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Abstract

The loss of biodiversity represents a major environmental emergency of our

time, with profound repercussions on ecosystems and the services they provide.

The global recognition of the need for quantitative, reliable, and spatially

explicit indicators for ecological monitoring is now globally recognized. However,

traditional field-based methods are constrained by high costs, limited spatial

coverage, and poor temporal replicability. In this context, the integration

of proximal remote sensing through unmanned aerial vehicles (UAVs) and

artificial intelligence (AI) techniques offers new opportunities to more efficiently,

standardized, and scalably analyze and understand biodiversity. The thesis

Artificial Intelligence for Biodiversity: Understanding the Living World Through

Machine Vision explores the combined use of UAV imagery and machine

learning models to estimate key ecological parameters related to vegetation and

pollinators. The research is articulated into three main studies: (I) the ability

of RGB UAV imagery and classical machine learning algorithms to estimate

floral cover and infer bee community metrics is evaluated; (II) a generalizable

model capable of maintaining robust performance across different grassland

ecosystems; (III) the third applies convolutional neural networks (U-Net) to

multispectral imagery for the semantic segmentation of vegetation and the

extraction of reproducible landscape metrics. Overall, this study demonstrates

how artificial intelligence (AI) can bridge the gap between ecological detail and

spatial coverage, enabling the automated derivation of ecological indicators at

operational scales. The results of this study contribute to the definition of a

reproducible and transparent approach to biodiversity monitoring, fostering

the integration of advanced computational techniques into conservation and

environmental management programs.

2



Extended Abstract The loss of biodiversity is one of the most pressing

challenges facing contemporary science and society. The decline of plant and

animal species, intensified by agricultural intensification, climate change, and

habitat fragmentation, undermines essential ecosystem processes and reduces

the resilience of socio-ecological systems. It is essential to develop quantitative,

reliable, and spatially explicit indicators describing the state and dynamics of

biodiversity to guide effective conservation and management policies. However,

traditional survey methods based on direct observation and taxonomic identification

face structural limitations that limit their scalability and long-term applicability.

Recent advances in remote sensing and artificial intelligence (AI) have transformed

the way we observe and analyze nature. Imagery acquired by unmanned

aerial vehicles (UAVs) enables the collection of ultra–high-resolution spatial

data, providing detailed insights into vegetation structure and composition.

Artificial intelligence, particularly machine learning (ML) and deep learning

(DL) techniques, allows the extraction of ecologically relevant information

from such imagery, translating spectral, textural, and contextual patterns

into quantitative indicators of landscape cover and configuration. Thus, the

integration of UAVs and AI represents a promising frontier for more efficient,

standardized, and reproducible ecological monitoring. The dissertation AI

for Biodiversity: Understanding the Living World Through Machine Vision

is situated within this framework, presenting a methodological progression

across three studies that explore the application of AI to the understanding

and quantification of plant biodiversity and pollinator communities.

Chapter I-UAV RGB imagery and machine learning for estimating

floral cover as a proxy for bee communities

The first study serves as the proof of concept for the entire thesis. Field surveys

of flowering plants and bee communities were conducted in 30 grasslands across

southeastern Netherlands, characterized by different land-use intensities, alongside

ultra–high-resolution RGB UAV flights. This study assessed whether RGB

imagery could accurately estimate floral cover and indirectly infer bee abundance

and diversity. Several ML algorithms (RF, SVM, and shallow neural networks)

were tested to explore the influence of spatial resolution. The results showed
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significant correlations between UAV-derived and in situ estimates, with RF

and NNs achieving the best performance (R2 � 0:80 for floral cover; R 2 � 0:65

for bee abundance). This study highlights the importance of spatial resolution

and its potential transferability to automated biodiversity monitoring programs.

Chapter II-Toward a unified and generalizable model

The second study extends the first by proposing a single-model approach that

automatically recognizes floral cover across different grassland ecosystems and

subsequently infers bee community metrics. Several algorithms (RF, GBM,

SVM, and NNET) were compared using a consistent validation protocol and an

integrated multisite dataset. Gradient-boosting machines emerged as the most

robust model for estimating floral cover, showing near-linear relationships with

field estimates and positive correlations with bee richness and diversity. This

approach reduces the overfitting typical of site-specific models while improving

the efficiency, repeatability, and scalability of monitoring application. This

study also emphasizes the importance of consistent sampling and annotation

protocols over time and space and highlights the need for multispectral data

to further enhance model generalization.

Chapter III: Segmentation of Deep Semantic Vegetation

The third study addresses a distinct yet complementary problem: the semantic

segmentation of vegetation (vegetation vs. non-vegetation) from a five-band

UAV multispectral orthomosaic (RGB, red-edge, NIR). We developed a fully

reproducible end-to-end pipeline based on a U-Net architecture, implementing

spatial separation between training, validation, and test datasets, spectral

channel normalization, and comparison against classical NDVI- and hybrid

NDVI+Brightness-based baselines. The U-Net achieved high accuracy (F1 �

0:946; IoU � 0:898), producing consistent, georeferenced estimates of vegetated

cover (� 16:4%) and improving patch delineation relative to threshold-based

methods. All workflow steps, from pre-processing to landscape metrics computation,

were documented to ensure full reproducibility in accordance with open science

principles.
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Synthesis and Contributions

Taken together, the three studies outline a coherent research trajectory: from

the proof of concept linking floral cover to bee community metrics, through

the development of generalizable ML models, to the application of DL for

vegetation segmentation. The thesis contributes to three main fronts: (I)

providing empirical evidence of the potential of RGB UAV imagery as ecological

proxies; (II) proposing a unified and scalable framework for automated biodiversity

monitoring; and (III) introducing a reproducible DL pipeline for vegetation

mapping and spatial analysis. Overall, the research demonstrates that AI can

serve as an operational tool for ecological science, combining scientific rigor,

transparency, and reproducibility with the efficiency required for large-scale

environmental monitoring.
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1 Introduction

The loss of biodiversity represents one of the most pressing and complex challenges

in life and environmental sciences (Kremen et al.,2002). Over the past few decades,

a substantial body of research has consistently demonstrated a significant and rapid

decline in biological diversity across various organizational levels(Kleijn et al.,2009;

Potts et al.,2003), including genetic, species, and ecosystem levels, with a significant

reduction in both plant and animal species abundance and distribution (Kleijn et al.,2015;

Cardinale et al.,2012). This trend, which is particularly evident in intensively managed

and fragmented agricultural landscapes, reflects the combined influence of anthropogenic

factors such as land-use change, pollution, the introduction of alien species, and,

increasingly, climate change. The deterioration of biodiversity is not merely an

esthetic or cultural loss; it undermines fundamental ecosystem processes, including

pollination, nutrient cycling, hydrological regulation, and primary productivity,

upon which socio-ecological systems’ stability and resilience depend. At the international

level, the Intergovernmental Science-Policy Platform on Biodiversity and Ecosystem

Services (IPBES) and the Convention on Biological Diversity (CBD) have repeatedly

emphasized the urgent need for quantitative, reliable, and spatially explicit indicators

to assess the state and dynamics of biodiversity, thus informing evidence-based

conservation and management strategies (Díaz et al.,2015). However, the acquisition

of high-quality ecological data remains one of the main operational bottlenecks.

Traditional methods, based on in situ surveys and direct taxonomic identification,

provide great accuracy but suffer from structural limitations: limited spatial coverage,

costly and logistically demanding temporal replication, and heterogeneity among

operators or protocols can introduce difficult-to-control biases. Consequently, ecological

observations tend to be concentrated in a few study sites, while vast areas remain

poorly monitored or entirely lacking updated information (Torresani et al.,2023;
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Chieffallo et al.,2025). In response to these constraints, recent years have witnessed

an unprecedented acceleration in the use of remote sensing and Earth observation

as tools to complement and enhance ecological monitoring (Torresani et al.,2020;

Tamburlin et al.,2021)

(Rocchini et al.,2021; Torresani et al.,2018; Rocchini et al.,2022). Although satellite

platforms provide global data at regular intervals, their spatial resolution often fails

to capture habitat- or community-scale dynamics (Magnússon et al.,2021; Rocchini et al.,2022;

Torresani et al.,2022). Proximal remote sensing using unmanned aerial vehicles

(UAVs) can acquire ultra-high-resolution imagery (on the order of a few centimeters

or even millimeters) while precisely controlling flight altitude, overlap, and temporal

frequency at an intermediate scale. These capabilities make UAVs a flexible and

highly promising tool for mapping and monitoring complex habitats, allowing the

quantification of parameters such as vegetation cover, flowering phenology, or the 3D

structure of plant canopies(Cruzan et al.,2016; Alvarez-Taboada et al.,2017). The

evolution of artificial intelligence (AI), particularly machine learning (ML) and deep

learning (DL), has opened new perspectives for the automated analysis of ecological

imagery (Krizhevsky et al.,2012). The integration of UAV-based observation and

AI bridges the gap between fine-scale ecological detail and broad spatial coverage,

enabling more standardized, repeatable, and cost-effective monitoring strategies.

Within this framework, computer vision plays a central role: it transforms spectral,

textural, and contextual patterns within orthophotos into ecologically meaningful

information, turning pixels into quantitative indicators of cover, structure, and

landscape configuration (Christin et al.,2019). In the field of environmental and

applied ecology, this approach is situated within a rapidly evolving scientific context,

in which the ability to combine traditional ecological knowledge with advanced

computational models is becoming essential to describe and understand the complexity

of the living world(Liang et al.,2018; Chen et al.,2020). The potential of computer

vision unfolds along a methodological continuum, ranging from classical learning

algorithms, such as random forest, support vector machines, gradient boosting, and

shallow neural networks, which operate on engineered features (spectral indices,

textural statistics, morphological metrics), to convolutional neural networks (CNNs)
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capable of learning hierarchical representations directly from data, with particular

effectiveness in classification and semantic segmentation tasks. These tools make

it possible to automate the visual interpretation of ecological images, reducing the

analyst’s subjectivity while expanding the spatial and temporal scale of ecological

observation (Li et al.,2023; Conrady et al.,2022). This dissertation, titled Artificial

Intelligence for Biodiversity: Understanding the Living World Through Machine

Vision, is situated precisely along this methodological gradient, exploring how artificial

intelligence (AI) techniques can support the understanding and monitoring of plant

biodiversity and associated organisms. This study presents a coherent progression

of three main studies, conceived as a unified framework moving from classical ML

algorithms to DNs for semantic segmentation. The first study aimed to validate

the use of UAV RGB imagery to estimate floral cover, a key functional resource for

pollinators, and to assess the extent to which this proxy can predict bee community

abundance and diversity at the site scale. The second study expands this perspective

by developing a unified and generalizable ML model capable of maintaining robust

performance across different grassland ecosystems and providing more scalable and

transferable estimates over time and space. Finally, the third study addresses

a distinct yet complementary problem: the application of DL techniques to the

semantic segmentation of vegetation (not flowers), showing how a multispectral DL

pipeline can produce high-resolution and reproducible landscape indicators suitable

for advanced ecological analyses. Taken together, the three studies delineate a

methodological transition from point-based, labor-intensive observations toward the

automated, scalable, and statistically traceable derivation of ecological indicators.

This evolution responds to a central need in contemporary ecological research:

reconciling the accuracy of field-based measurements with the capacity to systematically

and repeatedly monitor large territories. The general objectives of this thesis are as

follows:

(1) to develop and evaluate artificial intelligence methods for quantifying biodiversity-

relevant resources and vegetation covers at operational scales;

(2) to verify the potential of unmanned aerial vehicle (UAV)-observable proxies to

infer patterns associated with pollinator habitat quality;
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(3) to build reproducible and transferable pipelines capable of integrating accuracy

metrics, spatial indicators, and computational traceability. The main research

questions addressed are as follows:

To what extent does the floral cover estimated from UAV imagery and ML classifiers

correlate with bee abundance and diversity? Is it possible to train a single generalist

model that maintains robust performance across different grassland ecosystems and

environmental conditions? How can a deep segmentation approach applied to UAV

multispectral mosaics improve the delineation of vegetated areas, their patch structure,

and the analysis of landscape metrics compared to classical spectral baselines? The

answers to these questions articulate the original contribution of this work along

three complementary dimensions: (I) providing empirical and quantitative evidence

of the UAV–ML–pollinator link; (II) developing a generalizable and standardized ML

framework for monitoring floral resources; and (III) defining a complete, reproducible,

and comparable DL pipeline for vegetation mapping and the spatial analysis of

biodiversity.

1.1 Chapter I-UAV RGB imagery and machine learning for

estimating floral cover as a proxy for bee communities

The first study serves as the proof of concept for the entire thesis. Field surveys

on flowering plants and bee communities were conducted in parallel with UHR

UAV RGB acquisitions across 30 grasslands in southeastern Netherlands. This

study assessed whether orthomosaics derived from RGB imagery could accurately

estimate floral cover and, by extension, infer bee abundance and diversity at the

site level. Classical ML algorithms (Random Forest, shallow neural networks, and

SVMs) were tested, while also exploring the effect of spatial resolution (original

images at � 0:5 cm and resampled versions at 1, 2, and 5 cm). Results showed

significant relationships between UAV-based and field-based estimates for both floral

cover and bee community metrics, with the highest performances achieved at finer

resolutions and with RF and neural networks compared to SVMs (e.g., R2 � 0:80

for floral cover with RF; R2 � 0:65 for bee abundance with RF). The analysis also
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confirmed that lowering resolution tends to overestimate “flower” pixels due to sub-

pixel mixing, with practical implications for flight planning and altitude selection.

Methodologically, the chapter highlights three key aspects: (I) the importance of

spatial resolution for the spectral and textural separation of flowers from vegetated

backgrounds; (II) the ability of tree-based and neural models to capture robust

nonlinear patterns between RGB features and flower presence; and (III) the potential

transferability of this approach toward standardized monitoring programs, where

UAV automation could act as a force multiplier for costly and logistically demanding

protocols. The chapter concludes by outlining the limitations and future perspectives:

the need for independent validations and STM tests, integration of 3D information

(photogrammetry), and standardization of ingestion and classification pipelines for

large areas. Chapter I establishes the operational link between UAV-observable

ecosystem proxies (floral cover) and pollinator community metrics, clarifying the

conditions, constraints, and algorithmic choices that maximize accuracy. This framework

provides the empirical basis for addressing the second research question, i.e., developing

more general and scalable models.

1.2 Chapter II-Toward a unified and generalizable model:

systematic comparison of ML algorithms and indirect

pollinator inference

The second study advances from the proof of concept to a more operational framework

to overcome the need to train SSMs. Unlike the previous study, this study pursues

a single model approach capable of automatically recognizing floral cover across

multiple grassland ecosystems and subsequently inferring bee abundance and diversity.

Several algorithms (RF, GBM, SVM, and NNET) were compared using an integrated

multi-site dataset under a unified training and validation protocol. Within this

framework, GBM emerged as the most robust overall model for estimating floral

cover from UAV RGB imagery, yielding near 1:1 correlations with field-based estimates

and positive relationships with bee community metrics (richness and diversity). The

chapter also emphasizes the often-overlooked practical considerations: balancing
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accuracy and generalization, sensitivity to flight parameters and site heterogeneity,

and the importance of consistent sampling and annotation protocols over time

and space. From an ecological standpoint, the use of floral cover as an indirect

indicator is grounded in well-known relationships between resource availability and

bee community structure. This study demonstrates how an automatically derived,

spatially explicit indicator can contribute to rapid habitat assessments in agricultural

and semi-natural contexts by complementing (rather than replacing) expert-based

taxonomic surveys. The unified approach reduces overfitting associated with per-

site models, at the cost of a slight loss in local accuracy, while gaining efficiency,

repeatability, and scalability for large-scale biodiversity monitoring programs. The

chapter also outlines future development directions: improving spatial and radiometric

resolution, integrating multispectral/hyperspectral data, and exploring DL architectures

to enhance generalization across highly heterogeneous environments. In summary,

the UAV + ML combination can be structured into a generalist framework, where

a single model provides robust and transferable estimates of floral cover and, by

extension, indirect indicators of pollinator habitat quality. This scalability forms

the logical bridge to the third study, which addresses a distinct yet methodologically

related challenge: deep mapping of vegetation (not flowers) using a reproducible DL

pipeline comparable to classical spectral baselines.

1.3 Chapter III-Deep Semantic Segmentation of Vegetation

Using U-Net and Landscape Metrics: A Reproducible

Ecological Monitoring Pipeline

The third study did not focus on flower mapping. Instead, it addresses the semantic

segmentation of vegetation (vegetation vs. non-vegetation) using a five-band unmanned

aerial vehicle multispectral orthomosaic (RGB, red-edge, NIR). It develops a fully

reproducible end-to-end workflow extending from radiometric and geometric pre-

processing to U-Net training, vectorization, and LM computation. The approach

adopts a rigorous spatial separation of training/validation/test sets with buffer zones

to minimize spatial autocorrelation and applies spectral channel normalization. The
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U-Net model, trained on expert-annotated orthophotos, is evaluated against classical

baselines based on spectral indices (NDVI) and a hybrid NDVI+Brightness method,

allowing explicit comparison between the DL pipeline and optimized threshold-based

methods (e.g., NDVI � 0.25; Brightness � 0.13). In terms of performance, the U-

Net achieved high accuracy on the test set (F1 � 0.946; IoU � 0.898) and estimated

vegetated cover of �16.37% (�17,446 m 2) in the study area, whereas the NDVI

baseline yielded �17.88%. The most pronounced differences were observed in patch

geometry and complexity (edge density, shape indices), where deep segmentation

produced sharper boundaries and reduced overestimation, which is typical of threshold-

based methods. The pipeline outputs georeferenced products (binary masks, vector

polygons, and landscape metrics such as patch density, edge density, largest patch

index, and MSI/AWMSI), ready for GIS integration and standardized spatial ecological

analyses. All steps and intermediate artifacts are archived to ensure full reproducibility

and computational auditability.

The scientific contribution of this chapter is twofold. First, deep semantic segmentation

applied to UAV multispectral data enables the derivation of spatial vegetation

indicators with superior detail and consistency compared to spectral baselines, where

threshold selection and ad hoc rules often introduce subjectivity and limit transferability.

Second, it provides a transparent and well-documented pipeline from pre-processing

to metric computation that can be retrained on different target classes (beyond

vegetation) and transferred to other contexts, facilitating cross-study comparison

and promoting open-science practices (open datasets and code). This directly

addresses a recognized need within the community: establishing standardized, repeatable,

and declarative workflows to move from UAV imagery to landscape-scale ecological

indicators consistently.
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2.1 Abstract

The abundance and diversity of plants and insects are important indicators of biodiversity,

overall ecosystem health and agricultural production. Bees in particular are interesting

indicators as they provide a key ecosystem service in many agricultural crops. Worldwide,

habitat loss and fragmentation, agricultural intensification and climate change are important

drivers of plant and bee decline (Potts et al.,2003; Kleijn et al.,2009). Monitoring of plants

and bees is a crucial first step to safeguard their diversity and the services they provide

but traditional in situ methods are time consuming and expensive. Remote sensing and

Earth observation have the advantages that they can cover large areas and provides

repeated, spatially continuous and standardized information. However, to date it has

proven challenging to use these methods to assess small-scaled species-level biodiversity

components with this approach. Here we surveyed bees and flowering plants using conventional

field methods in 30 grasslands along a land-use intensity gradient in the Southeast of the

Netherlands. We took RGB (true colored Red-Green–Blue) images using an Unmanned

Aerial Vehicle (UAV) from the same fields and tested whether remote sensing can provide

accurate assessments of flower cover and diversity and, by association, bee abundance and

diversity. We explored the performance of different machine learning methods: Random

Forest (RF), Neural Networks (NNET) and SupportVector Machine (SVM). To evaluate

the effect of the spatial resolution on the accuracy of the estimates, we tested all approaches

using images at the original spatial resolution (~ 0.5 cm) and re-sampled at 1 cm, 2 cm and

5 cm. We generally found significant relationships between UAV RGB derived estimates

of flower cover and in situ estimates of flower cover and bee abundance and diversity. The

highest resolution images generally resulted in the strongest relationships, with RF and

NNET methods producing considerably better results than SVM methods (flower cover RF

R2 = 0.8, NNET R2 = 0.79; bee abundance RF R2 = 0.65, NNET R2 = 0.54, bee species

richness RF R2 = 0.62, NNET R2 = 0.52; bee species diversity RF R2 = 0.54, NNET R2

= 0.46). Our results suggest that methods based on the coupling of UAV imagery and

machine learning methods can be developed into valuable tools for large-scale, standardized

and cost-effective monitoring of flower cover and therefore of an important aspect of habitat

quality for bees.

Keywords: bees, biodiversity, flowering plants, machine learning, monitoring, spatial

resolution, UAV
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2.2 Introduction

Worldwide, biodiversity is declining at unprecedented rates, threatening the persistence

of many species and the benefits that humans derive from ecosystems (24). Since the

second half of the 20th century, biodiversity in agricultural areas in particular has been

decreasing drastically due to habitat fragmentation and intensification of farming practices

(51; 45; 23) with negative consequences on ecosystem functioning (27). Bees are one of

the best studied species groups in this respect. Studies show a marked decline in the

distribution of populations at national scales and in abundance and richness of populations

at the local scale (75; 14; 59; 2; 74). These have mainly been attributed to habitat loss and

fragmentation, intensification of farming, climate change and loss of host plants (54). Bees

provide essential pollination services that support maximum productivity of different 76%

of the leading global food crops (25), and promote seed set of about 87% of wild plants

globally (38). In fact, one-third of the worldwide food production take advantage directly

or indirectly from this ecosystem service which is valued more than 150 billion euros a year

worldwide (13; 12).

We now have a relatively good understanding of drivers of bee population decline and

the effectiveness of mitigation measures. However, we still have a poor understanding of

the actual extent of population decline itself, especially at large spatial scales, and how this

is linked to the quality of their habitat. Unlike butterflies, that are being monitored in a

standardized way by citizen scientists in more than 10 European countries (70), large-scale

surveying of bees by laypersons is challenging because bee species are difficult to identify.

Studies examining trends in bee abundance are therefore invariably small-scaled while

large scale trends are based on bee distribution data (2), which generally underestimates

population trends. There are now advanced proposals for standardized monitoring of

pollinators in EU member states (40). Although this will vastly improve our grasp on

pollinator trends, because in-situ monitoring is costly, a standardized monitoring program

can inevitably cover only a small proportion of the relevant surface area. A complementary

approach could be to infer trends in bee pollinators from trends in flower cover and species

richness. Bees forage for nectar and pollen from flowers and rely exclusively on these

resources for sustenance throughout their lifecycles. Flower cover and diversity have been

linked to bee abundance and diversity in several studies (41; 61) and can therefore be

considered an indicator of an important aspect of bee habitat quality. Assessing flower
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cover and diversity is less time-consuming than assessing bee abundance and species

richness especially when this can be done in an automated fashion.

Recently, remote sensing and Earth observation has made significant progress with

estimating various aspects of biodiversity in a standardized way at large spatial scales

(68; 62; 48; 31; 49). Satellite remote sensing (hereafter SRS) has the advantage that it

covers vast spatial scales, it can provide information on a variety of ecological characteristics

such as vegetation distribution (e.g. vegetation dynamics (30; 67), plant phenology (44),

habitat and environmental diversity (66; 47; 65), and plant size distributions (55; 69) over

large areas. However, it has not yet been proven possible to accurately describe with

SRS vegetation aspects that can only be measured at detailed scales of up to a few mm,

such as the estimation of flower cover (6). The technology that has recently evolved around

Unmanned Aerial Vehicles (UAVs), in particular photogrammetry based on structure-from-

motion algorithms, has led to the development of highly detailed orthomosaics and 3D

information over large areas at a relatively low cost with the accuracy of some mm’s

to cm’s (13; 22). So far, studies have shown that it is possible to use UAV images

to estimate vegetation properties such as vegetation diversity (16), species and plant

community distribution (21), plant trait distribution (5) and the mapping and monitoring

of invasive species (1).

In this paper we aim to assess flower cover as a proxy for bee abundance using

images from a UAV. The fundamental step in estimating flower cover is distinguishing

flower pixels from grass or soil pixels by means of differences in the spectral signatures

(18). Different types of images can be used for this purpose. In our study, we decided

to rely on RGB (Red-Green-Blue, true colored) images. These images, in comparison

with multispectral/hyperspectral images (i.e. the collection of image layers that have

been acquired each at a different wavelength band), have less power in characterizing the

different spectral signatures of vegetation but they have a number of strengths that make

them highly competitive in ecological classification analysis. RGB cameras are relatively

cheap, readily available on the market and often come mounted as an integral part of

commercial drones. Furthermore, RGB images require less pre-post processing analyses.

This makes RGB cameras more user-friendly and allow for a more easy reproduction of

analyses done by different operators or stakeholders (e.g., ecologists, farmers, researchers).

The spatial resolution of the images also plays an important role in the assessment of

flower cover. Generally, fine spatial resolution offers more detailed information and reduces
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the mixed pixel issue (18). On the other hand, fine spatial resolution requires lower flight

heights which limits the geographical area covered by the UAV in a single flight (20). In

addition to spectral and spatial resolution issues, the choice of an adequate classification

method is also significant for the generation of reliable classification results. Since more

than two decades, different machine learning methods such Random Forest (RF), Neural

Networks (NNET) and Support-vector machine (SVM) have been used extensively for

classification with remote sensing data with good results (28). With the information

obtained from UAV data, these models can be a powerful and efficient tool for the detailed

characterization of the vegetation (42). For example, Guo et al. (17) estimated the

chlorophyll content of maize with UAV RGB images using three different ML methods

(RF, SVM and NNET) finding that RF performed the best for their purpose. Sandino et

al. (50) made use of UAV images and an Extreme Gradient Boosting ML algorithm for

monitoring of invasive grasses and vegetation in remote arid lands reaching a detection

rates of around 96 %. A similar level of accuracy was found by combining convolutional

neural network ML algorithms and RGB UAV images for the estimation of Convallaria

keiskei patches (56).

The aim of this study is to test whether we can estimate flower cover using UAV RGB

images and to assess whether flower cover can be used as a proxy for bee abundance and

diversity. Additionally we explored to what extent the observed relationships were affected

by using different machine learning algorithms (RF, NNET, SVM) and by using image data

with different spatial resolution (0.5cm, 1cm, 2cm and 5cm). Our study system consists of

grasslands situated in the Southeast of the Netherlands that vary strongly in management

intensity and therefore represent a gradient in flower cover. From each grassland, in-situ

data was collected within two days of obtaining the UAV images.

2.3 Materials and Methods

2.3.1 Study area

The study area (7 x 10 km) is located in the Southeast of the Netherlands (Fig. 1)

and consists of a mosaic of different land use types including intensive agriculture, low-

intensity farming and nature reserves. We selected 30 grasslands that covered a land use

intensity gradient ranging from nutrient-poor, biodiversity-rich semi-natural grasslands

to intensively fertilized grasslands for fodder production. The study sites are part of the
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experimental biodiversity area network of the EU Showcase project https://showcase-project.

eu/. The study sites are situated on loess soils, colluvial clay deposits and locally lime-rich

soils, and range in elevation from 70 to 171 m asl. We minimized spatial clustering of

specific grassland types by selecting semi-natural, extensively used and intensively used

grasslands from different parts of the study area.

Figure 1: The study area located in the Southeast of the Netherlands. The 30 plots
are indicated by yellow dots (Basemap: Google Earth map at August 2022).

2.3.2 Field data collection

A transect of 150 by 1 meter, subdivided in three parts of 50m, was set up in each grassland

and was marked by plates clearly visible from drone imagery. The transects were placed

from the edge to the center of the grassland, and led across elevational differences within

the grassland if present, in order to represent heterogeneity within the grassland. To avoid

sampling the same bee populations, adjacent transects were mostly separated by distances

of >500 m (minimum 435 m). Studies have shown that although large-bodied bees such

as bumblebees can forage at distances of a few kilometer, they mainly forage at short

distances (mean distance about 250-550 m), while smaller wild bees forage at yet shorter

distances (43). Both bees and flowers were surveyed along each transect. Wild bees as

well as the honeybee Apis mellifera were counted by transect walks which is a standard

method for studying plant-pollinator associations (72). All transects were surveyed by

the same two observers who counted all bees up to a meter in front of them while slowly
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walking along the transect for 15 minutes, excluding handling time of caught specimens.

Specimens were identified using keys to the Dutch Apidae (9; 36; 37). Distinct species

could be identified in the field, while other specimens were collected and identified in the

lab using stereo-microscopes and, in some cases, expert consultation. The counts were

performed during May 12th-31st 2021, between 10 a.m. and 17 p.m., and under favourable

weather conditions (dry, >50% sunny and at least 15 degrees Celsius with a wind speed <2

Beaufort). Bee data collected in the field were used to derive at plot level, bee abundance

(the total number of observed bees), bee species richness (the number of unique species) and

the Shannon’s H index (39) as an indicator of bee diversity. In each transect, flowers were

surveyed generally on the same day as the bee surveys following the method of Scheper et

al.(52). For logistical reasons some grasslands were surveyed one or two days before or after

the bee survey. The number of open flowers of a given species was counted. Which was

then used to calculate flower cover per transect by multiplying counts with species-specific

estimates of flower size and summing over all observed flowering plant species (52).

2.3.3 UAV Data Acquisition and Data Processing

The UAV data collection was carried out in parallel with the collection of the field data.

The UAV model "DJI Matrice 210 RTK" was used to carry the RGB Zenmuse X5 camera

(16.0 MP, 17.3 x 13.0 mm sensor) with an integrated RTK gps. The images were acquired

with an overlapping rate of 80% in order to facilitate the creation of the final orthomosaic.

All flights were performed at a height of approximately 20m above ground altitude.

We used the Agisoft Metashape Professional Edition software for UAV photogrammetric

processing. The software offers a user-friendly workflow that combines algorithms based on

structure-for-motion and stereo-matching for image alignment and reconstruction of the 3D

image (32). In order to create the orthomosaic of the collected RGB images, 4 procedural

stages have been followed: image alignment, dense point cloud assessment, development of

the digital elevation model (DEM) and finally the building of the orthomosaic. In the first

step, set with "high" accuracy, the software extract features within the images and match

them in order to produce a sparse 3D point cloud. In this stage the software automatically

detects the precise features of the “Ground Control Points” - extracting the GPS coordinates

to each of them. We kept the "high" accuracy also in the building of the dense cloud stage.

We used the Metashape default setting for building the DEM and the final orthomosaic

that was successively exported as GeoTIFF with the higher spatial resolution (the mean
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spatial resolution of the 30 considered areas is about 0.5cm) to assess the role of spatial

resolution in the estimation of the flower cover, we exported the orthomosaic also with a

spatial resolution of 1cm, 2cm and 5cm.

2.3.4 Modelling of UAV image estimates of flower cover

Three common machine learning algorithms included in the caret R package (63) were used

to assess the flower cover over the study areas: RF, SVM, NNET.

RF is an effective machine learning method based on a series of decision trees. Its

algorithm uses bootstrapping to build a large number of different training subsets based

on a randomly selected sample of the training samples and after constructing multiple

decision trees voting is used to obtain the final prediction. Each decision tree returns

a classification result for the samples not chosen as training samples. The final class

prediction is determined by the largest number of votes given by the decision tree for

that class (34; 19). SVM is a supervised learning model that uses learning algorithms to

examine data for classification and a support vector regression. It is based on a kernel

function (that helps to reflect similarity between data points and the cost loss function)

in order to convert initial feature space into an N-dimensional space, searching later for a

hyperplane to split classes (34). Recently, NNET models have become very popular due to

the increase of computational capacity of computers and the higher availability of big data

with which these models can be “trained”. NNET are based on several layers of processors

that are connected to each other attempting to recognize hidden relationships though a

process that simulates the human brain (26).

The training and testing data were collected based on the manual interpretation of the

orthomosaic images creating 70 polygons for each class (e.g. flowers vs grass/soil). Due to

the different polygon sizes, the number of pixels for each class also differed. For this reason,

in order to build a more statistically robust and more reliable strategy for classification a

total of 750 points were randomly chosen within the polygons per class. Out of them, 70%

were used as training sets, and 30% were used as testing sets. The performance accuracy

is calculated based on the testing data-set to avoid the problem of overfitting.

We used a 10-fold cross-validation method to estimate the model accuracy (76). After

building the confusion matrix, validity and reliability of the selected models was evaluated

using the following metrics: Accuracy, Kappa, Precision, Sensitivity, Specificity, Negative

Predictive Value , Positive Predictive Value , Balanced Accuracy, F1. Accuracy indicates

33



the percentage of correct predictions. The sum of false negatives and true positives is

divided by the total number of predictions. Kappa is a metric that compares an Observed

Accuracy with an Expected Accuracy (random chance). It is used not only to evaluate a

single classifier, but also to evaluate classifiers amongst themselves. In addition, it takes

into account random chance (agreement with a random classifier), which generally means

it is less misleading than simply using accuracy as a metric (an Observed Accuracy of 80%

is a lot less impressive with an Expected Accuracy of 75% versus an Expected Accuracy

of 50%). Precision identifies the accuracy with which the model predicted positive classes

(number of true positive divided by the number of all positive results). Sensitivity is

defined as the proportion of positive results out of the number of samples which were

actually positive while Specificity is measured as the number of correct negative results

divided by the total number of negatives. The positive predictive value is defined as the

percent of predicted positives that are actually positive while the negative predictive value

is defined as the percent of negative positives that are actually negative. The F1 is used

to compare the performance of two classifiers, combining the precision and recall of a

classifier into a single measure, considering their harmonic mean. Balanced accuracy is the

arithmetic mean of sensitivity and specificity, and it is used when one of the target classes

appears a lot more than the other (e.g. areas with a lot of grass and less flowers).

2.3.5 Assessment of the relationship between UAV image flower cover

estimates and estimates based on in-situ data

We examined whether the estimated flower cover using UAV images was significantly

correlated with in-situ estimated flower cover, bee abundance, species richness and diversity

(Shannon’s H) using simple linear regression analysis. Next, we compared the fit of

these relationships when using different machine learning algorithms and different spatial

resolutions of the UAV images.

2.4 Results

The in-situ surveys of flowering plants showed that the species with the largest flower

cover across all transects were three Ranunculus species (R. repens, R. acris and R.

bulbosus) and Leucanthemum vulgare, followed by Trifolium pratense, Bellis perennis and

Taraxacum officinale (see in Appendix 1 a table with details on the in-situ flower survey).
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These seven species represent 84% of the total flower cover recorded and are generally the

most widespread flowering forbs in the studied grasslands. Examples of grasslands with

contrasting flower cover can be found in Appendix 2.

Flower cover estimated by RGB UAV images was generally significantly positively

related to flower cover estimates made in the field by trained observers (Fig. 2a and

Appendix 3 for the linear regressions). The goodness of fit of the relationship varied

considerably with the algorithm and spatial resolution used, however the accuracy of the

relationships generally declined with a decrease in the spatial resolution of the image data.

The only exception was the SVM algorithm that had a higher R2 at 1 cm resolution than

at 0.5 cm resolution. The flower cover estimates produced by RF and NNET algorithms

both performed similar with generally high R2 values, while the SVM algorithms performed

much worse although it still produced significant relations with field estimated flower cover

data. The accuracy, ranged from a robust high 0.8 for RF algorithm using images with a

0.5cm spatial resolution (linear regression shown in Fig. 5) to 0.31 for the SVM algorithm

using images with a 5cm spatial resolution.

Bee abundance, species richness and diversity were also significantly and positively

related to flower cover estimated by the RGB UAV images (Fig. 2b-c-d). The goodness

of fit for the bee variables followed patterns that were very similar to those for flower

cover with the R2 generally declining with decreasing spatial resolution and RF and

NNET algorithm performing considerably better than SVM algorithms. Interestingly,

goodness of fit of the best models that used RGB UAV estimates (RF with images at

0.5cm spatial resolution) were considerably higher than those of the models that used

flower cover estimates by field observers (Fig. 4). The best relationships with flower cover

estimated from UAV RGB had R2’s of 0.65, 0.62 and 0.54 for bee abundance, bee species

richness and diversity respectively.
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Figure 2: R2 values derived from the linear regression between the field data (flower
cover, bee abundance, bee species richness and bee Shannon’s H diversity) and
the flower cover estimated by RGB UAV images at different spatial resolution
(0.5cm, 1cm, 2cm, 5cm) using different machine learning methods. Green dots
show statistically significant (p<0.05) correlations.

Figure 3 shows as an example the visual flower cover estimation by the RF machine

learning method at the different spatial resolutions (0.5cm, 1cm, 2cm, 5cm) in one of the

30 study areas (the background image for the four sub-plots is at 0.5cm resolution). It

illustrates why the accuracy in the flower cover estimation is generally higher in images

having the higher spatial resolution (0.5-1cm). With lower spatial resolution of the images

(e.g. from 0.5 to 2-5cm) more pixels classified as flowers actually contain a mixture of

flowers and green vegetation which leads to an overestimation of the flower cover.
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