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Abstract

Understanding how plants capture light and maintain their energy balance is crucial for
predicting how ecosystems respond to environmental changes. By monitoring leaf inclination angle
distributions (LIADs), we can gain insights into plant behaviour that directly influences ecosystem
functioning. LIADs affect radiative transfer processes and reflectance signals, which are essential
components of satellite-based vegetation monitoring. Despite their importance, scalable methods
for continuously observing these dynamics across different plant species throughout day-night
cycles are limited.

We present AngleCam V2, a deep learning model that estimates LIADs from both RGB and
near-infrared (NIR) night-vision imagery. We compiled a dataset of over 4,500 images across 200
globally distributed species to facilitate generalization across taxa. To address the lack of labeled
NIR data, a training strategy was developed that uses pseudo-NIR imagery derived from daytime
RGB images. The model is based on a vision transformer architecture with mixed-modality training
incorporating RGB, grayscale, and pseudo-NIR images.

AngleCam V2 achieved substantial improvements in generalization compared to AngleCam
V1 (R? = 0.62 vs 0.12 on the same holdout dataset). Phylogenetic analysis across 100 genera
revealed no systematic taxonomic bias in prediction errors. Testing against leaf angle dynamics
from multitemporal terrestrial laser scanning confirmed the model’s ability to track diurnal
leaf movements (R? = 0.61-0.75) with a nighttime RMSE of 3.1 -3.6 (compared to daytime
RMSEs of 3.5 and 7.6 , respectively). Furthermore, the model successfully detected water
limitation-induced changes over a 14-day monitoring period.

This method enables continuous monitoring of leaf angle dynamics using conventional cameras,
enabling applications in ecosystem monitoring networks, plant stress detection, interpreting satellite
vegetation signals, and citizen science platforms for global-scale understanding of plant structural

responses.

plant phenotyping, remote sensing, terrestrial laser scanning, vision transformer

1

angle. Plants have evolved a wide variability of vertical leaf angle orientations across species, growth

Introduction

Some plants hold their leaves horizontally like umbrellas, while others keep them upright like rows of

solar panels. This difference in orientation, ranging from flat to erect, is described as the vertical leaf

forms, and geographic regions (Puglielli et al., 2024).
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Even within a single plant, leaf angles vary to optimize resource use. Upright upper leaves facilitate
light transmission, while horizontal lower leaves maximize light absorption (Niinemets, 2010). This
variation, which has been studied since Darwin (Darwin & Darwin, 1883), regulates light uptake,
competition, microclimates, and canopy productivity (Hikosaka & Hirose, 1997; Mullen et al., 2006;
Niinemets, 2010).

The vertical orientation of a leaf is de ned by its surface angle, which ranges foorfentirely
horizontal) to 90 (entirely vertical). The variability of these angles within a canopy is referred
to as the leaf inclination angle distribution (LIAD). LIADs are not static, as plants adjust leaf
angles through active and passive processes, including diurnal movements, phenological changes, and
water-stress-induced drooping. These responses are in uenced by light, temperature, competition,
and plant water status (Apelt et al.,, 2017; Geldhof et &l., 2021; Niinemets, 2010; Puglielli et al.,
2017). Rapid changes in leaf angles can indicate stress, such as heat or photoinhibition, and regulate
canopy energy balances (Ehleringer et al., 1987; Kattenborn et al., 2022; Leuzinger & Korner, 2007;
Sastry et al., 2018; Van Zanten et a|., 2010; Werner et al., 2001). LIAD variability also signi cantly
in uences canopy re ectance, making it critical for global vegetation monitoring and interpreting
satellite-based signals (Braghiere et al., 2021; Dechant et al., 2020; Jablonski ¢t al., 2025; Kattenborn
et al.,|2024).

Despite their importance, few scalable techniques exist for automatically tracking dynamic changes
in LIADs (Yang et al., 2023). While inertial measurement units (IMUs) can track individual leaf
movements (Geldhof et al., 2021), they are not scalable to entire canopies. 3D point cloud-based
approaches using photogrammetry (Qi et al., 2019), terrestrial laser scanning (Bailey & Maha ee,
2017; Murithi et al.,[|2025; Stovall et al|, 2021; Zheng & Moskal, 2012), or stereo vision (Bernotas
et al., [2019; Biskup et al., 2007; Muller-Linow et al., 2015) show promise but require specialized
hardware and calibration, limiting their usability in eld conditions.

Yet humans can easily perceive di erences in leaf angles from real-life observations or photographs
(Pisek et al., 2011; Zou et al., 2014). Automating this task using computer vision techniques led
to the development of AngleCam (Kattenborn et al., 2022, 2024), a deep learning model designed
to estimate LIADs from single, horizontally oriented RGB photographs or video frames. AngleCam
was trained on approximately 2500 images and corresponding leaf inclination angle distributions,
which were derived from annotating individual leaves in the image frames, and compared against
independent TLS-derived LIADs across 25 plant species. The applicability and responsiveness of

AngleCam were demonstrated through long-term time series in which predicted leaf inclination angle
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distributions exhibited plausible dynamics in response to environmental drivers, including radiation,
temperature, and soil humidity at multiple sites (Kattenborn et al., 2022, 2024). Despite these
potentials, the original AngleCam (V1) remains limited to daylight observations and has restricted
generalizability due to the limited diversity of its training dataset.

Here, we present AngleCam V2, which addresses these limitations through three major ad-
vancements: (1) we expanded the training and validation dataset to over 4500 images across 200
species, ensuring robust generalization across diverse growth forms and biomes. (2) we integrated a
self-supervised vision transformer (DINOv2) to enhance feature extraction and robustness to varied
scene conditions. (3) we developed a training strategy that combines grayscale and pseudo-NIR
transformations to leverage existing RGB labels and minimize manual e ort for NIR annotation. This
approach enables the model to process both RGB and NIR night-vision imagery, supporting continuous
24-hour monitoring of leaf movements.

In this study, we validate the model on a holdout dataset and assess its generalization across
100 genera. Additionally, we test the approach in controlled indoor experiments, which include a
comparison with multitemporal terrestrial laser scanning (TLS) and monitoring of a plant under
water limitation. The enhanced generalization and temporal capabilities could make this approach a
promising candidate for ecosystem monitoring networks and citizen science applications, with potential

for contributing to global-scale understanding of leaf angle patterns and their environmental drivers.
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2 Materials and Methods

2.1 AngleCam model development

2.1.1 RGB image data across taxa and geographic regions

The dataset for model training and validation grew from 2680 to 4795 images, enhancing taxonomic
and morphological diversity with AngleCam V2 (Fig. 1). Unlike AngleCam V1, which relied solely
on two datasets from 2021, AngleCam V2 includes these plus three additional collections (Tab. 1).
The rst is a diverse set from the Leipzig area, featuring 100 species from various environments.
The second set consists of image time series taken within the project at the Canopy Crane research
platform (Leipzig Canopy Crane [LCC]) of the German Centre for Integrative Biodiversity Research
(iDiv) Halle-Jena-Leipzig. This site covers a Leipzig oodplain forest, a structurally complex hardwood
forest dominated by tree species such as European &sax{nus excelsiot..), English oak Quercus
robur L.), Sycamore mapleAcer pseudoplatanus.), European hornbeamarpinus betulud..), and
small-leaved limeTilia cordata Mill) (see Richter et al., 2022, for details). Together, both datasets
provided a total of 102 di erent species. WhilEilia cordata and Acer pseudoplatanusepresented
approximately 50% of the dataset, this re ects extensive temporal sampling from continuous monitoring
at the Leipzig Canopy Crane, capturing a large variability of LIADs of these species across diverse
environmental conditions and seasonal phenology rather than simple taxonomic overrepresentation
(Fig. 1). These image series were captured using TLC-200 Pro timelapse cameras (Brinno Inc., Taipei,
Taiwan) in high-dynamic range (HDR) mode (further details see Kattenborn et al., 2022).

With the new version of AngleCam, we have expanded the training and validation dataset to
make the model more robust against various leaf shapes and illumination conditions. The entire

dataset now includes three additional datasets in addition to the two from the rst version:

Image series taken within the eld experiment MyDiv (Mycorrhiza in tree Diversity e ects on

ecosystem functioning; Ferlian et al., 2018).

A globally sourced collection of over 600 tree and shrub samples representing more than 100

species from diverse climates and biomes.

An independent test dataset with image series of three indoor plant species, including two

validated against terrestrial laser scans (described in Section 2.3 & 2.4).
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Figure 1: Species distribution in AngleCam (V1 & V2) training datasets. Rank-abundance curves
showing the number of images per species (left y-axis, log scale) and cumulative dataset coverage
(right y-axis) for Version 1 (left panel, 2680 images across 102 species) and Version 2 (right panel,
4795 images across 200 species). The curves illustrate how images are distributed across species in
each dataset, with reference lines indicating the number of species required to achieve 50%, 75%,
and 95% of total dataset coverage.

The MyDiv experiment, conducted at the Bad Lauchstadt Experimental Research Station of
the Helmholtz Center for Environmental Research-UFZ in Saxony-Anhalt, Germany, is structured to
investigate the e ects of tree diversity on ecosystem functions (Ferlian et al., 2018). The data for
this analysis speci cally used measurements from monoculture plots of nine temperate deciduous tree
species:Acer pseudoplatanu&., Aesculus hippocastanur., Fraxinus excelsiot.., Sorbus aucuparia
L., Betula pendulaR., Carpinus betulud.., Fagus sylvaticd.., Quercus petraegMatt.) Liebl., and
Tilia platyphyllos Scop. For each of these nine species, two time-lapse cameras were deployed in the
plot center of the respective monoculture plots. The cameras were positioned to capture a horizontal
eld of view of branches from two individuals located centrally within the plot. The installation height
corresponded to the upper third of the tree crowns. Time series images were collected at 5-minute
intervals during the primary vegetation period from June 6 to October 5, 2022 (further details see
Kattenborn et al., 2024).

To improve the model's robustness across genera and scene conditions, we integrated a compre-
hensive dataset that includes 676 horizontal plant photographs representing over 100 distinct species
across a broad taxonomic and ecological spectrum. The observations were collected from botanical
gardens and arboreta worldwide, including locations in Europe (Czech Republic, Estonia, France, Italy,
Netherlands, Portugal, Spain, Sweden, and the United Kingdom), as well as in the USA, Israel, and
Australia. This collection covers a variety of biomes and climates, ranging from Mediterranean and

temperate to subtropical regions. For several species and genera, suehcadyptus Quercus and
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Betula, multiple samples from diverse locations were collected, resulting in a dataset that includes

both intra- and interspeci c variation under varied environmental conditions.

Table 1: Datasets used for AngleCam V1 and V2 model training and validation.

Dataset Year(s) Species Image Description AngleCam
Count  Count Version

Area of Leipzig 2021 100 1237  Natural/semi-natural areas,V1 & V2
parks, gardens, indoor plants

Leipzig Canopy 2021 2 1431  Floodplain forest, a V1 &V2

Crane (LCC) hardwood ecosystem

MyDiv experiment 2022 9 1422  Tree monocultures V2 only

Global Collection 2012 2022 >100 676 Botanical gardens, arboreta V2 only
worldwide

Indoor experiments 2024 2025 3 35 Controlled indoor plant V2 only
monitoring

2.1.2 Labeling RGB images with leaf inclination angle distributions

Deep learning models bene t from large, well-annotated training datasets. To generate leaf angle
references e ciently, we used visual estimation based on RGB images. Previous studies obtained
estimates of leaf inclination angle distributions by measuring the vertical angle of leaves that are
oriented perpendicular to the camera's line of sight (Pisek et al., 2011; Ryu et al., 2010). Multiple
measurements of individual leaves can be summarized as a leaf inclination angle distribution. However,
these strict geometric requirements limit the number of usable samples per image, the robustness of
a leaf inclination angle distribution, and pose challenges for species with complex or curled leaf forms
(Murithi et al., 2025). Here, we overcome these limitations by estimating the average leaf inclination
of whole leaf surfaces through visual interpretation of their apparent angle from horizontal in RGB
images. This process relied solely on visual estimation, without additional geometric cues. Only
clearly visible leaves were annotated, while occluded leaves were excluded. For curled or non-planar
leaves, annotators estimated the average inclination of the entire leaf surface. This approach was
previously applied successfully for AngleCam V1 (Kattenborn et al., 2022).

We obtained a LIAD for each reference image by sampling the average leaf surface inclinations of
20 leaves. This sample size was chosen to obtain a representative intra-image leaf angle variability, as
well as a large image dataset across species and scene conditions. We followed the approach from
AngleCam V1, where this sampling strategy was validated by terrestrial laser scanRfrig 0.74)
(Kattenborn et al., 2022). For each image, we placed an evenly spaced grid of points and selected

the leaf closest to each point for annotation. This method ensures spatial balance across the eld of
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view, reduces bias toward prominent leaves, and samples leaves throughout the vertical gradient of
the visible canopy seen from the horizontal camera angle.

Although this approach enables e cient annotation, it may introduce observer-related uncertainty.
To reduce sensitivity to label uncertainty, individual discrete angle measurements were not used
directly as training targets. Instead, the 20 leaf samples were converted into probability distributions
across the fulld 90 leaf angle range. The two-parameter beta distribution was employed, as it is
well-suited to model continuous gradients of leaf inclination angle distribution shapes, ranging from
strongly horizontal (planophile) to uniform, spherical, or strongly vertical (erectophile) forms (Goel &
Strebel, 1984). Beta distribution tting was performed in Python using tlseipy.stats module
(v1.13.0), with parameterqa, b) estimated by maximum likelihood.

Rather than directly predicting théa, b) parameters of a beta distribution, the model was trained
to predict the entire probability density function (PDF) across tlle 90 range at2 intervals, since
the underlying LIAD may di er from an idealized beta distribution in some cases (Kattenborn et al.,
2022). To further mitigate the impact of potential annotation bias and enhance generalization, the
tted (a,b) values of the reference LIADs were augmented, generating 50 synthetic variants for
each image by samplinfg, b) within  20% of the standard deviation of the maximum likelihood
estimates. This data augmentation increases the model's robustness to plausible measurement
variations. Additionally, by training on over 3500 images, random interpretation errors are expected
to be mitigated during optimization rather than systematically propagating into the learned signal
(Rolnick et al., 2017). The robustness of this labeling approach was veri ed by evaluating the model

against independent leaf angle measurements derived from terrestrial laser scanning (see Section 2.3).

2.1.3 Generating training data on pseudo-NIR images

While AngleCam V1 was trained exclusively on RGB images, we speci cally adapted AngleCam V2 to
also process NIR images acquired under nighttime conditions, enabling fully continuous monitoring of
leaf angle dynamics.

Night-vision images are captured by cameras with infrared light-emitting diodes (NIR-LEDs) that
emit near-infrared radiation (850-940 nm). The camera sensor records re ected NIR light, resulting
in grayscale images that represent backscatter intensity (Sun et al., 2023). These images di er from
daylight RGB images in several ways: the spectrum varies (e.g., vegetation appears bright in NIR),
the e ective range of the NIR LED is around 9 meters, and illumination decreases with the square of

the distance from the light source (Pharr et al., 2023).
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These fundamental di erences posed a challenge, as a model trained only on RGB images would
perform poorly on NIR images due to modality mismatch. Given that a large dataset of labeled RGB
data was already available (Tab. 1), we decided not to invest the same workload to create an equally
sized dataset of labeled NIR imagery. Instead, we developed an approach to create synthetic NIR
imagery from the already extensively labeled RGB data.

Firstly, we randomly converted 50% of the RGB in the training dataset to grayscale using luminance
weighting (0.299R + 0.587G + 0.114B) to reduce reliance on color. Secondly, we randomly added a
distance-based dimming to 50% of the grayscale images (pseudo-NIR images) to mimic the limited
range of the NIR illuminator and the corresponding brightness fallo with distance (Fig. 2). For
this, we scaled the pixel intensities of each grayscale image according to the pixel-wise distances
estimated from computer vision derived depth maps (Depth Anything V2; see details below). The

nal transformation was de ned as:

INR = lgray i do= 1, #= 2.

where lgray is the grayscale imaged is the per-pixel depth (in meters), andy is a normalization
distance. We sett= 2 to ensure numerical stability for minimal depths and to slightly compress the
distance attenuation. This yields pseudo-NIR images that appear brighter and less contrast-extreme
(Fig. 2).

The depth maps used to simulate the NIR imagery were generated using Depth Anything V2, a
state-of-the-art monocular depth estimation model (Yang et al., 2024). We used the large model
variant, ne-tuned for metric depth estimation on the Virtual KITTI 2 dataset (Cabon et al., 2020).

To align predicted depth values with the operational range of our NIR camera system, we constrained

maximum depth predictions to 9 meters.

2.1.4 Model architecture and training

For AngleCam V2, we revised the architecture by replacing the E cientNet-B7 backbone with the

self-supervised DINOv2 ViT-S/14 model as the feature extractor (Oquab et al., 2023). Vision
transformers o er a comprehensive feature representation, e ectively recognizing structures and
capturing depth cues through their global context processing (Dosovitskiy et al., 2020; Tolan et al.,
2024).

The DINOv2 ViT-S/14 backbone outputs a 384-dimensional embedding, which we passed into a

10
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