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1 | INTRODUCTION

Plants show a diverse configuration of leaf angles across species
and growth forms. Already Darwin and Darwin (1880) noted that
the configuration of a plant's leaf angles varies in diurnal rhythms,
changes through phenology and reacts on environmental stimuli,
such as light availability, temperature, competition or water avail-
ability. This can include nastic movements, that is, non-directional
movements to stimuli such as irradiance or temperature, tropisms
which are directed to a stimulus (e.g. the course of the sun), adhe-
sion of precipitation, active and passive responses to drought and
heat stress such as drooping or wilting of leaves (Apelt et al., 2017;
Niinemets, 2010; Puglielli et al., 2017). Such imprints of environmen-
tal stimuli on leaf angular orientations differ considerably between
growth forms, species and even genotypes (Geldhof et al., 2021).

The orientation of individual leaves in a canopy can be described
by their vertical surface angles (0° horizontal and 90° vertical).
The statistical distribution of vertical leaf angles within a canopy is
described as leaf angle distributions. Information on leaf angles is
relevant for various fields. Leaf angles have direct influence on the
light interception and photon yield of plants (Mantilla-Perez & Salas
Fernandez, 2017; Pepper et al., 1977; Rogers et al., 2017; Sarlikioti
etal., 2011). Leaf angles may not only determine productivity, but are
also an important trait studied in community ecology to understand
competitive abilities of plants (Hikosaka & Hirose, 1997; Kattenborn
et al., 2019; Mullen et al., 2006; Niinemets, 2010). Changes in leaf
angles are a direct indicator of stresses, such as excess radiation,
heat and drought stress (Ehleringer & Comstock, 1987; Geldhof
et al., 2021; Van Zanten et al., 2010), which, in turn, can strongly
alter the energy balance of canopies (Leuzinger & Kaérner, 2007,
Sastry et al., 2018). The interplay of leaf angles with incoming radia-
tion also greatly affects scattering processes of plants across wave-
lengths (Berger et al., 2018; Jacquemoud et al., 2009; Kattenborn
et al., 2018) and, hence, have a large effect on reflectance and flu-
orescence signals in Earth observation data (Braghiere et al., 2021,
Dechant et al., 2020; Hase et al., 2022; Xu et al., 2021).

Despite the importance of leaf angles for a series of applications,
there is no efficient and automated method to track the temporal
variation of leaf angles or their distribution in plant canopies under
field conditions (Berger et al., 2018; Niinemets, 2010). Inertial mea-
surement units (IMU) attached to single leaves proved to be an ef-
fective approach to track movements of individual leaves (Geldhof
et al., 2021), but this is not scalable to track leaf angle distributions
in whole plant canopies. Methods based on 3D point clouds derived
from photogrammetry (Qi et al., 2019) or terrestrial laser scanning
(TLS; Itakura & Hosoi, 2019; Stovall et al., 2021) enable the estima-
tion of leaf angle distributions, but require either expensive equip-
ment, sophisticated data acquisition and processing procedures, and
are, hence, hardly scalable for tracking variations at high temporal
resolutions (e.g. <hourly) and long time periods.

Stereo imaging techniques with rigs of conventional cameras
and image matching or depth analysis were shown to be effective

for multitemporal analysis (Bernotas et al., 2019; Biskup et al., 2007;
Miuller-Linow et al., 2015). However, such approaches require so-
phisticated hardware configurations and calibration as well as image
acquisition in nadir view, which is often hard to realize for various
applications and field conditions. Simpler and low-cost methods
based on conventional cameras were presented by Pisek et al. (2011)
and Zou et al. (2014), where angles of leaves that are perpendic-
ular to the camera orientation are estimated from the imagery
by a human interpreter. This approach was successfully applied
across different plant species and times steps (Hase et al., 2022;
Kattenborn et al., 2018), but lacks automation and, thus, efficiency
(but see Raju et al., 2020, for a semi-automatic approach). However,
with advances in computer vision-based pattern recognition and
deep learning (Kattenborn et al., 2021; Mohanty et al., 2016; Singh
et al., 2018), such interpretation tasks may be taken over by an arti-
ficial intelligence.

The currently most prominent deep learning technique for pre-
dictive image analysis is convolutional neural networks (CNNs),
which learn the image features that are required to predict the tar-
get property (Albawi et al., 2017). In the recent years, a series of
studies successfully applied CNN for predicting vegetation prop-
erties from conventional RGB cameras (Cao & Xin, 2021; Correia
et al., 2020; Schiefer et al., 2020; Schiller et al., 2021). Depending
on the model complexity, the training process of such models may
be time-consuming, but the prediction task of a trained model is
extremely fast (Kattenborn et al., 2021). In concert with increasing
performance of outdoor-capable cameras (timelapse cameras or
PhenoCams), such deep learning-based method may prove to be an
effective method to track temporal variation in leaf angles.

Here, we present and evaluate AngleCam—a method to estimate
leaf angle distributions from plant images and deep learning-based
pattern recognition techniques. First, we evaluated AngleCam for
different and complex leaf forms of different plant species using in-
dependent samples as well as leaf angle estimates from TLS. Second,
we test AngleCam under field conditions for long-term monitoring
of leaf angle distribution at high temporal resolution (3 min) over
long time periods (4 months). For this, we attached 19 cameras to
four individuals of two tree species with contrasting leaf forms and
functioning at the Canopy Crane research platform (Leipzig Canopy
Crane [LCC]) of the German Centre for Integrative Biodiversity
Research (iDiv) Halle-Jena-Leipzig. The plausibility of these time se-
ries was additionally assessed by testing their correspondence with

environmental drivers monitored on-site.

2 | METHODS

The methods comprise the acquisitions of RGB images using time-
lapse cameras, the generation of reference data with visual inter-
pretation, the design and training of the CNN model (AngleCam), its
independent evaluation using leaf angle estimates from TLS and the

model application to image time series.
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FIGURE 1 |lllustration of the leaf angle
definition and the leaf surface normal,
that is, the perpendicular vector to the Zenith
tangential plane at the surface (left), the :
positioning of cameras mounted in trees '
at the LCC site (centre), and an example of
a camera (Brinno TLC-200 Pro) installed
within a crown (right)

2.1 | RGB image acquisition

All images in this study were acquired with TLC-200 Pro timelapse
cameras (Brinno, The Netherlands). The TLC-200 Pro records time-
lapse videos with a resolution of 1280 x 690 pixels in high dynamic
range (HDR) mode. The HDR mode is particularly beneficial for
scenes with complex illumination conditions, as is often the case
in vegetation canopies. The TLC-200 Pro can be operated autono-
mously with batteries and SD card-based flash memory. The time-
lapse videos can be readily converted to single image frames (see
provided code). Therefore, in the following, when the capturing of
images is described, the capturing of videos and subsequent conver-
sion to single images is meant. All imagery in this study was acquired
with a horizontal camera orientation (visually estimated).

As detailed below, using the TLC-200 Pro, we generated three
image datasets with reference data, including

1. a heterogeneous dataset recorded in the area of Leipzig to
facilitate the model transferability,

2. Image time series recorded at the LCC to test the temporal track-
ing of leaf angles and

3. in addition to the two before-mentioned datasets, which were
used for model training, another dataset was acquired together
with terrestrial laser scans in the Botanical Garden of Leipzig
University for independent model evaluation (described in
Section 2.4).

The first dataset acquired in the area of Leipzig was generated
in 2021 and included various settings and locations to facilitate
the transferability of a CNN model across scene characteristics
and plant species. This imagery was acquired in natural and semi-
natural sites, parks, from indoor plants and gardens. This resulted
in a dataset of approximately 60 different species, mostly belonging
to herbs, shrubs and deciduous tree species. The camera was oper-
ated by hand and for each plant a series of pictures was generated
from varying azimuth angles and distances (<2 m). From these ac-
quisitions, finally 580 images were selected for model training and
validation (Section 2.2).

The dataset on image time series was acquired in 2021 at
the LCC site of the German Centre for Integrative Biodiversity
Research (iDiv) Halle-Jena-Leipzig. The crane is located in the

Leaf surface
normal

Leipzig floodplain forest, a structurally complex hardwood forest.
The dominant tree species are European ash (Fraxinus excelsior L.),
English oak (Quercus robur L.), Sycamore maple (Acer pseudoplata-
nus L.), European hornbeam (Carpinus betulus L.) and small-leaved
lime (Tilia cordata Mill) (see Richter et al., 2021, for details). The
resulting images were also used for model training and evaluation
(Section 2.2) and to test the long-term monitoring of leaf angles
(Section 2.5). For image acquisition, the cameras were perma-
nently mounted in tree crowns of four mature trees of A. pseudo-
platanus and T. cordata (two individuals per species). To mount and
service the cameras at the tree crowns, we used the gondola of
the canopy crane, which enabled us to directly access individual
trees at different heights. The cameras were fixed to aluminium
poles (2 cm diameter, 2 m length), which, in turn, were fixed to
robust branches of the target trees. The cameras were protected
with water-resistant housings available from the manufacturer. In
total, we attached 19 cameras. Given that leaf angles are known
to vary considerably along the vertical gradient of plant canopies
(Niinemets, 2010), we attached the cameras at two relative height
levels: For each tree, at least two cameras were mounted at the
crown top (approximately 30m height) and two cameras within
the canopy (approximately 20m height) (Figure 1).

The cameras attached to the trees were set to a 1 min interval
and the acquisition period was limited to 08:00-20:00 CEST to
constrain data loads and battery consumption. The data acquisition
period ranged from the beginning of June to the end of September
2021. In this period, the cameras were serviced two times, which in-
cluded the exchange of batteries, exchange of SD cards, cleaning of
lenses from pollen and dust and adjusting potential changes in cam-
era orientations (the site was subject to multiple storm events during
2021). A sample of 2190 images acquired at the canopy crane facil-
ity was included in the model training and validation (Section 2.2).
These image samples were selected manually to cover diurnal cycles
and different weather conditions.

The acquisition date and time of each frame was automatically
documented with a timestamp at the bottom of each image (an
area expanding from left to right with 30 pixels height). These time-
stamps were removed from the imagery and the date and time were
extracted to text files using the optical character recognition engine
tesseract (R-package TesserACT, vers. 4.1), which utilizes deep learning-
based long short-term memory networks.
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A gap-less image acquisition was not possible for all mounted
cameras. Some data gaps were caused by multiple heavy storms that
took place in 2021 in Leipzig that bent the suspension or at least
changed the orientation of the cameras so that the imagery was not
usable. In one case, a full time series was not recorded due to incor-
rect operation and in another case the camera was defect.

2.2 | Generation of training and validation data

Training deep learning-based pattern recognition often requires
large quantities of training data. To effectively generate a large
number of samples, we used visual interpretation of the RGB
imagery. Previous studies proposed to estimate leaf angle dis-
tributions from leaves that are perpendicular to the line of sight
in horizontal images by digitally measuring the angle (0-90°)
between the zenith and an estimated leaf surface normal (Pisek
et al., 2011; Ryu et al., 2010). Thereby, the leaf surface normal
is defined as perpendicular vector to the tangential plane at the
surface (Figure 1). Such techniques have been successfully applied
in a range of studies (Hase et al., 2022; Kattenborn et al., 2018;
Xu et al., 2021). However, this approach is only applicable for
leaves that are perpendicular to the line of sight of the image,
which can, hence, greatly limit the amount of samples per image.
Furthermore, an explicit leaf surface normal cannot be directly
delineated for complex leaf forms, such as found for several spe-
cies (including A. pseudoplatanus studied here) or at certain plant
states, for example, leaf rolling or drooping (Ryu et al., 2010). To
pragmatically overcome these limitations, we visually estimated
the mean surface angle of whole leaves (0-90°), assuming that the
human visual cortex can sufficiently infer the geometrical orienta-
tion of leaf surfaces from horizontal images (Kim & Burge, 2020;
Spelke et al., 2010). Thereby, inaccuracies are expected, but as
long as the latter are normally distributed and the dataset is large
enough, they can be compensated by machine learning algorithms
(Kattenborn et al., 2021; Rolnick et al., 2017).

We created a R-based pipeline (R Core Team, 2013) that dis-
plays images and enables the interpreter to select individual leaves
by clicking and subsequently enter the estimated leaf angle. As
suitable trade-off between sampling speed and robustness, we
estimated leaf angles for 20 samples for each image. To obtain a
representative sample for a given image, evenly distributed points
were overlaid on the image during visual interpretation, from which
the closest leaf was selected for interpretation. Based on the image
samples selected in Section 2.1, reference data were generated for
a total of 2770 images, including 580 images obtained at various
sites around Leipzig and 2190 images from the LCC site.

2.3 | CNN model training

Considering that 20 leaf angle samples per image may be too sparse
to robustly represent an actual leaf angle distribution, we trained the

CNN model with probability distributions derived from these sam-
ples. The probability distributions were estimated using the two-
parameter beta distribution function, which was found to accurately
describe the probability density of a leaf angles in plant canopies
(Goel & Strebel, 1984; Wang et al., 2007). The parameters of the
beta distribution (a, g) were fitted using the maximum likelihood es-
timation (mle, r-package Fitoist, v.1.1-5).

We did not train the CNN model on explicitly predicting the fit-
ted beta distribution parameters (e, ), assuming that in certain con-
ditions the actual leaf inclination distribution may depart from such
an idealized beta distribution. Instead, the model was trained to pre-
dict a probability density from O to 90° at 2° intervals derived from
the fitted beta distribution. For model regularization, we augmented
the leaf angle distributions of the training data (Schiller et al., 2021)
based on the standard deviation of the beta distribution parame-
ters (a, ) obtained from the mle fit. For each image in the training
sample, 50 variants of leaf angle distributions were generated by
randomly sampling @ and g parameters within 20% of the estimated
standard deviation. During the training process, which repeatedly
iterates over all training images in multiple epochs (details below),
one of these 50 variants was randomly selected as reference. The
model validation was performed with the leaf angle distribution as
obtained from the initial mle fit.

The CNN model was implemented in R using the Keras and
TensorFlow frameworks (vers. 2.9.1). The imagery was pre-
processed on the fly using a TensorFlow input pipeline and in-
cluded the conversion from integer (0-255) to floating values
(0-1) and cropping the imagery to 512x 512 pixels. A resolution
of 512x 512 was selected as being an ideal compromise between
model accuracy and efficiency during initial tests. For training data
augmentation, the imagery was cropped to 512 x 512 pixels using a
random location within the 1280 x 690 pixels. Yet, we constrained
the cropping locations not to overlap with the image boarders, de-
fined as the outermost 10% of the original imagery. The imagery
used for validation and prediction was cropped to 512 x 512 pixels
along the shortest edge of the input imagery while maintaining the
original aspect ratio.

As CNN feature extractor, we used EfficientNet-B7 (Tan &
Le, 2019), which is at the time of writing reported to be one of the
most accurate and efficient backbones (Hoeser & Kuenzer, 2020).
The backbone was initialized with random weights and a drop con-
nect rate of 0.2. The EfficientNet-B7 backbone was followed by a
global average pooling and a dense layer with 43 units, correspond-
ing to the 2° interval between 0 and 90° of the leaf angle distribution
(Figure 2). The resulting model was trained with 200 epochs and a
batch size was 10. We choose the adam optimizer with a learning
rate of 0.0001. Of the 2770 training samples, 2570 were used for
training and 200 were used to monitor the training process (onward
validation holdout; sample numbers were set arbitrarily). The final
model was selected based on the lowest loss (mean squared error)
obtained from the validation data and evaluated with independent
estimates of leaf angle distributions obtained from TLS scanning
(Section 2.4).
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FIGURE 2 The AngleCam model structure used in this study
to predict a leaf angle distribution from a single image. The basis
for the latter is the EfficientNet-B7 backbone, followed by a global
average pooling and a dense layer. The dense layer results in a
vector of length 43 representing the leaf angle distribution at a 2°
interval

2.4 | CNN model evaluation with TLS

The CNN model evaluation using validation holdouts (Section 2.3)
tests the model's ability to reproduce the reference data obtained
from visual interpretation, but cannot inform on whether the pre-
dicted leaf angles (or the results obtained from visual interpreta-
tion) are actually accurate. Therefore, we evaluated the model
performance for predicting leaf angle distributions with TLS-based
estimates, which provide an entirely independent comparison.
Moreover, TLS-based estimates are assumed to enable the most ro-
bust estimation of leaf angle distributions (Stovall et al., 2021; Vicari
et al., 2019). We predicted leaf angle distributions from the TLS
scans using the TLSLeAF method (Stovall et al., 2021). TLSLeAF was
successfully validated with indoor experiments and real-world data
of different forest types, including loblolly pine, hemlock, broad-
leaf, tropical broadleaf and mangrove forests (Stovall et al., 2021).
TLSLeAF estimates leaf angles from surface normals estimated from
multiple laser returns of a leaf. For this, the algorithm first estimates
surface normals (Bailey & Mahaffee, 2017) and separates leaf and
woody components using a random forest model and spatial eigen-
vectors derived from surface normals estimated at multiple scales
(Moorthy et al., 2019).

As test dataset we acquired image and TLS data for 25 species
of different growth and leaf forms in the Botanical Garden of Leipzig
University, Germany. The sampled species included Adiantum
capillus-veneris L., Anthurium amnicola Dressler, Bixa orellana L.,
Bonellia macrocarpa Cav., Calathea wiotii Petersen, Caliphruria sub-
edentata Baker, Carica papaya L., Capparis ferruginea L., Deherainia
smaragdina Decne., Dorstenia contrajerva L., Fittonia albivenis
Lindl. ex Veitch, Heliconia stricta Huber, Pachystachys lutea Nees,
Oplismenus hirtellus L., Pilea densiflora Kunth, Pseuderanthemum
alatum Nees, Pitcairnia imbricata Brongniart, Pteris tremula R. Br.,
Rhytidophyllum tomentosum (L.) Mart., Tillandsia cyanea Linden ex K.
Koch, Tradescantia spec. and Vriesea ospinae H. Luther. We generated
two TLS scans using a Faro Focus 3D X330 (FARO Technologies Inc.,
2019). The scans included RGB colour information obtained from the
internal cameras of the scanner. Considering the results of Stovall

et al. (2021), we positioned the scanner at a maximum distance of
5 m to the target plants. Afterwards, the target species were imaged
with the Brinno TLC-200 Pro from multiple positions with horizontal
orientation. Depending on the image quality, 15-26 images per plant
species were used for predicting the leaf angle distributions with the
trained AngleCam models and subsequently averaged (these images
were not included in the training process of AngleCam).

The raw TLS scans were exported as gridded point clouds in .ptx
format using the proprietary software ‘Scene’ (version 5.2.0, Faro
Technologies, Inc.). We applied TLSLeAF with a spatial sub-sampling
of the point cloud of 0.005m, an upper limit of the scattering angle
of 80° (angle between leaf surface normal and beam direction), spa-
tial scales of the leaf-wood classifier of 0.1, 0.5, 0.75 and without
topography correction. The result was a new point cloud with scalar
values for each point representing the estimated leaf surface angles.

We cleaned the TLSLeAF outputs from noise and points that do
not represent leaves (e.g. twigs, ground). For this, we applied statis-
tical outlier removal on the raw point clouds (CloudCompare, 2022)
and manually clipped the raw point clouds to individual segments
for each species. Using the RGB information and the structure of
the point cloud, we cleaned the individual point clouds so that only
leaves remained. Using a minimum distance threshold of 0.005m,
the cleaned subsets of the raw point clouds were then used to ex-
tract a clean version of the TLSLeAF output for each individual spe-
cies. The point-based leaf angle estimates of these TLSLeAf subsets
were then aggregated to leaf angle distributions as defined in the
AngleCam workflow (binned frequencies between 0 and 90° at 2°
intervals). Additional comparisons between the AngleCam and the
TLSLeaf output were performed based on average leaf angles de-
rived from the leaf angle distributions.

2.5 | CNN model application to image time series

The AngleCam model obtained in Section 2.2 was applied to the in-
dividual image time series generated from the 19 cameras mounted
at the trees at LCC site. The time series were reduced to 3-min in-
tervals totalling to 317,348 images. To simplify the evaluation and
analysis of the predicted time series, the predicted leaf angle distri-
butions were converted to average leaf angles.

The plausibility of the predicted leaf angle time series was fur-
ther assessed by testing the strength of their relationship with time
series of environmental variables measured at the top of the LCC.
These included direct and diffuse solar radiance [W/m?], rain [mm],
rain duration [s/10min], air temperature [°C], air pressure [hPa], rel-
ative humidity [%] and wind speed [m/s]. Additionally, soil humidity
[m®/mm] was included, which is measured at two positions of the
site in 50cm depth. All environmental variables were measured in
10-min intervals (see Richter et al., 2022, for further details on the
instrumentation). The strength of the relationship was tested for the
individual time series of each camera using predictive modelling,
with leaf angle-related time series being the response (y) and envi-
ronmental variables the predictors (x). For each observation of the
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environmental variables (10-min interval), the closest observation of
the respective leaf angle time series was matched (3-min interval).
We generated separate models to predict both the moving mean
(triangular moving mean) and the moving standard deviation of the
predicted leaf angle time series (window size of 4h). We choose the
random forest algorithm (Breiman, 2001) with the arbitrarily set pa-
rameters ntree = 500 and mtry = 3. To avoid optimistic model perfor-
mance estimates induced by temporal autocorrelation, we split the
time series into 10 equally spaced bins (1-10), where odd and even
bins were used as training subset and validation subset, respectively.
The validation subset was used to calculate the model accuracy (R?)
of each random forest model (separate models for moving mean and
moving standard deviation and each camera).

To estimate the relative contribution of each predictor
on the model accuracy, the mean variable importance (con-
ditional permutation importance, Debeer et al., 2021; Strobl
et al., 2008) for predicting the moving mean and the moving
standard deviation, respectively, was derived from the random
forest models. We normalized the variable importance (Varimp)
to relative values [%] to ease the interpretation and comparison
(Varimp; / ¥ Varimp,_, x 100).

3 | RESULTS

3.1 | Model evaluation using holdouts and TLS-
based estimates

For simplicity, model performance was partly quantified using aver-
age leaf angles obtained from the leaf angle distributions. The first
model performance evaluation was based on the reference data
obtained by visual interpretation from the dataset acquired around
Leipzig and at the LCC. The estimated model performance based on

average leaf angles was similar between the training (R? of 0.93) and

validation samples (R? = 0.84) and no signs of overfitting or bias were
observed (Figure 3a,b). The second model evaluation comparing av-
erage leaf angles obtained from the AngleCam and the TLSLeAF
method showed a high linear correspondence (R? = 0.75) over the
25 plant species sampled at the Botanical Garden (Figure 3c). A lin-
ear model fit revealed a direct agreement between both estimates
(m = 0.97) and a relative overestimation of the AngleCam method of
11.1 degree (c).

The predictions derived from AngleCam also showed a high
agreement with TLSLeAF estimates when comparing the actual
leaf angle distributions (see Figure 4). The normalized mean average
error (NMAE) was 6.7% over the 25 species. The NMAE was stable
over all species (SD = 1.5%).

3.2 | Evaluation of long-term time series

All time series follow a consistent course without apparent arte-
facts or unrealistic variations (see Figures 5 and 6 for two indi-
vidual trees. Results for the other trees are given in the Appendix).
Relatively smooth variations in average leaf angles can be ob-
served over several days or even weeks. Similarly, variation in
the daily range of average leaf angles can be observed over time.
These temporal features show similarities between time series of
multiple cameras as long as they both emerge from either within or
top crown positions. Highest consistency of average leaf angles at
the 3-min interval was observed for time series derived from cam-
eras mounted within canopies (Pearson's r = 0.32) rather than on
top of canopies (Pearson's r = 0.16). No apparent consistency was
found between A. pseudoplatanus and T. cordata (Figures 5 and 6).

In addition to patterns observed over several days, the time
series also exhibit diurnal patterns. Often and particularly for T.
cordata during sunny days, an increase in average leaf angles until

noon and a decline towards the evening was observed (Figure 6).
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FIGURE 3 Model validation using the average leaf angle as calculated from leaf angle distributions: (a) and (b) show model predictions
against the reference data from visual interpretation and (c) against leaf angle distributions obtained from the TLSLeAF pipeline. The
reference data from visual interpretation (a, b) was obtained around Leipzig and the Leipzig Canopy Crane (LCC; total of 2770 images) and
the TLS-based comparison (c) was based on a separate dataset of 25 species in the Botanical Garden Leipzig)
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FIGURE 4 Comparison of AngleCam-
and TLSLeAF-derived leaf angle
distributions for 4 out of 25 different
species. Left: Example images used for
predicting leaf angles using AngleCam.
Centre: Point clouds coloured with leaf
angle estimates derived from TLSLeAF
(30° vertical viewing angle). Right:
Comparison of the leaf angle density
distributions. The AngleCam distributions
show the raw prediction output, while
the TLS-based distributions are derived
from a plant-wise aggregation of the point
cloud-based TLSLeAF output (centre)

To be clear, the leaf surface angles do not inform if the leaves are
pointing upward or downward (axis from leaf petiole to tip) but
represent the integrated angle of the leaf surface. An increase in
leaf angles can, hence, result from a downward tilt of the leaves.
This was confirmed by visual inspection of individual frames and
corresponding average leaf angle predictions. An example is
shown in Figure 8, where leaves appear to move downwards from
morning to noon (1 average leaf angle), followed by an upward
movement until evening (| average leaf angle).

For days with pronounced winds, cloudiness and precipitation,
the temporal variation in leaf angles was observed to depart from
the above-described diurnal patterns. For instance, a large variation
in leaf angles and even short-term change in diurnal patterns could
be observed following rain events, including the 22nd June, 8th July
23rd August (see Figure 7).

The correspondence of leaf angles with environmental drivers
was unexpectedly high, further underlining the plausibility of the
predicted time series. Predicting the moving mean of the average
leaf angle using random forest models and environmental vari-
ables resulted in a R2 of 0.985 for A. pseudoplatanus and 0.988 for T.
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cordata. Similarly, the RZ for the moving standard deviation was 0.976
and 0.977 for A. pseudoplatanus and T. cordata, respectively. Model
performances were comparably high for time series corresponding to
crown tops and within crowns, with R2 of 0.986 and 0.988 for moving
mean of average leaf angles at crown top and within crowns, respec-
tively, and R2 of 0.977 and 0.976 for the moving standard deviation
of average leaf angles at crown tops and within crowns, respectively
(see Appendix for details).

The relative variable importance of the environmental variables
(the decrease in model accuracy when the variable is not included)
indicated that soil humidity, air pressure, temperature and relative hu-
midity were overall most important for the models (Figure 7). Lower
importance was estimated for wind speed and solar radiation, while
rain and rain duration had the lowest contribution. The variable impor-
tance changed considerably between the random forest models for
the prediction of the moving mean and the moving standard deviation
of leaf angles. For instance, wind speed and rain duration were consid-
erably more important for predicting the variation of leaf angles over
time (moving standard deviation; Var imp sd) compared to predicting
the mean leaf angle over time (moving mean; var imp mean).



2538 Methods in Ecology and Evolution KATTENBORN ET AL.
s0{ Acer pseudoplantus, top crown 1
S Wnsadiabtii[Vagaabieg WPRANshAROAR RpphaRbbaspadepubingdiphd
< 20
12:06-21 22.06-21 02-07-21 1207-21 22.07-21 01-08-21 11-08-21 21-08-21 31.08-21
s0{ Acer pseudoplantus, top crown 2
= laavennnibindly Vi S g i v AL
g Vyy SLAALLLUUET T TP TOLLLTI 4
s0{ Acer pseudoplantus, top crown 3
b T PO AT LI YPTPTL LEIYIT FIVITITVITY H MAAREAReRuNS hyyyl
= Nivises i AMTTUALLY ARRERPRIN AN it g R RA AR e RS Ry ol
2 Mol o\ \ L
12:06-21 22.06-21 02-07-21 1207-21 22.07-21 01-08-21 11:08-21 21-08-21 31-08-21
s0{ Acer pseudoplantus, within crown 1
%:40
. LT T A S N TR L T VAR LU
s0{ Acer pseudoplantus, within crown 2
g Sieaxidd SITETTO N FE TRy TR l’:‘:'i
mmh;wmm;,,au,mus;\mmummmm\mkmmh
12:06-21 22.06-21 02-07-21 1207-21 22.07-21 01-08-21 11-08-21 21-08-21 31-08-21
FIGURE 5 Time series of average leaf angles (derived from the predicted leaf angle distributions) from cameras on top and within the crown

of tree 346 (Acer pseudoplatanus). Cyan lines indicate moving means (4 h). Vertical lines indicate dates at which the cameras were serviced

4 |

41

based estimates

DISCUSSION with a large sample over various species, growth forms and scene
characteristics. Yet, this may not have revealed if a bias of leaf
| Model evaluation using holdouts and TLS- angle estimates was introduced from the visual interpretation it-
self. This was compensated by the TLS-based evaluation, which

revealed a strong linear relationship of the AngleCam and the

Predictions of leaf angle distributions were evaluated with (i)
validation holdouts of the reference data obtained by visual in-
terpretation and (ii) leaf angle estimates derived from TLS. The
visual interpretation enabled to evaluate the model performance

TLSLeAF method. The apparent systematic overprediction found
for AngleCam method may result from the visual interpretation.
However, the overprediction may also result from artefacts in the
TLS scans observed at the edges of leaves (false-positive LiDAR
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FIGURE 6 Time series of average leaf angles (derived from the predicted leaf angle distributions) from cameras on top and within the
crown of tree 343 (Tilia cordata). Cyan lines indicate moving means (4 h). Vertical lines indicate dates at which the cameras were serviced

returns), for which predominantly high leaf angles were predicted
with the TLSLeAF method. The point clouds were statistically fil-
tered for noise and manually cleaned, but the latter was limited
due to the data volumes and the structural complexity of most
plant canopies. Based on the inspection of the TLSLeAF out-
puts, these artefacts (originating from scanning, not the analysis)
may explain to a considerable extent systematically higher leaf
angles obtained with the TLS-based method. Nevertheless, the
comparison of TLSLeAF and AngleCam not only demonstrated a
high accuracy and transferability of the latter, but also hints that
robust leaf angle estimates can indeed be obtained from visual
interpretation.

4.2 | Evaluation of long-term time series

The AngleCam method was successfully tested on image time se-
ries derived from various camera positions of four tree individu-
als as indicated by the evaluation of holdouts (Figure 3), the visual
inspection (Figure 8) and the correspondence with environmental
drivers (Figure 7 and Appendix). The time series revealed temporal
patterns on multiple scales. Diurnal patterns and oscillations were
also observed by other studies, for example, Geldhof et al. (2021),
who used IMU sensors attached to single leaves in an indoor ex-
periment and found that such patterns can drastically change be-
tween species and environmental conditions. Here, the time series
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FIGURE 7 Environmental variables recorded at the top of the Leipzig Canopy Crane (LCC; 35m height) and their relative contribution
to random forest models predicting the moving average (Var imp mean) and moving standard deviation (Var imp sd) of leaf angles. Higher
variable importance indicates higher contribution to the random forest model. Solar radiance (rad.), rain, rain duration (rain dur.), air
temperature (temp.), air pressure (air press.), relative humidity (rel. Hum) and wind speed (wind)

also revealed considerable fluctuations of leaf angles on small time
scales (even from one image frame to another). Initial conjectures
were that these fluctuations are largely caused by model uncertainty
or short-term illumination variations. However, visual inspections
indicated that indeed wind (and resulting turbulence) drives a sto-
chastic movement of leaves during most time periods (for an ani-
mation, see https://github.com/tejakattenborn/AngleCam), which is
supported by the relatively constant winds observed (Figure 7). The
generated time series was based on an interval of 3 min to constrain
data volumes (to around 3 TB). The original time series was recorded
at a 1-min interval, while the Brinno-TLC200 Pro can be set to inter-
vals of seconds to hours. Depending on the field of application, small
intervals are to be preferred since they facilitate to either track or at
least compensate such short-term variations.

It is important to consider that the AngleCam method is not in-
tended and not necessarily capable of predicting the leaf angle dis-
tribution of an entire canopy of a plant individual. The successful
evaluation of AngleCam with TLSLeAF outputs, with the latter rep-
resenting whole canopies, suggests that the predictions can indeed
be representative of an entire plant canopy (Figure 4). This was pos-
sible as the plants sizes in this experiment enabled to image most of
their canopies in a single frame and as we acquired multiple images
from different perspectives. However, the CNN model was trained

with leaf angle distributions sampled from each individual image (not
from the whole plant individual), meaning that the model will predict
the leaf angle distribution for the canopy section shown in the imag-
ery (what you see is what you get). We do not view this as a limitation
but as opportunity for assessing the heterogeneity of plant environ-
ment relationships within canopies.

The temporal variation in leaf angles greatly differed between
A. pseudoplatanus and T. cordata as expected for functionally dif-
ferent species (Geldhof et al., 2021). We also observed consid-
erable departures of individual time series obtained with camera
positions at top and within crowns of the assessed tree individu-
als. Overall, time series obtained within canopies showed a higher
agreement, which may be attributed to more homogeneous en-
vironmental conditions within a forest stand. In contrast, an in-
creased atmospheric coupling and heterogeneous exposition to
solar radiance at the top of canopies may explain why the corre-
sponding time series show a weaker correspondence. Yet, the leaf
angle time series derived from all camera positions could be accu-
rately predicted from environmental drivers using random forest
models, further underlining the plausibility of each individual time
series.

For both species, leaf angles were generally higher at the crown
tops than within crowns. This agrees with previous findings (e.g.
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FIGURE 8 Three sample images within a crown of Tilia cordata (left) along the course of a day (13 August 2021). The white boxes were
added to ease the comparison of vertical leave movements through time. The model predictions are illustrated by the corresponding leaf
angle distribution (top right) and the average leaf angles of these samples along the predicted time series (bottom right). The cyan line shows
the moving mean of the average leaf angle. For visualization, the original imagery was cropped (40% horizontally and 60% vertically). An
animation with all individual image frames is given in the GitHub-repository (https://github.com/tejakattenborn/AngleCam).

Stovall et al., 2021) and highlights that the variation of leaf angles
at multiple height layers has to be assessed for a full understanding
of leaf angle variation in plant canopies (Niinemets, 2010). In this
regard, low-cost cameras as used in the present study can provide an
effective method to understand the variation of plant morphological
responses across a plant's canopy. In contrast, specific applications
may require specific and comparable camera positions. For instance,
leaf angles as an indicator for plant stress are expected to be more
sensitive to heat, water and radiation stress at the outer perimeter
or top of a tree crown, where hydraulic resistance and the variation
of stomatal conductance are commonly most pronounced (Grote
etal., 2016).

Overall, the time series underlined that leaf angles are not a static
quantity but vary considerably on multiple time scales. In many re-
search and application areas, leaf angles distributions are assumed
to be constant, including plant growth modelling (Guo et al., 2011),
Earth system modelling (Rogers et al., 2017) or radiative trans-
fer modelling and remote sensing (Berger et al., 2018; Kattenborn
et al., 2018). However, the influence of this temporal variation can
be critical, for instance on scattering properties of plant canopies.
The temporal variation of leaf angles for A. pseudoplatanus and T.
cordata was expected to alter the mean reflectance from 400 to
2500nm up to 11% and 22%, respectively (see Appendix for details
how these estimates were derived using the radiative transfer model
PROSAIL-5b). Such variation greatly impact a plant's energy budget

(Sastry et al., 2018) and constrains, if not accounted for, the re-
trieval of plant properties with Earth observation signals (Braghiere
et al., 2021; Dechant et al., 2020; Hase et al., 2022). Note that the
weather in 2021 at the LCC site was characterized by frequent rain
events and the absence of droughts and extreme temperatures
(Figure 7), meaning that the time series did not even resemble the
full spectrum of potential leaf angles.

The relationship of leaf angles with environmental drivers
was unexpectedly strong. Yet, these correlations do not neces-
sarily imply that all short-term variations in leaf angles can be im-
plicitly explained by short-term environmental effects. It is likely
that a considerable oscillation in leaf angles are hard-coded nastic
movements and follow the circadian rhythm, which, in turn, can
be synchronized with the prevailing oscillations of several environ-
mental drivers (Geldhof et al., 2021; Greenham & McClung, 2015;
McClung, 2006), such as solar radiation, temperature or relative
humidity (Figure 7). The random forest variable importance sug-
gests that most of the included environmental variables had a
considerable effect on predicting leaf angles (Figure 7). Largest
effects (importance) were observed for variables that are main de-
terminants of transpiration, that is, soil humidity, temperature, air
pressure and relative humidity (Grantz, 1990; Zhu et al., 2022). Yet,
visual inspection of the imagery revealed abrupt changes in leaf
angles during rain events, most likely due to additional weight of
adhering rain droplets, that are well reflected by the predicted leaf
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angles (Figure 7). This may not be reflected in the variable impor-
tance of rain, as such events are only relevant for short periods of
time. Also note that the variable importance represents statistical
and not causal relationships and that the models may indirectly ac-
count for the effect of rain through variables that are highly cor-
related during such events, such as solar radiance, relative humidity

or temperature (Figure 7).

4.3 | General considerations and outlook

In addition to the successful evaluation of AngleCam, the experiment
conducted at the LCC site highlighted that the proposed software and
hardware are operational under field conditions. The cameras were
installed from end of May to end of September and were exposed to
adverse environmental conditions, including direct and intense solar
radiation, large variability of temperature and humidity (Figure 7) and
multiple storms with peak wind speeds measured above 20m/s (not
shown). The cameras used also do not need an external power supply
and due to the long run-time and robustness of the Brinno TLC200
Pro, the installation and maintenance effort is low.

AngleCam proved to be very efficient in terms data acquisition and
analysis. The sensor installation is straightforward and only requires
a fixed position with horizontal orientation (here visually estimated)
and a distance in which the shape of individual leaves can be recog-
nized (depending on leaf size). The maintenance of the cameras during
the entire duration of the experiment was restricted to only two dates
(Figure 6). In contrast to previously published methods based on TLS
(Stovall et al., 2021), consumer-grade cameras with visual interpre-
tation (Pisek et al., 2011; Ryu et al., 2010), stereo imaging (Bernotas
et al., 2019; Miiller-Linow et al., 2015) or segmentation approaches
(Raju et al., 2020), the AngleCam method does not require manual
input, sensor calibration, data pre-processing or sophisticated data ac-
quisition procedures and can readily applied in field conditions.

All imagery in this study was recorded using the Brinno TLC200
Pro. The applicability of the models on imagery acquired by other
cameras was not explicitly tested. We assume that the models are
transferable as long as lens characteristics do not strongly deviate.
It can be assumed that the model is transferable across different
scene conditions, since the model was trained on a very heteroge-
neous image dataset, including variation in camera-plant distance,
backgrounds, outdoor and indoor settings, illumination conditions,
or presence of artificial objects. Note that the openly available
model objects can be updated with additional data, enabling to en-
large the area of applicability in terms of cameras, plant species and
application scenarios. Until now, the models are primarily trained
for broadleaf plants. Upcoming versions will also be optimized for
needle-leaved and grass species.

The current approach is based on horizontal camera orienta-
tions, where, depending on the horizontal field of view in an image,
leaves are primarily viewed from the side. As the leaf angle describes
the inclination of the leaf surface on a vertical axis, this side view is
assumed to be most robust (Pisek et al., 2011). We did not test to

what extend the presented model is applicable to a non-horizontal
perspective or whether they may have to be trained on such data.

The basis for the CNN model was the EfficientNet-B7 as back-
bone (Tan & Le, 2019), which was found most accurate and effi-
cient compared to common available backbones (we also tested
variants of other backbone families, including ResNet, MobileNet,
DenseNet). Training the EfficientNet-B7-based model in 200 epochs
took about 2h using a NVIDIA A6000. The time to predict the leaf
angle distribution for the entirely image time series of all cameras
(317,348 images) took less than 30 min. Upcoming research may in-
clude the use or integration of newer backbones or even ensemble
versions (Schiller et al., 2021).

The output of AngleCam (leaf angle distributions or derivatives) can
be directly integrated into various applications, including functional-
structural plant modelling to assess production and ecophysiology in
crops or ecosystems (Louarn & Song, 2020; Vos et al., 2010), Earth
system modelling to reveal ecosystem fluxes and processes (Bonan
et al., 2014; Heidkamp et al., 2020; Rogers et al., 2017), radiative trans-
fer modelling and remote sensing, where, despite the cardinal impor-
tance of leaf angles for scattering processes (Dechant et al., 2020; Hase
etal., 2022), leaf angle observations remain sparse (Berger et al., 2018).
Such leaf angle estimates may also facilitate modelling of plant com-
petition and community composition (Charbonnier et al., 2013; Falster
& Westoby, 2003; Van Zanten et al., 2010). In the context of the in-
creased intensities and frequencies of climate extremes impacting agri-
culture, forestry and ecosystems (Betts et al., 2018; Lange et al., 2020),
AngleCam may be applicable to track responses resulting from heat,
water or radiation stress. Extending the camera system used here with
Wifi-compatible SD cards or using other camera models could enable
to establish sensor networks for real-time monitoring of stress re-
sponses or vitality status, respectively.

The presented approach is particularly designed to track nastic
movements, that is, non-directional leaf movements along the ver-
tical axis. Plants can also perform tropic movements and change
their directional leaf orientation towards a stimuli (Hart, 1990).
An example are paraheliotropic movements, which turn leaf sur-
faces perpendicular to sun rays to avoid excess radiation or reduce
leaf temperatures. The presented approach may be extended to
track such tropic movements with corresponding training data and
taking the azimuth angle of the camera orientation into account.
Moreover, AngleCam may be extended to explicitly quantify the
degree of general leaf stress symptoms, such as drooping, wilting
or rolling (Sastry et al., 2018). Yet, such stress responses may be
very species-specific. For instance, during the drought events in
2018 at the LCC T. cordata was observed to invert its leaves during
heat stress with the bright bottom side facing upwards reducing
the albedo (the same response was reported for Tilia comentosa in
Hirons & Thomas, 2018).

AngleCam may not only be used to track leaf angle through time,
but also predict leaf angles for individual images. This could, for in-
stance, be used to efficiently feed leaf angle observations to trait da-
tabases such as TRY (Kattge et al., 2020), which are extremely sparse
in this context. Such potentials may be even accelerated with the
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concurrent developments of big datain ecology (Depauw et al., 2022;
Farley et al., 2018). Data gaps of leaf angles across species may be
filled with AngleCam and in concert with the ever increasing avail-
ability of citizen science photographs and species labels (the iNatu-
ralist project, Di Cecco et al., 2021; Schiller et al., 2021). Likewise,
AngleCam may be applicable to data streams from PhenoCam net-
works (Aasen et al., 2020; Seyednasrollah et al., 2019) to track plant
phenology and its relationship with environmental drivers across the

globe.

5 | CONCLUSIONS

Vertical leaf angles and their variation through time are directly
related to several ecophysiological processes and properties
and are thus a cardinal for several applications in the context of
plant and ecosystem productivity, stress responses to extreme
events and Earth observation. While effective methods to track
leaf angles remain sparse, we present AngleCam, a method to
estimate leaf angles from horizontal plant photographs using
CNNs and low-cost outdoor cameras. The performance of
AngleCam was successfully tested across species and growth
forms with reference data of independent samples as well as
leaf angle estimates derived from TLS. The AngleCam method
in concert with consumer-grade outdoor cameras was tested
for generating long-term and high-resolution time series under
field conditions (3-min interval, 4-month observation period).
The predicted temporal variation in leaf angles could be accu-
rately explained with environmental drivers, further underlin-
ing the plausibility and relevance of the method. The output
of AngleCam and potential derivatives are directly compatible
with a range of applications, including functional-structural
plant modelling, Earth system modelling or radiative transfer

modelling.
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