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Abstract

Spatially accurate information on plant species is essential for monitoring in forestry,
agriculture and nature conservation. Unoccupied Aerial Vehicle (UAV)-based remote
sensing combined with supervised deep learning segmentation methods can provide accu-
rate segmentation of plant species. However, labeling training data for supervised deep
learning methods in vegetation monitoring is a resource-intensive task. Citizen science
photographs annotated with species recognition apps could solve this challenge. How-
ever, citizen science photographs only have weak species classification labels and no seg-
mentation masks, which are required to train state-of-the-art segmentation methods for
fine-grained species recognition. Here, we explore the potential of an automated workflow
that integrates the Segment Anything Model (SAM) with Gradient-weighted Class Acti-
vation Mapping (Grad-CAM) to automatically generate segmentation masks from citizen
science plant photographs. We evaluated the workflow by using the generated masks to
train CNN-based segmentation models to segment 10 broadleaf tree species in UAV im-
ages. Our results demonstrate that segmentation models can be trained directly using
citizen science-sourced plant photographs, automating mask generation without the need
for extensive manual labeling. Despite the inherent complexity of segmenting broadleaf
tree species, the model achieved an overall acceptable performance for several species. In
the context of monitoring vegetation dynamics across space and time, this study highlights
the potential of integrating foundation models with citizen science data and remote sens-
ing into automated vegetation mapping workflows, providing a scalable and cost-effective

solution for biodiversity monitoring.
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1 Introduction

Many environmental monitoring applications rely on spatially explicit, timely, and accurate
data on the presence of plant species for tasks such as biodiversity mapping, monitoring
endangered or invasive species in conservation e orts, weed detection in precision agriculture,
and assessing tree species composition in forest management.

Remote sensing images from drones, also known as unoccupied Aerial Vehicles (UAVS),
have emerged as an e ective source of information for detecting plant species (Sun et al., 2021;
Maes and Steppe, 2019; Lopatin et al., 2019; Curnick et al., 2021; Wagner, 2021; Mallerova
etal., 2023; Bouguettaya et al., 2022; Fassnhacht et al., 2016). Through mosaicing aerial images,
UAVs enable the creation of georeferenced orthoimages that cover relatively large areas with
very high spatial resolution in the centimeter to millimeter range. The spatial detail in such
imagery can reveal distinct morphological features for plant species identi cation (Kattenborn
et al.,, 2019). These features include leaf shapes, ower structures, branching patterns, and
canopy structure (Schiefer et al., 2020b).

Supervised deep learning methods, particularly convolutional neural networks (CNNSs),
can successfully be used to exploit these spatial patterns for automated plant species identi -
cation (Kattenborn et al., 2019; Schiefer et al., 2020b; Brodrick et al., 2019). The integration
of deep learning-based pattern recognition with the high spatial resolution achievable by
UAVs transforms even simple RGB cameras into e ective tools for vegetation monitoring.
Particularly, CNNs for semantic segmentations enable an assignment of each pixel of a UAV
orthoimage to a plant species, enabling the mapping of the spatial distribution of plant species
in unprecedented detail (Kattenborn et al., 2021b; Hoeser and Kuenzer, 2020)

Supervised deep learning methods, which require labeled training data, hold great poten-
tial for plant species mapping. Despite their potential, a key challenge of making supervised
deep learning methods operational for plant species mapping is the need for large amounts
of training data (Kattenborn et al., 2021b; Galuszynski et al., 2022). Especially when neigh-
boring plant species look similar, a large amount of training data is needed to allow the
model to learn the subtle di erences between these species (Kattenborn et al., 2021b; Schiefer
et al.,, 2020b). Traditionally, such training data have been derived from eld surveys or
manual annotation of UAV imagery, both of which are labor-intensive and time-consuming
processes (Leitao et al., 2018; Kattenborn et al., 2021a). One alternative source of training
data is crowd-sourced plant photos from citizen science species identi cation platforms, such
as iNaturalist and Pl@ntNet (Boone and Basille, 2019; Di Cecco et al., 2021; Joly et al., 2016;
A ouard et al., 2017; Soltani et al., 2022, 2023). These citizen science platforms generated
millions of photos of vascular plants annotated with species labels, representing a valuable
resource for training computer vision models (Joly et al., 2016; Van Horn et al., 2018). iNat-
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uralist allows users to identify plant species manually or with assistance from an integrated
Al-based model, after which community consensus determines the reliability of each label,
assigning \research-grade" status when at least two-thirds of users agree on the identi cation.
Similarly, Pl@ntNet, with over 12 million observations, uses a comparable approach by com-
bining automated species suggestions with community-based validation (Joly et al., 2016).
Both platforms contribute their validated data to the Global Biodiversity Information Facility

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

While citizen science datasets such as iNaturalist and Pl@ntNet provide valuable species-
level labels, they fall short in delivering the pixel-level annotations, called segmentation masks,
required to fully exploit high-resolution UAV imagery (Soltani et al., 2022). These simple
labels can indicate whether a species is present in an image, but they o er no information
about where the species occurs within it. This lack of spatial localization severely limits their
usefulness for UAV-based applications, where the primary interest is not if a species is present
in an image but to map where species are located in a landscape. To realize the full potential
of deep learning for species mapping in UAV imagery we need training data with precise
pixel-level masks.

An additional challenge of citizen science imagery lies in its heterogeneity in scene con-
ditions and geometry (Soltani et al., 2022). In particular, the backgrounds are often highly
variable, ranging from sky and vegetation to mountains and diverse landscapes, which may
limit the transferability of image features to the drone perspective.

To address these limitations, we present a novel work ow that transforms weakly labeled,
crowd-sourced plant photographs into high-quality segmentation masks (Fig. 1). Our ap-
proach leverages the Segment Anything Model (SAM), a state-of-the-art foundation model
designed for generic segmentation tasks (Kirillov et al., 2023), in combination with Gradient-
weighted Class Activation Mapping (Grad-CAM) (Selvaraju et al., 2017).First, we train a
computer vision model for a simple species classi cation of the citizen science photographs.
Based on these classi cations, Grad-CAM highlights image regions that contribute most to
species classi cation, which we use to guide point-based prompts for SAM to generate accu-
rate segmentation masks. This enables an automated mask creation from images with only
species-level labels, eliminating the need for manual pixel-wise annotation. Lastly, we enhance
the transferability of these citizen science-based training data and its image features to the
drone scale by exchanging the textures of the background class with common background
samples from drone imagery.

We demonstrate the potential of this approach in a work ow that generates segmenta-
tion masks from iNaturalist and Pl@ntNet photos, making them directly suitable for training
CNN-based encoder-decoder models segmentation models for plant species segmentation. We
then apply these models to UAV orthoimagery for high-resolution, large-scale plant segmenta-
tion. (Kattenborn et al., 2021b; Bayraktar et al., 2020; Brandt et al., 2020). To evaluate this
work ow, we test it on a UAV dataset from the MyDiv experimental site in Bad Lauchstadt,
Germany, which includes ten deciduous tree species (Ferlian et al., 2018). Our results demon-
strate the potential of combining weakly labeled citizen science data with foundation models



103 (SAM) to scale training data generation for semantic segmentation, signi cantly reducing
104 manual e ort and enabling broader application in remote sensing-based plant species map-

105 ping.
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