions are critical for understanding ecosystem functioning and resilience, as they capture the variety of ecological roles 
and evolutionary relationships among species (Flynn et al., 2011). The effectiveness of our remote sensing approach for capturing 
these additional biodiversity facets remains unknown, and future studies can incorporate these metrics to provide a more compre
hensive assessment of urban garden ecosystems.

Third, concerning data resolution, the high-spatial resolution multispectral images (8–13 mm/px) and high-spectral resolution of 
point-based hyperspectral data (350–2500 nm) used in this study have been proven to be suitable for detecting broad patterns of 
spectral diversity. However, the low spectral resolution of multispectral imagery and the constrained spatial coverage of point-based 
hyperspectral measurements may not fully capture the fine-scale heterogeneity in small patches or subtle variations within plant 
canopies from the nadir view. An integrated LiDAR and hyperspectral imaging system might enable mapping such within-canopy 
heterogeneity (Zhu et al., 2024), although such a technique was not available in this study. Nonetheless, multi-model sensing data 
interpretation may have been constrained by non-explicitly georeferenced ground survey data (Getzin et al., 2012).

Additionally, temporal variability in management practices and seasonal changes likely introduced variability in ground cover and 
species compositions, which may have influenced our results. Urban gardens are dynamic systems shaped by human interventions, and 
our study captured only snapshots across two years (2021 and 2022). Our month-by-month analysis showed that biodiversity-spectral 
relationships occurred not only during peak vegetation growth (July to August) but also in early-season measurements (May) (Fig. S3), 
which could support pollinator-related monitoring; future work could include precipitation data to account for interannual variations. 
Longitudinal studies incorporating multi-temporal remote sensing data could better account for these dynamics and provide insights 
into the temporal stability of biodiversity patterns (Vihervaara et al., 2017). Such approaches would help assess the effects of seasonal 
changes and management decisions on biodiversity metrics.

Despite these limitations, the variations in spectral diversity variables still provide valuable insights into how urban gardens 
function on a larger scale (Wang and Loreau, 2016). For example, an area with rocks, soil, leaves, straw, and woodchips would have 
various ground covers. Although such diversity may support invertebrate richness, it may not favour pollination activities as a simple 
plot with only herbs and grasses. How each ground cover type contributes individually and synergistically to the functioning of gardens 
and their biodiversity is beyond the scope of the present study. However, our findings are valuable to remotely identifying animal 
habitat and nesting resources, such as ground-nesting bees, whose abundance and diversity may correlate with such field measure
ments (Cohen et al., 2020). Future research could build upon these findings by integrating additional biodiversity variables, employing 
higher resolution data, and accounting for temporal dynamics to further advance our understanding of urban garden ecosystems.

5. Conclusions

This study highlights the potential of integrating spectral and structural diversity variables for enhancing biodiversity assessments 
in highly heterogeneous urban community gardens. Our findings demonstrate that while red-edge and NIR ranges are more effective 
for capturing structural and compositional variability of ground cover, visible bands better reflect subtle differences in vegetation 
communities. Furthermore, texture features derived from multispectral imagery and structural diversity variables based on canopy 
height models provided valuable insights into canopy structural heterogeneity.

By combining the detailed spectral signals captured by point-based hyperspectral measurements with the drone multispectral 
imaged structural diversity metrics, we achieved stronger predictions for key indicators such as plant abundance and ground cover 
variety. This approach performs better than relying on a single data source, highlighting the importance of using complementary 
remote sensing data together to address the natural complexity found in urban green spaces.
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Fassnacht, F.E., Latifi, H., Nasir, K., Straub, C., Stereńczak, K., Modzelewska, A., Lefsky, M., Waser, L.T., Ghosh, A., 2016. Review of studies on tree species 
classification from remotely sensed data. Elsevier. In: Fassnacht, F.E., Latifi, H., Stereńczak, K., Modz, A., Lefsky, M., Waser, L.T., Straub, C. (Eds.), Remote Sens. 
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