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Abstract1

Spatially accurate information on plant species is essential for various biodiversity2

monitoring applications in forestry, agriculture and nature conservation like vegetation3

monitoring. Unoccupied Aerial Vehicle (UAV)-based remote sensing combined with super-4

vised deep learning supervised Convolutional Neural Networks (CNNs)-based segmentation5

methods can provide has enabled accurate segmentation of plant species. However, la-6

beling training data for supervised deep learning CNN methods in vegetation monitoring7

is a resource-intensive task , particularly for large-scale remote sensing datasets. Citizen8

science photographs annotated with species recognition apps could solve this challenge.9

However, citizen science photographs only have weak species classification labels and no10

segmentation masks, which are required to train state-of-the-art segmentation methods for11

fine-grained species recognition. Here, we This study explore the potential of presentsan12

automated workflow that integrates the Segment Anything Model (SAM) with Gradient-13

weighted Class Activation Mapping (Grad-CAM) to automatically generate segmentation14

masks from citizen science plant photographs reducing the efforts required for manual15

annotation. We evaluated the workflow by using the generated masks to train CNN-16

based segmentation models to segment 10 broadleaf tree species in UAV images. Our17

The results demonstrate that segmentation models can be trained directly using citizen18
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science-sourced plant photographs, automating mask generation without the need for ex-19

tensive manual labeling. Despite the inherent complexity of segmenting broadleaf tree20

species, the model achieved an overall acceptable performance for several species. In the21

context of Towards efficiently monitoring vegetation dynamics across space and time, this22

study highlights the potential of integrating foundation models with citizen science data23

and remote sensing into automated vegetation mapping workflows, providing a scalable24

and cost-effective solution for biodiversity monitoring.25

Keywords: Remote Sensing, Convolutional Neural Network, Citizen Science Data,26

Plant species, Transfer learning, Segment Anything Model, Gradient-weighted Class Ac-27

tivation Mapping, Automated Mask Generation.28

1 Introduction29

Many environmental monitoring applications rely on spatially explicit, timely, and accurate30

data on the presence of plant species for tasks such as biodiversity mapping, monitoring31

endangered or invasive species in conservation efforts, weed detection in precision agriculture,32

and assessing tree species composition in forest management.33

Spatially explicit, timely and accurate information on the distribution of plant species34

is essential for a wide range of applications, including mapping biodiversity, endangered or35

invasive species in conservation monitoring, weed detection in precision agriculture, and tree36

species assessments in forest management.37

Remote sensing images from drones, also known as unoccupied Aerial Vehicles (UAVs),38

have emerged as an effective source of information for detecting plant species (Sun et al., 2021;39

Maes and Steppe, 2019; Lopatin et al., 2019; Curnick et al., 2021; Wagner, 2021; Müllerová40

et al., 2023; Bouguettaya et al., 2022; Fassnacht et al., 2016). Through mosaicing aerial images,41

UAVs enable the creation of georeferenced orthoimages that cover relatively large areas with42

very high spatial resolution in the centimeter to millimeter range. The spatial detail in such43

imagery can reveal distinct morphological features for plant species identification (Kattenborn44

et al., 2019). These features include leaf shapes, flower structures, branching patterns, and45

canopy structure (Schiefer et al., 2020b).46

Supervised deep learning methods, particularly convolutional neural networks (CNNs),47

can successfully be used to exploit these spatial patterns for automated plant species identifi-48

cation (Kattenborn et al., 2019; Schiefer et al., 2020b; Brodrick et al., 2019). The integration49

of deep learning-based pattern recognition with the high spatial resolution achievable by50

UAVs transforms even simple RGB cameras into effective tools for vegetation monitoring.51

Particularly, CNNs for semantic segmentations enable an assignment of each pixel of a UAV52

orthoimage to a plant species, enabling the mapping of the spatial distribution of plant species53

in unprecedented detail (Kattenborn et al., 2021b; Hoeser and Kuenzer, 2020)54

Supervised deep learning methods, which require labeled training data, hold great poten-55

tial for plant species mapping. Despite their potential However, a key challenge of making56

with using supervised deep learning methods operational CNNs for plant species mapping57

is the need for large amounts of training data (Kattenborn et al., 2021b; Galuszynski et al.,58
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2022). Especially when neighboring plant species look similar, a large amount of training data59

is needed to allow the model to learn the subtle di�erences between these species (Kattenborn60

et al., 2021b; Schiefer et al., 2020b). Traditionally, such training data have been derived from61

�eld surveys or manual annotation of UAV imagery, both of which are labor-intensive and62

time-consuming processesTraditionally, train ing data has beenderived from �eld surveys or63

manual annotation of UAV images.Both approachesare resource-intensive and time-consum-64

ing and can hinder the successful application of CNNs (Leit~ao et al., 2018; Kattenborn et al.,65

2021a). One alternative source of training data issolution is using crowd-sourced plant photos66

from citizen science species identi�cation platforms, such as iNaturalist and Pl@ntNet (Boone67

and Basille, 2019; Di Cecco et al., 2021; Joly et al., 2016; A�ouard et al., 2017; Soltani et al.,68

2022, 2023). These citizen science platforms generated millions of photos of vascular plants69

plat forms host mil lions of vascular plant photos annotated with species labels, representing70

a valuable resource for training computer vision models (Joly et al., 2016; Van Horn et al.,71

2018). iNaturalist allows users to identify plant species manually or with assistance from72

an integrated AI-based model, after which community consensus determines the reliability73

of each label, assigning \research-grade" status when at least two-thirds of users agree on74

the identi�cation. Similarly, Pl@ntNet, with over 12 million observations, uses a comparable75

approach by combining automated species suggestions with community-based validation76

Currently, the iNaturalist plat form hosts more than 39 mil lion globally distributed and anno-77

tated photographs of vascular plant species.iNaturalist further allows usersto identify plant78

speciesmanually or via an integrated computer vision model. The submit ted observations by79

volunteers are then evaluated and a research-grade label is assigned when two-thirds of the80

community agreeon the speciesidenti � cation. Similarly, Pl@ntNet, which includes over 1281

mil lion observations, offers an integrated computer vision model for identi fying plant species82

and a validation processbasedon community consensus (Joly et al., 2016). Both platforms83

contribute their validated data to the Global Biodiversity Information Facility (GBIF), an84

international repository for open-access biodiversity information (GBIF, 2019).85

While citizen science datasets such as iNaturalist and Pl@ntNet provide valuable species-86

level labels, they fall short in delivering the pixel-level annotations, called segmentation masks,87

required to fully exploit high-resolution UAV imagery (Soltani et al., 2022). These simple88

labels can indicate whether a species is present in an image, but they o�er no information89

about where the species occurs within it. This lack of spatial localization severely limits their90

usefulness for UAV-based applications, where the primary interest is not if a species is present91

in an image but to map where species are located in a landscape. To realize the full potential92

of deep learning for species mapping in UAV imagery we need training data with precise93

pixel-level masks.94

An additional challenge of citizen science imagery lies in its heterogeneity in scene con-95

ditions and geometry (Soltani et al., 2022). In particular, the backgrounds are often highly96

variable, ranging from sky and vegetation to mountains and diverse landscapes, which may97

limit the transferability of image features to the drone perspective.98

Understanding where exactly the plant is located in an image is crucial for many appli -99
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cations. Precise localization enables the isolation of the plant from its background, allowing100

for the extraction of key morphological features such as shape, texture, and pattern. This101

detailed spatial information is essential for distin guishing between individual plants, even102

among those of the samespecies,for assessing plant health, growth patterns, and responses103

to environmental conditions. In scenarios where plants are densely clustered or overlapping104

with other objects, accurate localization ensuresthat analysesfocus solely on the plant it self105

rather than extraneous elements.106

This need for spatial precision is particularly pronounced in applications that use UAVs107

for speciesidenti � cation and ecological monitor ing. UAV imagesoften capture complex land-108

scapeswhere multi ple speciesintermix, making it dif� cult to discern individual plants using109

only image-level labels. Image segmentation, which involves parti tion ing an image into dis-110

tinct regions corresponding to different objects, provides the necessary pixel-level detail. By111

isolat ing individual plants from the background and neighboring species,segmentation en-112

hancesthe ability to analyze �ne -grained characteristics and supports more accurate species113

differenti ation and monitor ing.114

Despite the abundance of openly available crowd-sourced plant photographs from plat -115

forms suchasiNaturalist and Pl@ntNet, most of thesedatasetsprovide only weak, image-level116

specieslabels. While theselabels are suf� cient for train ing imageclassi� cation models to pre-117

dict whether a speciesis present in a photograph, they do not provide the detailed, pixel-level118

annotations (masks) required for train ing segmentation models. This lack of masksprevents119

the effective isolation of plant parts and the extraction of �ne -grained morphological features,120

which are crucial for applications like UAV -basedspeciesidenti � cation. Consequently, these121

datasets are fundamentally unsuitable for train ing supervised segmentation models, creat-122

ing a crit ical gap between the vast availability of plant photographs and the detailed mask123

annotations required.124

To address these limitations, we present a novel work
ow that transforms weakly la-125

beled, crowd-sourced plant photographs into high-quality segmentation masks (Fig. 1). Our126

approach leveragesTo bridge this gap, we proposea novel work
ow for automatically gener-127

ating high-quality masksfrom simple plant specieslabels usingthe Segment Anything Model128

(SAM), a state-of-the-art foundation model designed for generic segmentation tasks (Kirillov129

et al., 2023), in combination with Gradient-weighted Class Activation Mapping (Grad-CAM)130

(Selvaraju et al., 2017).First, we train a computer vision model for a simple species classi�ca-131

tion of the citizen science photographs. Based on these classi�cations, Grad-CAM highlights132

image regions that contribute most to species classi�cation, which we use to guide point-based133

prompts for SAM to generate accurate segmentation masks. This enables an automated mask134

creation from images with only species-level labels, eliminating the need for manual pixel-wise135

annotation. Lastly, we enhance the transferability of these citizen science-based training data136

and its image features to the drone scale by exchanging the textures of the background class137

with common background samples from drone imagery.138

The SAM model can automatically segment objects in photos (e.g. plant parts of a given139

speciesin an iNaturalist image) basedon one or a few sample point locations within example140
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photographs. To automate the processof creating sample point locations for a given plant141

speciesin a photograph, we employed supervised image classi� cation models and the Grad-142

CAM technique. Grad-CAM enables the identi � cation of image regions that are important143

to correctly predict a given class(here a plant species);thus we use sample location of such144

regions as input for the segmentation mask creation with SAM. This approach facilitates the145

automated creation of masksfor crowd-sourcedplant photographs.146

We demonstrate the potential of this approach in a work
ow that generates segmenta-147

tion masks from iNaturalist and Pl@ntNet photos, making them directly suitable for training148

CNN-based encoder-decoder models segmentation models for plant species segmentation. We149

then apply these models to UAV orthoimagery for high-resolution, large-scale plant segmenta-150

tion. (Kattenborn et al., 2021b; Bayraktar et al., 2020; Brandt et al., 2020). To evaluate this151

work
ow, we test it on a UAV dataset from the MyDiv experimental site in Bad Lauchst•adt,152

Germany, which includes ten deciduous tree species (Ferlian et al., 2018). Our results demon-153

strate the potential of combining weakly labeled citizen science data with foundation models154

(SAM) to scale training data generation for semantic segmentation, signi�cantly reducing155

manual e�ort and enabling broader application in remote sensing-based plant species map-156

ping. In this study, we demonstrate an end-to-end work
ow that transforms the simple labels157

of crowd-sourcedplant photos from iNaturalist and Pl@ntNet into segmentations masks,mak-158

ing them directly useable for train ing segmentation modelsfor plant speciesmapping. We then159

demonstrate how these generated maskscan be used to train CNN-basedsemantic segmen-160

tation encoder-decoder models, which can then be applied to UAV orthoimagery for accurate161

and large-scalesegmentation of plant species(Kat tenborn et al., 2021b;Bayraktar et al., 2020;162

Brandt et al., 2020).We further test how this work
ow can be usedto scaletrain ing data col-163

lection for broader UAV applications, offering an automated and scalable approach for image164

mask collection that minimizes the need for extensive manual annotations. To evaluate the165

effectivenessof the proposedwork
ow, we tested it on a tree speciesdataset acquired from166

the MyDiv experimental site in Bad Lauchst•adt, Germany (Ferlian et al., 2018). This site167

comprises ten temperate deciduous tree speciesin varying mixtures, making them ideal for168

testing speciesidenti � cation tasks.169
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