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ABSTRACT:

Monitoring tree functional traits is essential for understanding forest ecosystems' capability to respond to climate change.
Advancements in continuous proximal sensors and IoT technologies hold great potential for monitoring forest and tree ecosystem
processes at the finest spatial and temporal scale. An example is the TreeTalker (TT) technology, which features sensors for
measurements of the radial growth, sap flow, multispectral light transmission, air temperature, and humidity at tree level with an hourly
frequency rate. Such information can be linked with remote sensing data acquired by the Sentinel-2 (S2) mission, allowing for scaling
results over more spatially extensive areas. Firstly, we compared six TT with four S2 spectral bands with similar wavelengths. No
correlation was found for blue, green and red channels (R? ranged between 0.04 and 0.09) while higher values were found for the near-
infrared channel (R? = 0.9). To obtain an accurate prediction of TTs bands, also for those TTs bands which wavelengths are not similar
to that of S2 bands, we implemented a Sentinel-2 to TreeTalker model (S2TT) by using an 8-layers fully connected deep neural network.
The model was tested by using 23 Sentinel-2 imagery and data acquired by 40 TreeTalkers located in two different sites in Tuscany (a
beech and a silver fir forest stand) in the period between 2020-07-15 and 2020-11-15. The R?ranged between 0.61 (B7, blue) and 0.96
(B6, near-infrared band). The S2TT model represents the first link between remote sensing and TreeTalkers, which might allow
predicting tree functional traits using Sentinel-2 imagery.

1. INTRODUCTION resolution and revisiting times of 2-3 days at mid-latitudes (with

t tellites) (Drusch et al. 2012).
Forests cover approximately 31% of the global terrestrial surface wo satellites) (Drusch et 2 )

(FAO, 2020) and, in combination with soil organic matter, This study aims to create the first link between remote sensing
account for between 40% and 60% of all terrestrial carbon (Pan and TTs with the future perspective of tree functional traits
etal.,2011). As aresult, forests have an important mitigation role spatialization. Firstly, we compared six TT with four S2 spectral
in controlling the greenhouse gas balance, through carbon bands with similar wavelengths using scatter plots and R2.
sequestration and respiration (Bonan, 2008). While in situ Secondly, we developed a deep neural network model for the
measurements are essential to collect forest attributes, the cost- prediction of TTs bands using Sentinel-2 imagery. The method
and time-consuming nature of ground measurements inherently was tested and validated in the period between 2020-07-15 and
prevent the collection of spatially representative and temporally 2020-11-15 on 40 TTs located in two different forest sites in
continuous information with field methods. For this reason, Tuscany, central Italy, with contrasting forest structures
combining in situ measurements with remotely sensed spectral (deciduous broadleaved versus evergreen coniferous forests).
Lnfqrmgtlon t(ﬁMarlcelh et al.', 2020) has beep of interest since the 5. MATERIAL AND METHODS

eginning of optical satellite remote sensing. Recently, a new
device named Tree Talker (TT) has been developed to constantly
monitor tree level ecophysiological properties (Valentini et al., ~ 2-1. Reference dataset construction
2019). TT data acquisition and collection occurs hourly, with
data being transmitted in real-time to a server using  2.1.1. TreeTalkers
communication protocols. Although these sensors can benefit
from efficient technology to collect and store large amounts of  TTs were installed in July 2020 in two different sites located in
data (Roblek et al., 2016), still several studies consider just a few Tuscany (central Italy). 20 TTs were installed in a pure silver fir
trees (Nourtier et al., 2014; Oberhuber et al., 2014), limiting the (Abies alba Mill) stand in the Vallombrosa forest (43° 44'
possibility to use TT for complementing and integrating 14.6"N, 11° 32' 58" E), and 20 in a pure beech (Fagus sylvatica
multitemporal, high spatial resolution satellite data for extending L.) stand in Sant’Antonio Forest (43° 42' 49" N,11° 34' 52" E).
results at larger geographical scales. Detailed information on TTs devices, server, and data storage
were given in Zorzi et al. (in review) while information related to
wireless sensor network technology was given in Bayne et al.,
(2017). TTs send more than 30k attributes every single day: 18
variables relative to tree ecophysiological processes (e.g. radial
growth, sap flow) and two multispectral sensors (AMS AS7262
and AS7263) featuring 12 bands in the visible near-infrared
electromagnetic spectrum. More specifically, TTs acquire six
bands (B1-B6) in the near-infrared spectrum with a wavelength
ranging between 610 and 860 nm and six bands (B7-B12) in the

In this context, remote sensing offers an effective opportunity for
TT data spatialization over larger areas (Hawryto et al., 2020).
The combination of open access data (Woodcock et al., 2008)
and cloud computing platforms such as Google Earth Engine
(GEE) (Gorelick et al., 2017) makes the application of complex
algorithms for large areas possible (Francini et al., 2021,
Giannetti et al., 2020). Moreover, the Copernicus Earth
observation program of the European Union developed the
Sentinel-2 mission which provides open data with 10-m spatial
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visible spectrum with a wavelength ranging between 450 and
650nm.

2.1.2. Sentinel-2

We selected all Sentinel-2 images acquired over the two study
areas in the period between 2020-07-15 and 2020-11-15 and with
a cloud cover smaller than 70%, resulting in 23 images (Figure
1). We filtered out images covered by clouds more than 70%
because these images are more prone to geographical location
errors, due to the challenges of performing geometrical
corrections when ground control points are obscured (White et
al., 2017).
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Figure 1: Sentinel-2 images processed

Sentinel-2 mission acquires one image every 3-5 days. In this
study, images were acquired at 12:18 AM until the 20" of
October while subsequent images were acquired at 11:18 AM.
Differently, TTs acquire data every 60 minutes. To overcome
these inconsistencies, we calculated the median of 5 TTs
acquisitions in a 300-minute time window around each Sentinel-
2 acquisition. As a result, we obtained a reference dataset of 778
TTs and Sentinel-2 spectral bands records.

2.2. TTs and Sentinel-2 bands comparison

Six of the TTs bands have wavelengths similar to that of S2
spectral bands (Table 1). For these bands, we compared TTs
digital numbers and Sentinel-2 reflectance using scatter plots and
calculating the Pearson correlation coefficient (R?) calculated for
(i) the whole reference dataset, (ii) the F. sylvatica, and (iii) the
A. alba trees in the reference dataset.

Table 1. S2 and TT bands with similar wavelengths

S2 wavelength range (nm) TT wavelength (nm)

Blue 457.5-522.5 (B2) 500 (B8)
Green 542.5-577.5 (B3) 570 (B10)
650 (B12)
Red 650-690 (B4) 630 (82)
810 (B5
NIR 784.5-899.5 (BS) (BS)
360 (B6)

2.3. Neural network model

Deep neural networks consist of series of layers (groups of nodes)
that facilitate learning through successive representations of the
input data (Abadi et al., 2017). The data are transformed in each
layer using weights, which are specific parameters that link the
nodes of subsequent layers (Hawrylto et al., 2020). Then each
node applies an activation function to the input data. We
constructed a single deep neural network taking as input all
Sentinel-2 bands and outputting all TTs bands (Figure 2). First,
using Sentinel-2 bands, we calculated a set of 45 normalized
differential indices based on the 45 pairs of bands available
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combining the 10 Sentinel-2 input bands (layer 1 in Figure 2).
For detailed information on indices calculation and Fully
Connected Neural Networks see D’ Amico et al. (in review). Each
node in the neural network applies to the input data an “activation
function”, which facilitates learning by normalization of data. We
used two consecutive and complementary activation functions
(ReLU and Tanh) for which a detailed analysis is given in Li et
al. (2020). To prevent overfitting and to ensure model
generalizability, we introduced in the neural network three
dropout layers (Figure 2) to randomly discard some (in our case
10%) of the nodes from the network during each training session.
In this way, each training sub-network is different, allowing to
prevent overfitting and to improve the model generalizability,
i.e., the capacity of the model to perform well also when applied
to new data or new areas (Srivastava et al., 2014). TensorFlow
(https://www.tensorflow.org/) was used to accomplish the
validation and test of the neural network .
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Figure 2: Deep neural network structure

2.4. Training, validation, and performance evaluation

As suggested by Laurin et al., (2020) and Hawrly et al. (2020),
we divided our dataset into three sets: (1) the training (60% of
data) to adjust nodes weights, (2) the validation (20% of data) to
evaluate the accuracy during training and thus decide how to
adjust the weights in the training, and (3) the test (20% of data)
to assess the performance of the model. More specifically, the
performance of the model was evaluated by comparing predicted
band values against reference values using scatter plots and by
calculating the R? for (i) the whole test set, (ii) the F. sylvatica,
and (iii) the 4. alba trees separately.

3. RESULTS AND DISCUSSIONS

The TTs and Sentinel-2 bands comparison revelated small
correlations for the optical channels, more specifically, for blue,
green, and red the R? ranged between 0.04 and 0.09 (Figure 3).
Differently, the R? for the bands in the near-infrared channel was
consistently higher (0.9). This can be due to the capacity of these
bands in discriminating between coniferous (4. alba) and
broadleaves (F. sylvatica) (Figure 3). Indeed, the R? calculated
for the same bands (nir and B5, nir and B6), considering single
species, were consistently smaller. More specifically, in 4. alba
the R? were 0.18 and 0.27 while in F. sylvatica they were 0.59,
0.58. A stronger relationship between above and below canopy
multispectral data was expected, such limited correlation in the
visible area suggest relevant differences between above and
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In situ (Tree Talker) and remotely-sensed multispectral imagery (Sentinel-2) integration for continuous forest monitoring: the first step toward wall-to-wall

mapping of tree functional traits

below canopy reflectance and demonstrate the need for more in
depth investigations.
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Figure 3. TTs and S2 bands scatter plots. For each of the six
bands, the R is shown for A. alba and F. sylvatica, and for both
forest species together.

Using the neural network, the R? values between reference and
prediction were statistically significantly greater compared with
the linear correlation, ranging between 0.96 (B6, in the near infra-
red channel) and 0.61 (B7, in the blue channel). The R? calculated
for the fir stand ranged between 0.46 (B5) and 0.83 (B12), while
the R? calculated for the beech stand ranged between 0.45 (B9)
and 0.83 (B6). Scatter plots of bands 3, 4, 5, and 6 (Figure 4)
showed that the reflectance values of coniferous and broadleaves
were separated, suggesting that these bands should be preferred
for classification/discrimination tasks. Results showed
significant differences between bands in terms of R2 for
example, BS and B6 were the bands that generally returned larger
accuracy especially for discriminating between broadleaves and
coniferous.

Registered differences may be considered as a guidance for
future research activities, but further investigations are required.
More in-depth analysis of plot characteristics (e.g., canopy cover,
density, health, etc.) should be conducted to identify possible
patterns with model performance. The developed neural network
permitted the construction of a single model able to predict all
TT bands using all Sentinel-2 bands at once. In this way, the
prediction of each TT band depends on all the Sentinel-2 bands.
Indeed, while the correlation between S2 and TT bands in the
blue, green, and red channels was null (R? between 0.04 and 0.09)
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using the neural network we were able to predict the same bands
with grater accuracies (R? between 0.62 and 0.81).
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Figure 4. Model accuracy. Scatter plot of prediction and
reference colored by species and R? showed for all the data, for
A. alba and F. sylvatica.

4. CONCLUSIONS

This study presents for the first time a correlative analysis
between the below and the above canopy reflectance measured
by the TTs and Sentinel-2 imagery. The results of this study
suggest that the below canopy reflectance measured by the TTs
can be predicted accurately using Sentinel-2 imagery. Although
almost no correlation between singular TTs and Sentinel-2 bands
was found in the visible wavelengths (Figure 3), using a single
deep neural network taking as input all Sentinel-2 bands and
outputting all TTs bands (Figure 2) we obtained grater accuracies
(Figure 4).

Herein we demonstrated an approach that in the future can be
used for wall-to-wall spatial estimation of tree functional traits
registered hourly by TTs. If future research will succeed in
pursuing this objective, continuous large-scale monitoring of tree
functional traits in a simple, highly automated, and cheap way,
will be possible. This holds great potential for monitoring forests'
health, timely and over large areas, which is crucial to understand
the capacity of forests to react to climate change.
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