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ARTICLE INFO ABSTRACT
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PlotToSat offers a practical and time efficient way to the challenge of extracting time-series from multiple
Earth Observation (EO) datasets at numerous plots spread across a landscape. This opens up new opportunities
to understand and model various ecosystems. Regarding forest ecology, plot networks play a vital role in
monitoring and understanding the dynamics of forest ecosystems. These networks often contain thousands
of plots arranged systematically to represent an ecosystem. Combining field data collected at plots with EO
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Sentinel-1 time-series will allow us to better understand phenology and ecosystem composition, structure and distribution.
Sentinel-2 Linking plot networks with EO data without PlotToSat is time consuming and computational expensive because
Scalability plots are small and spread out, requiring data from multiple satellite tiles. PlotToSat processed a full year of

Plots networks multi-tile Sentinel-1 and Sentinel-2 data (estimated 18.3TB) at 15,962 plots from the fourth Spanish Forest

Inventory in less than 24 h. PlotToSat, implemented using the Python API of Google Earth Engine, offers a
new and unique workflow that is innovative due to its efficient, scalable and adaptable implementation. It
supports Sentinel-1 and Sentinel-2 data, but its flexible design eases integration of additional EO datasets.
New environmental modelling is expected to emerge facilitating EO time-series analyses and investigating
interactive effects of environmental drivers.

1. Introduction the services and functions of forest ecosystems, including species dis-
tributions (Hanewinkel et al., 2013), wood productivity (Malhi et al.,
2004) and biodiversity gains and losses (Paillet et al., 2010). For

instance, Hanewinkel et al. (2013) used a plot network from the

A forest plot network contains many plots that are predetermined
areas of land, systematically placed across landscapes to represent a

forest ecosystem. Circular sample plots (often <1 ha) are commonly
used in forest inventory because they are straightforward to estab-
lish (Packalen et al., 2023). Additionally, circles have the smallest
circumference-to-area ratio, minimising the number of uncertain border
trees (de Vries, 1986). A National Forest Inventory (NFI) is a plot
network that consists of many sample plots, systematically chosen
to be representative of the forested areas within a country. These
plots spread out across a country and are revisited periodically to
measure forest variables, such as tree species and diameter at breast
height (DBH) (Ruiz-Benito et al., 2020), Tomppo et al. (2010). Plot
networks enable ecologists to track changes over time and study various
aspects of biodiversity, ecosystem structure, and ecological processes
spatially. Large plot networks play a significant role in comprehending

International Co-operative Programme on Assessment and Monitoring
of Air Pollution Effects on Forests (ICP Forests), encompassing 139 tree
species from 6129 forest plots distributed regularly across Europe, and
predicted suitable areas for the growth of major tree species under three
climate scenarios. Plot networks provide very detailed information used
for environmental modelling (Wimmler et al., 2024), but revisiting is
very time-consuming and costly, severely limiting their spatio-temporal
coverage due to the high expense of repeat surveys. They are, therefore,
not easily scalable (i.e., it is difficult to increase spatial density and/or
frequency of revisions) (Becker et al., 2023).

Forest variable collected or computed (such us tree heights and
biomass) at plot regions can be used as labels to train machine learning
models, but Earth Observation (EO) data can also complement the
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information contained within plot networks. Plot networks often con-
tain information about tree species, the number of trees per plot, and
metrics like biomass that can be estimated for each plot region within
a network. In machine learning, this information, associated with plot
networks, could serve as the labels for EO data. The first application
of PlotToSat for tree genera classification uses tree genera information
from the fourth Spanish Forest Inventory as labels to train a k-Nearest
Neighbour classifier (Miltiadou et al., 2024). Researchers can then
investigate which algorithms are most effective for estimating forest
variables, such as biomass and tree species using EO data. Nevertheless,
through years of studies, we have managed to create descriptive indexes
about vegetation and understand what information each part of the
spectrum can provide about Earth. In the optical domain, the red band
is sensitive to chlorophyll absorption, and changes in this band can in-
dicate variations in chlorophyll content, while the near infra-red (NIR)
band is highly reflective in healthy vegetation due to the strong scat-
tering of NIR light by plant cell structures (Gao, 1996). For that reason,
these bands are used for estimating the Normalized Difference Vegeta-
tion Index (NDVI), which is commonly used for evaluating vegetation
health (Rouse et al., 1974). Additionally, the Normalised Difference
Water index (NDWI) complements NDVI by capturing variations in the
moisture levels of vegetation canopies (Gao, 1996). Synthetic Aperture
Radar (SAR) can provide information about vertical structure and
moisture content (Woodhouse, 2017) making SAR data important for
estimating forest biomass (Huang et al., 2018) and detecting changes
in forest cover that could indicate deforestation (Almeida-Filho et al.,
2007), stress, health issues or pest attacks (Miltiadou et al., 2022).
Taking into account the knowledge acquired through research about EO
data, EO data can also complement the detailed information collected
at forest plot networks . Plot networks and EO data can be used used
combined to better understand spatio-temporal patterns in forests and
their responses to climate change.

Observing plant phenology (e.g., timing of flowering and leafing)
is crucial for understanding interactions between climate and ecosys-
tems (Piao et al., 2019). To enhance our understanding of phenology,
we can fuse high temporal resolution EO data for time-series analysis
with plot networks. The release of the Copernicus Sentinel missions
conferred increased temporal and spatial resolution. For example, Land-
sat 8 provides images in the visible and near-infrared parts of the
spectrum at a resolution of 30 m every 16 days, while the constellation
of Sentinel-2 provides images of the same parts of the spectrum at a
resolution of 10 m every 5 days. This has expanded opportunities for
time-series studies, including leveraging time-series of SAR data for
finding associations of leafing timing for evergreen Pinus forest (Mil-
tiadou et al., 2022). Nevertheless, many studies Chang and Shoshany
(2016), Le Maire et al. (2011), and Andronis et al. (2022) study specific
regions and require images to be downloaded to a local machine.
Tools for extracting Landsat time-series (Braaten, 2021), thermal time-
series derived from Landsat data (Ermida et al., 2020) and Sentinel-1
interferometric time-series (Zaki et al., 2024) have emerged.

Hamonised National Forest Inventories provide timely information
about forest state and dynamics (Ruiz-Benito et al., 2020), can encom-
pass from hundreds to thousands of plots across a country. These plots
are often small (<1 ha) and widely dispersed, requiring researchers
to work across multiple satellite tiles to access data corresponding
to only a small number of pixels. The thermal time-series tool (Er-
mida et al., 2020) was implemented in JavaScript using Google Earth
Engine’s Code Editor, which limits flexibility for batch processing.
Running the tool hundreds of thousands of times for each plot in a
large network is time-consuming, and GEE supports only up to 3000
pending tasks per project. The Sentinel-2 interferometric time-series
tool (Zaki et al., 2024) proposed a processing pipeline using SNAP,
which requires downloading images and thus demands substantial
storage space. Because these approaches are time-consuming and com-
putationally inefficient, integrating satellite data with plot data remains
largely local.
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In this paper, we present a new flexible tool, PlotToSat, for creating
time-series of EO data spanning over at multiple plot regions using the
Python API of Google Earth Engine (GEE). We designed it to be as
flexible as possible, allowing it to be tailored to the user’s needs, with
ongoing developments aimed at increasing its usability. PlotToSat can
handle plot networks containing thousands of plots spread out to many
tiles. Sentinel-1 and Sentinel-2 are the first collections (i.e., organised
archives containing images acquired at varying resolutions and time
periods) to be incorporated into. However, its flexible design enables
the addition of more collections in the future. A time-series of multi-
spectral data (Sentinel-2) spanning over a year is a spectral-temporal
signature capturing both the temporal and spectral dynamics of its
associated plot. A spectral-temporal signature has many applications
including improving forest type mapping (Pasquarella et al., 2018)
and identifying pine wilt disease at an early state (Yu et al., 2022).
By running PloToSat multiple times, an extended time-series can be
derived for understanding longer term landscape changes (e.g., post-fire
restoration after a fire event Chen et al., 2014). The data are exported
into CSV files for easy interpretation in statistical software and fused
with the data of the given plot network. This allows for forest related
data collected at plot regions and derived metrics, such us tree heights,
carbon and species, to be used as labels for training and evaluating ma-
chine learning algorithms, as well as using EO data as complementary
to plot networks. PlotToSat provides a new workflow, bringing together
sensors and ground data in a way that was not previously possible.
It bridges the gap between forest ecology and geography due to the
integration of time-series satellite data with plot information, providing
detailed temporal information about forest inventory plot networks.
This eases the observation of phenological changes of forests from space
and, therefore, the assessment of forest responses over time.

The usability of PlotToSat extends to other disciplines and on-
going developments aim to increase its usability. The current version
of PlotToSat could be useful for any study that requires linking circular
regions spread over a landscape with satellite data and monitoring
spatio-temporal spectral and structural changes. This can include, but
is not limited to, investigating spatial and temporal parameters as-
sociated with the spread of infectious diseases (Salje et al., 2016),
assessing landsliding systems (Temme et al., 2020), quantifying urban
expansion (Seto and Fragkias, 2005) and monitoring displacement at
archaeological sites following earthquakes (Agapiou et al., 2013). A
common application of circular samples is in the application of spatial
statistics to explore clustering within irregular 2 and 3 dimensional
data (Kulldorff, 1997). In geomorphology and landslide analysis, cir-
cular samples are used to calculate discrete landscape properties at
appropriate scales (Grieve et al., 2016a). Ongoing developments of
PlotToSat are focused on enabling the import of shapefiles containing
multiple polygons and incorporating additional indices and collections.
This will allow PlotToSat to extract time-series from multiple polygons
of any shape, broadening its usability across various applications.

2. Methodology
2.1. Introduction

PlotToSat is a system that uses the Python API of Google Earth
Engine (GEE) multi-regions EO time-series extraction. Google Earth En-
gine (GEE) is a cloud-based platform for large-scale geospatial analysis.
It provides access to numerous collections of satellite imagery. Most
of these collections have been pre-processed by GEE. For example, in
Sentinel-1 SAR data, thermal noise removal, radiometric calibration,
and terrain correction have been performed. For Sentinel-2 optical
data, Bottom-Of-Atmosphere (BOA) reflectance products are available.
Furthermore, GEE harmonises coordinate systems across image collec-
tions, and images are managed in tiles in a way that mosaicking is
not required. It also provides tutorials on efficiently performing cloud
and shadow masking, along with built-in filtering functions. However,
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these operations are applied to individual images rather than entire
collection.

The source code is available for downloading at: https://github.
com/Art-n-MathS/PlotToSat published under the GNU General Public
License (vesion 3). There is also a YouTube video tutorial at: https:
//youtu.be/ItaZjmQlyhl.

2.2. Overview

PlotToSat takes as input a plot network, containing plots spread
across a landscape, and generates time-series of EO data for each plot
for a given year. Fig. 1 illustrates the processing pipeline. To run
PlotToSat, the user provides the plot network in a CSV file format
containing the centre (longitude and latitude) of the plots, their radius
(PlotToSat assumes plots are circular and have the same radius within
a plot network), the coordinate system of the plot data, the desired EO
collections (e.g., Sentinel-1 and/or Sentinel-2), a specified study region
(e.g., a polygon defining the boundaries of a country), and the year of
interest. PlotToSat adds a buffer equal to the specified radius around
the centre of each plot, creating a list of circular polygons, where each
polygon corresponds to a plot. PlotToSat pre-processes the bands of the
EO images lying within the study region and acquired during the year
of interest. PlotToSat calculates the pixel-wise monthly average of each
band. This results in twelve instances of each band corresponding to
the twelve calendar months of the selected year. If the user chooses to,
PlotToSat applies additional masks (Section 2.4.3) to remove undesired
data (e.g., areas of forest loss and land surface water). For each plot
and each band, PlotToSat calculates the mean and standard deviation
of the pixels inside its corresponding circular polygon. This results in
twelve mean values and twelve standard deviation values of each band
for each plot included in the plot network. Missing data often occur due
to cloud masking are represented by gaps in the CSV files. PlotToSat
provides the standard deviation alongside the mean to aid uncertainty
and quality testing by the user, given the likely small size of the plot
regions (the radius is often <25 m for forest studies) and the limited
number of pixels that lie inside them; maximum pixel resolution of
Sentinel-1 SAR and Sentinel-1 optical data is 10 m, with several bands
ranging between 20 m and 60 m.

The result of a time-series produced using Sentinel-2 data spanning
over a year is a spectral-temporal signature for Sentinel-2, indicating
how spectral information varies across time and across the visible,
near-infrared, and short-wave infrared parts of the electromagnetic
spectrum. The result from Sentinel-1, however, consists of four in-
dependent temporal signatures (VV and VH polarisations from both
descending and ascending orbits). This is because Sentinel-1 operates
solely at the C-band, which is within the microwave range of the spec-
trum. Differences in the satellite’s movement direction and polarisation
(Section 2.4.1) result in subtle distinctions among the four Sentinel-1
time-series.

2.3. Architecture

GEE users work on two levels: the client-side, which handles user
interaction and visualisation, and the server-side, which manages data
processing and analysis. To fully leverage the potential of GEE, commu-
nication between the client and server should be minimised. GEE server
performs computations by distributing the work of the submitted re-
quests across many computers that process data simultaneously. Coding
for GEE uses techniques from functional programming, e.g., for-loops
and if-statements should be avoided. Once functions are implemented
for a single image and are designed to neither depend on nor mod-
ify data outside their own scope, they can be mapped to an image
collection, allowing GEE to parallelise the processing.

PlotToSat workflow was designed according to GEE standards to
maximise processing efficiency, facilitating large scale analyses effi-
ciently and removing the current processing bottleneck that exists when
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Fig. 1. The workflow of PlotToSat.

fusing plot networks with EO data. Initially, some pre-processing is
done to each EO image lying within the study region and acquired
during the year of interest; cloud masking is applied to Sentinel-2
multi-spectral images and speckle filtering to Sentinel-2 SAR C-band
images. A function was implemented for masking out clouds from
multi-spectral images and another for one filtering speckles from SAR
images using a 3 x 3 media filter. These functions run in parallel to
process many images simultaneously that exist within the study region
for the specified year. The optional masks (such as the ground surface
water mask) are first merged into a single combined mask, which is
applied after taking the monthly pixel-wise average of each band. This
process improves the efficiency of the algorithm by minimising the
number of times the optional masks are applied; the results is the same
as if the masks were applied to every single acquired image because
the optional masks are treated as constants across different acquisition
dates. However, because optional masks are treated as constants, the
user needs to make adjustments in cases where masks could be variable
in space or time. For example, in varying flooding extents, they may
add a buffer around the ground surface water mask to ensure that all
potentially affected areas are removed. It is worth noting that cropping
images to the size of circular polygons and looping through them is
time consuming because despite processing fewer pixels, this method
is not parallelised on the cloud. This is why PlotToSat processes all
the EO images in parallel first and then processes the areas within
each circular polygon, also in parallel, exploiting the full capability of
GEE. Furthermore, PlotToSat enforces the user to define a study region
(e.g., a bounding box containing plot regions of interest) to prevent
attempts to process entire collections and consequently protecting the
user from GEE errors. The study regions is defined by the user using
a polygon. This also allows the user to subset the plot network based
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Fig. 2. Object-oriented design of the plottosat system. Each rectangle represents a module or class, with lines indicating their interactions. The PlotToSat class contains a FieldData
object, one object per available collection, and uses Utils functions. Each Collection includes a Mask object and uses Utils and MapsVisualisation. User interaction is restricted to
the PlotToSat class, which manages all system components and provides a simple interface. The independent MergingLib module merges the outputs of PlotToSat.

on an area of interest defined by the study region. This approach not
only makes processing efficient but also contributes to reducing the
energy use and, consequently, carbon footprint associated with EO data
processing with PlotToSat.

Furthermore, PlotToSat demonstrates code adaptability, reusabil-
ity, and flexibility, enabling straightforward code extension for the
integration of new collections. This is achieved using Object-Oriented
Programming (OOP), which is a modular software development ap-
proach that emulates the real world by defining reusable objects,
resulting in organised code and minimising repetition (Wegner, 1990).
The object-oriented design of the PlotToSat system is illustrated in
Fig. 2. Users interact with the PlotToSat object, which serves as the
central hub linking the system’s object. Utils is a module containing a
collection of stand-alone functions used across the system. Each of the
other modules consists of a class, a bundle of variables and methods
to perform specific tasks related to an object’s purpose (e.g., FieldData
class manages plot networks and all the associated interpretations are
handle within that class). Each class can be used independently for
other applications and it is paired with an associated test file to test
and demonstrate its functionalities. The MapsVisualisation class, while
external to the PlotToSat system, is used in test cases to visualise
and validate outputs. The MerginLib class, also external to the core
system, processes PlotToSat outputs by merging them into a single CSV
file. Fig. 2 further illustrates how collection-related classes (currently
implemented for Sentinel-1 and Sentinel-2) interact with the rest of the
system demonstrating the simplicity of linking a new collection related
class to the system. To add support for a new collection (assuming the
collection is available on GEE), the user needs to create a dedicated
class for that purpose and link it to the rest of the system. The rest of
the system operates independently of the data type, making integration
efficient.

2.4. Preprocessing steps

2.4.1. Sentinel-1

The Sentinel-1 mission is a constellation of two satellites and col-
lects C-band SAR (Synthetic Aperture Radar) data, providing a com-
bined revisit time of 6 days and a 10 m resolution (Fletcher, 2012). SAR
systems are active sensors that operate using microwave wavelengths.
They emit pulses sideways and gather information by measuring the
round-trip time. The Backscatter Coefficient (¢) indicates how much
radar energy is reflected back to the SAR sensor from the Earth’s
surface. Ascending and descending orbits denote the direction of satel-
lite movement during SAR data acquisition. In ascending orbit, the
satellite travels from south to north, whereas in descending orbit, it
moves from north to south. Polarisation refers to the orientation of the
electromagnetic waves emitted and received by the radar system. “V”
stands for vertical orientation, “H” for horizontal, and a combination
(e.g., VV, VH) indicates the transmitting orientation followed by the
receiving orientation. For Sentinel-1, the backscattered coefficients 6}
and oy, 5 are obtained for ascending and descending orbits. It is worth
noting that Sentinel-1 operates in dual-polarisation mode, typically
using VV/VH (the polarisations used in PlotToSat). However, in certain
cases, such as monitoring Arctic ice regions, it operates in HH/VV
mode. The C-band (central frequency of 5.404 GHz) operates under
various weather conditions, including penetrating clouds. SAR data can
penetrate through objects and provide insights into the water content
of trees, their dielectric constant (Ahern et al., 1993) and structural
properties.

PlotToSat uses the ‘COPENICUS/S1_GRD’ collection from GEE.
Within this collection, the data have undergone pre-processing using
the Sentinel-1 Toolbox; thermal noise removal, radiometric calibra-
tion, and terrain correction have been carried out. However, SAR
data contains speckle noise seen as “salt-and-pepper” artefacts (Dasari
et al., 2015). To reduce the speckle noise, various filters have been
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implemented. Nevertheless, filters like Mean, Frost, and Lee may blur
high-variant speckle values within the data (Frost et al., 1982; Lee,
1981). Sigma and Frost filters adjust processing for improving edges
within an image (Lee, 1983; Frost et al., 1982) and are, therefore,
less suitable for forested areas with highly variant pixel values and
no distinct edges. PlotToSat uses a 3 x 3 Median filter. The Median
filter takes the median pixel value within a given window (3 x 3
in PlotToSat) effectively reducing speckles without blending noise or
enhancing edges.

In mountainous regions, slopes often appear shaded due to the
sideways emission of signals by SAR systems. The Fig. 3(a) displays a
Sentinel-1 C band image acquired in descending orbit with polarisation
VV within a mountainous expanse in Spain. Slopes facing the north-
east, east, and south-east align with non-shaded areas in ascending
data, while slopes facing the south-west, west, and north-west align
with non-shaded areas in descending data (Miltiadou et al., 2022). After
masking out data (Figs. 3(b) and 3(c)), non-shaded areas are preserved.
PlotToSat offers the option to apply these masks (Section 2.4.3).

2.4.2. Sentinel-2

The Sentinel-2 mission consists of a constellation of two satellites
equipped with a multi-spectral instrument, providing a 10 m reso-
lution and a combined revisit time of 5 days (Drusch et al., 2012).
PlotToSat uses harmonised Sentinel-2 L2 data from the “COPERNI-
CUS/S2_SR_HARMONIZED” collection available on GEE. These data
were processed by sen2cor (Francesco and Pignatale, 2022), providing
Bottom-Of-Atmosphere reflectance data. Sentinel-2 images are often
affected by clouds, necessitating their removal. PlotToSat accomplishes
this in two phases:

1. Any image with a pixel cloud percentage exceeding the user-
defined threshold “CLOUDY_PIXEL PERCENTAGE” is removed.

2. Cloud and shadow masking, which involves extracting cloud
masks for each image and calculating corresponding cloud
shadow masks based on the sun’s position (Braaten, 0000).

2.4.3. Optional masks

PlotToSat provides a range of optional masks allowing users to tailor
data cleaning based on their specific scientific objectives. It currently
offers five masks: (1) ground surface water mask, (2) land mask, (3)
forest loss mask, (4) descending aspect mask, and (5) ascending aspect
mask. Each mask is derived from a separate collection in GEE, and
PlotToSat integrates them into a unified module for easy interpretation
by the user. For instance, a user may choose to exclude plots near land
surface water because SAR data capture both moisture and structure,
resulting in signals that are not directly comparable to those of the same
species in plots away from land surface water. Similarly, phenological
patterns captured in the time-series can differ in disturbed areas, which,
if unaccounted for, could introduce inconsistencies in downstream
tasks. In other cases, users might opt to exclude plots affected by
fires or other disturbances for specific years, as it may be unclear
whether corresponding ground information was recorded before or
after a disturbance. Excluding such areas could help reduce noise and
bias in the analysis. However, the system is flexible, allowing users
to decide which, if any, masks to apply based on their objectives. For
example, while some may aim to exclude disturbed or near water areas
to improve classification accuracy, others might retain these data to
capture the broader state of the forests studied. The optional nature of
these masks ensures that data preprocessing can be tailored to specific
scientific needs

The ground water surface mask (‘gsw’) removes areas that have
been heavily impacted by moisture to focus on structure information
and mitigate potential noise. We use the “JRC/GSW1.0/
GlobalSurfaceWater” collection (Pekel et al., 2016). Land could be
masked using the Shuttle Radar Topography Mission (SRTM) digital
elevation dataset (“CGIAR/SRTM90_V4”) provided by Consultative
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Group on International Agricultural Research (CGIAR). Examples of
ground surface water masking are provided in Fig. 3.

Forest loss results from factors like wildfires, urbanisation, agricul-
tural expansion and selective logging (Curtis et al., 2018). PlotToSat
can apply a forest loss mask using the Hansen Global Forest Change
collection (Hansen et al., 2013), named “UMD/hansen/global_forest
_change_2022 v1_10” in GEE (Fig. 3). The v10 Global Forest Change
collection maps forest loss annually from 2000 to 2022. Forest loss in
these maps was estimated using Landsat’s red, Near-infrared (NIR) and
Short-wave infrared (SWIR1 and SWIR2) spectral bands (Hansen et al.,
2013). In PlotToSat, users can mask out forest loss occurring within
their chosen period, from one to multiple years. This feature primarily
assists researchers focusing on undisturbed areas to exclude confound-
ing factors from their results. For instance, since fire events can alter
forest ecosystems (Cochrane and Schulze, 1999), and the biomass of
regenerating shrubs differs from that in unburned areas (Aranha et al.,
2020), determining the rate of forest biomass gain may necessitate
excluding plots in burnt areas.

An aspect map is a type of map that shows the compass direction a
slope faces and by choosing the slopes aligned with the non-shaded ar-
eas of SAR data collected in ascending and descending orbit, the shaded
areas in the SAR data can be removed. This is particularly important
for mountainous regions (Section 2.4.1) — Fig. 3. We compute aspect
maps using elevation data from the “NASA/NASADEM _HGT/001” col-
lection, which is improved Shuttle Radar Topography Mission (SRTM)
data by integrating additional information primarily from Advanced
Spaceborne Thermal Emission and Reflection Radiometer (ASTER), Ice
Cloud and Land Elevation Satellite (ICESat), and Geoscience Laser
Altimeter System (GLAS) (Buckley et al., 2022). The slopes from 22.5°
to 157.5° align with non-shaded areas in the ascending data. Similarly,
the slopes from 202.5° to 337.5° align with non-shaded areas in the
descending data (Miltiadou et al., 2022). Users have the option to apply
both aspect maps to their corresponding ascending and descending
Sentinel-1 data exclusively to retain non-shaded areas in mountainous
regions. Alternatively, users can choose to apply either the ascending
or descending mask to all selected collections. It is advisable not to
attempt applying both ascending and descending masks simultaneously
to all selected collections, as they have no overlap, meaning no pixels
will be retained after masking.

3. Test case
3.1. Study area and materials

To showcase PlotToSat’s utility, we tested extracting satellite infor-
mation from a subset of the fourth Spanish National Forest Inventory
(Spanish NFI). The fourth Spanish NFI used contained 17,300 perma-
nent plots, of which 15,917 were within the study area (Peninsular
Spain). Plots outside the study area were part of non-Peninsular Spain
(e.g., the Canary Islands). Of the 15,917 plots, 15,823 belonged to
the three dominant forest types, while the rest were either mixed
forests, unlabelled, or needle-leaved deciduous forests. Plots have been
surveyed three times since the 1980s (Fig. 4). In Spain, NFI data are
collected approximately every 10 years. Plots are spaced ina 1 x 1
km UTM grid, and the collection is organised using concentric circular
plots: progressively smaller circular plots are employed around a cen-
tral point, with each plot surveying trees within a specific diameter at
breast height (DBH) range. More information about the Spanish NFI is
available at Alberdi et al. (2017). The plots were classified into four
forest types: broad-leaved deciduous, broad-leaved evergreen, needle-
leaved deciduous and needle-leaved evergreen (Olson et al., 2001). A
forest type was assigned to a plot if 50% of basal species belonged
to it Tijerin et al. (2022). Three forest types are predominantly used
in this paper, (because we only had eight samples of the needle-leave
deciduous forest type). Table 1 outlines the three dominant forest types,
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Fig. 3. A representative selection of applying the optionally masks at a mountainous expanse by Embalse de la Cuerda del Pozo in Spain. Coordinate system EPSG:3042.

Dominant forest types lying in the subset of the Spanish Forest Inventory used in this study, their dominant species and
number of plots available per forest type.

Forest type No of plots Dominant species
Broad-leaved deciduous forests 3955 Quercus pyrenaica, Fagus sylvatica,
Quercus robur, Quercus faginea
Broad-leaved evergreen forests 3260 Quercus ilex, Quercus suber,
Eucalyptus globulus, Eucalyptus camaldulensis
Needle-leaved evergreen forests 8608 Pinus sylvestris, Pinus pinaster,

Pinus halepensis, Pinus nigra
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The processing time for PlotToSat requests submitted to GEE was measured. Each row represents a set of requests for processing 300 plots from the Spanish Forest Inventory with
a 25 m, 50 m or 100 m plot radius. The table shows 58 requests per radius size totalling 17,310 plots. Of these, 1392 were either outside the polygon defining the study area,

Peninsular Spain, and returned an empty file or no classification was provided.

Radius Type of data No of No of plots Mean execution Std execution No of failed
size processes per process time (min) time (min) requests
25 m Std of Sentinel-2 58 300 23.414 9.838 0

25 m Mean of Sentinel-2 58 300 20.643 7.661 2

25 m Std of Sentinel-1 58 300 3.893 2.281 2

25 m Mean of Sentinel-1 58 300 4.948 1.907 0

50 m Std of Sentinel-2 58 300 20.293 7.786 0

50 m Mean of Sentinel-2 58 300 20.793 7.728 0

50 m Std of Sentinel-1 58 300 5.431 3.658 0

50 m Mean of Sentinel-1 58 300 6.793 4.076 0

100 m Std of Sentinel-2 58 300 19.914 7.983 0

100 m Mean of Sentinel-2 58 300 21.759 9.215 0

100 m Std of Sentinel-1 58 300 4.948 3.042 0

100 m Mean of Sentinel-1 58 300 6.914 4.684 0

number of plots, and their dominant species. Plot data from the non-
dominant forest type, mixed forests, unlabelled plots and plots outside
the study area were included in testing execution time but excluded
from other tests. Sentinel-1 and Sentinel-2 data used for testing were
acquired from 2018 to 2020, with 2019 being the only year when plots
were surveyed during their operation.

3.2. Testing methodology

We attempted to extract spectral-temporal and temporal signatures
from Sentinel-2 and Sentinel-1 data at the 17,300 plots from the
Spanish Forest Inventory (Section 3.1), but time-series for only 15,917
plots were exported as the rest lay outside the study region. We assessed
PlotToSat’s time performance with this large dataset. To overcome
GEE’s limitations in processing large amounts of data simultaneously,
PlotToSat subsets the plots and generates multiple requests-one per
subset-which are sent to GEE. A script is provided for merging the
outputs of the multiple requests. In our test case, we processed 300
plots per request; this number is user-defined. GEE provides execution
time per request. We measured the mean and standard deviation time
for processing these requests, alongside the total estimated sequential
execution time for comparison. This is an estimation because requests
are executed in parallel, which typically results in faster processing
compared to sequential execution. We also tested the execution time
using three different radius sizes: 25 m (Spanish NFI size), 50 m, and
100 m (Section 3.4).

We calculated the average NDVI for each month within each forest
type from the years 2018, 2019, and 2020, resulting in a time-series of
twelve instances (Section 3.5). The spectral-temporal signatures from
Sentinel-2, and temporal signatures from Sentinel-1 were generated for
the three dominant forest types (broad-leaved deciduous, broad-leaved
evergreen and needle-leaved evergreen) — Section 3.6. Sentinel-2 NDVI
time-series revealed that the values observed in July provided a good
distinction between the dominant forest types due to the well-separated
means and reduced overlap within the standard deviation (Fig. 5).
Hence, using the NDVI from July 2019 for each plot we generated
histograms to analyse intra-plot variation in NDVI within dominant
forest types and across different plot radius sizes (Section 3.7). Finally,
for the needle-leaved evergreen forest plots, we compared the mean
temporal signatures, mean spectral-temporal signatures, and the NDVI
histograms using three different radius sizes: 25 m, 50 m, and 100 m
(Section 3.8). The needle-leaved evergreen forest plots of July 2019
were selected because their histograms formed two peaks instead of
one making it easier to visually identify variations in their distribution
with varying radius sizes (Fig. 8).

3.3. Results and discussion
3.4. PlotToSat’s time performance

Table 2 displays the processing time for PlotToSat requests submit-
ted to extract the 2019 Sentinel-1 and Sentinel-2 signatures at the plots
of the fourth Spanish Forest Inventory. PlotToSat allows the user to
specify the size of the plot radius, while ongoing developments allow
the interpretation of any set of polygons defined within a Shapefile.
In the test cases presented in Table 2, we used different radius size
(25 m, 50 m and 100 m). Plot size will vary depending on the user
need, for example to align with ground plot size, which in forestry
applications can typically vary from 0.1-10 ha. We believe that the
most meaningful signatures extracted are at 25 m that corresponds to
the actual radius size of the plots that we use as examples here. The
25 m radius though could contain accumulated values from nearby
pixels because the maximum resolution of Sentinel 1 and 2 is 10 m,
while some bands reach 60 m. It is, therefore, considered useful for
the users to investigate the variations of nearby areas using bigger
radius sizes (Grieve et al., 2016b). The results show that if executed
sequentially, processing times would be 51.15 h, 51.53 h, and 51.75 h
for 25 m, 50 m, and 100 m radii, respectively. However, parallel
execution reduced processing time by more than half, resulting in
finishing each radius test within less than 24 h.

As an indication of the amount of data processed for Peninsular
Spain, ASF Data Search of University of Alaska offers for download
approximately 2700 high-resolution Sentinel-1 image tiles acquired
for one year (in 2019 VV+VH Ground Range Detected-GRD, either
ascending or descending), totalling approximately 2.5 TB. Regarding
Sentinel-2 Level-2 A data, according to Copernicus Open Access hub,
there are around 19,500 image tiles acquired during 2019 with size
ranging from 40 MB to 1200 MB each. By averaging the size of 20
images, we estimated that the size of downloading one year of L2
Sentinel-2 images covering the entire Peninsular Spain is 15.8 TB. It
is important to note that while region and point time-series extraction
tools are starting to emerge with GEE, they work with a single point or
a single region at each execution. PlotToSat automates the extraction
of numerous circular regions and provides functionalities that bypass
GEE’s data processing limitations (e.g., dividing processing to multi-
ple request). It is worth highlighting that processing time is efficient
with larger plot radii, as demonstrated in Table 2, where the mean
execution time does not significantly vary as the radius increases. This
should happen because PlotToSat preprocesses the entire collection
in the study area before focusing on plot areas and because GEE
uses a pyramid (multi-scale) representation of data to enable efficient
processing.

At a 25 m plot radius, 2 out of the 58 automatically generated
requests failed. Requests can fail for multiple reasons, such as exceeding
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Fig. 4. Locations of the 15,823 plots representing the dominant forest types in Peninsular Spain. Coordinate system EPSG:3042.

the maximum asset storage space of 250 GB, taking too long to process,
or Google Drive being full. If requests fail due to exceeding allowance
in cloud storage space, we recommend reducing the number of plots
processed in each request. Please note, however, that the queue for
each project can hold up to 3000 tasks. If the number of plots is too
small, requests exceeding that limit will not be processed. For other
reasons for failure, PlotToSat offers functionality for reprocessing failed
requests.

3.5. NDVI time-series

PlotToSat exports the annual monthly average values for each band
from Sentinel-1 and Sentinel-2. Vegetation and other indices can be
calculated using the exported data. The average NDVI for each month
from 2018 to 2020 was computed for 15,917 plots across Peninsular
Spain, resulting in a time-series of 12 instances per plot. Fig. 5 illus-
trates the mean and standard deviation of these time-series for the three
dominant forest type, offering valuable phenological features for each
forest type. Averaging the monthly values over three years provides
a better representation of the annual phenological changes of each
forest type, reducing the impact of weather conditions. From Fig. 5, we
identified July as the month during which the dominant forest types
can be better differentiated due to the reduced overlap between the
standard deviation intervals and the well-distanced means.

—e— broad-leaved deciduous forests ~ —e— broad-leaved evergreen forests needle-leaved evergreen forests

0.9

0.8

0.5

0.4

0.3

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Fig. 5. The average NDVI time-series is depicted for the years 2018-2020 across the
three dominant forest types. The bold solid lines show the mean and the shaded
areas the standard deviation interval. We selected July as the optimal month for
distinguishing the dominant forest types due to their well-separated means and reduced
overlap within the standard deviation.
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(first suffix) and received (second suffix) signals. They depict distinct differences between years, facilitating observation of changes potentially related to weather conditions.

3.6. Spectral temporal and temporal signatures

Figs. 6 and 7 display the mean temporal and spectral-temporal
signatures, derived from Sentinel-1 and Sentinel-2 respectively, for each
forest type from 2018 to 2020. The distinctiveness of each forest type’s
temporal and spectral-temporal signatures are illustrated, with both
types of evergreen forests (broad-leaved and needle-leaved) exhibiting
more similarities between them compared to broad-leaved deciduous
forests. Although the signature of each forest type depicts peaks and
troughs around the same time of the year, there are distinct differ-
ences between years that may arise due to varying weather conditions
affecting the structure, colour, and moisture content of the forests.
Associating PlotToSat’s results with climate data could help in better
understanding forest productivity, phenology and responses to climate
change.

3.7. Histograms of NDVI values during July

Fig. 8 displays the distribution of the mean NDVI values for July
from 2018 to 2020. This choice is based on the observation from Fig. 5
that NDVI during July is the month that better discriminates the three
dominant forest types. The histograms in Fig. 8 does not conform to a
normal distribution, particularly with evergreen forests (both needle-
leaved or broad-leaved) showing two peaks. This observation aligns
with Fig. 5, which illustrates that the standard deviation of NDVI in
July is higher in evergreen forests. We suspect that this occurs due to
the general classification of forest types, encompassing multiple sub-
groups of tree species. The spectral reflectances of different tree species
within a forest type may form multiple subgroups (clusters). Therefore,
treating them as a single subgroup (cluster) during forest type clas-
sification could result in low classification accuracy. Non-parametric
methods, characterised by their flexible adaptation to the data without
imposing strict distributional assumptions, may be better suited to
handle the complexity of subgroups in forest type classifications.
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Fig. 7. The mean spectral-temporal signatures of the dominant forest types in Spain extracted from PlotToSat using Sentinel-2 data for 2018, 2019, and 2020 with 25 m plot
radius (the correct Spanish Forest Inventory). They depict distinct differences between years, facilitating observation of changes potentially related to weather conditions.

3.8. Different plot radius sizes

Adjusting the radius size of plots can be a useful approach for
understanding spatial landscape changes, as well as sensitivity of clas-
sification to plot size and geo-location accuracy. A smaller radius will
describe the area closer to a site of interest, and wider landscape
changes can be described as the distance from the site increases. With
the current version, this can be investigated as an average over the
radius defined from a central point, but with ongoing developments,
the user will be able to adjust it. This can be useful in studies related
to evaluating the extent of flooding, monitoring urbanisation, and
assessing forest fire restoration in relation to its point of origin. Fig.
9 displays the mean temporal signatures from Sentinel-1 and spectral—
temporal signatures from Sentinel-2 for data collected in 2019, as
well as the distribution of NDVI values across with different plot radii
(25 m, 50 m, and 100 m) for data acquired in July 2019. There are no
distinct visual differences in the signatures with changing plot radii,
indicating a high likelihood of neighbouring pixels belonging to the
same forest type for most plots. Regarding the distribution of the NDVI,
the distribution across different years varies more than the distribution
of the same forest type across different radius sizes (Figs. 8 and 9(c)).
These findings are consistent with the changes observed in temporal
and spectral-temporal signatures over multiple years (Figs. 6 and 9(a)
for Sentinel 1, Figs. 7 and 9(b) for Sentinel-2). Studying the annual
changes in phenology and the relation with climatic conditions could
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help us better understand forest ecosystem responses to a changing
climate.

4. Conclusions

Plot networks contain numerous plots (often circular regions) spread
out systematically to adequately represent forest ecosystems. While
forest ecology research depends on forest plot networks, studies for
comprehending global environmental change require large spatial ex-
tents to measure forest responses (Ruiz-Benito et al., 2020). There are
increasing efforts of fusing plot networks with Earth Observation (EO)
data and, consequently, enriching ground-based studies. Nevertheless,
plot networks spread out to multiple EO tiles, making data acquisition
and processing time-consuming. Therefore, a practical way of integrat-
ing these large plot networks (often containing thousands of circular
plots) with EO data creates new opportunities for understanding forest
ecosystems.

In this paper, we introduced the new open-source tool PlotToSat,
which streamlines the extraction of time-series EO data (one year
per run) across multiple plot regions defined within a given network.
PlotToSat currently supports Sentinel-1 and Sentinel-2 datasets, but its
implementation is flexible and scalable; flexible because the user can
select datasets of interest, as well as which masks to be applied for
data cleaning and scalable because its efficient implementation can
handle increasing number of plots and increasing plot radius size within
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a plot network. Additionally, it is modular, and the main classes are
independent of the dataset’s type, allowing the addition of new EO
datasets by predominantly implementing a new class for the collection
of interest. PlotToSat extracted one year of EO time-series for 15,962
plots from the Spanish Forest Inventory (estimated 18.3TB of Sentinel-1
and Sentinel-2 data) within less than 24 h. Its efficient implementation
undoubtedly outperforms downloading and processing images locally.
In the future, it would be worthwhile to implement and compare
similar functionalities on other platforms, such as the Copernicus Data
Space Ecosystem. As far as we know, PlotToSat is the first tool that
automates creations time-series for multiple large numbers of small,
widely distributed regions.

A case study was conducted in Peninsular Spain. The NDVI of July
was found to most clearly distinguish the dominant forest types due to
the well-distanced means and reduced overlap between the standard
deviation intervals. The histograms of the NDVI during July showed
that they do not form a normal distribution, indicating the potential
subgroups (clusters) of tree species that exist within the same forest
type. The first application of PlotToSat is tree genus classification in
Peninsular Spain, with results aligning with observations related to the
forest type signatures used in this paper. Bias in the estimates suggests
the presence of subgroups within the larger genus classes (Miltiadou
et al., 2024). These subgroups may share similar properties, such as
geographical region, species, stem density, or functional traits of trees.
With changing radius size (25 m, 50 m, 100 m) no significant changes
were observed, indicating that the sourrounding of most of the plots are
likely to belong to the same forest type. Nevertheless, variations over
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different years were observed. It is suspected that this occurred due to
varying climatic condition —e.g., Miltiadou et al. (2022) showed that
warmer spring was associated with a delay in the annual SAR summer
peak in Pinus Brutia.

On going developments will enhance the usability of PlotToSat
by accommodating a wider range of applications. We aim to further
support the import of shapefiles instead of a plot network, as well as
the integration of nw indices and collections of data from other sensors.
This will enable PlotToSat to extract time-series from a wider range
of datasets at multiple regions, regardless of their shape. The exported
data can be tailoired to the uses eneds, selecting bands and indices to
be exported, as well as choosing between monthly averages (default)
or a full time-series with values for each available image.

PlotToSat eases the extraction of time-series and, consequently,
supports studies combining plot network information with EO data to
better understand responses of forest ecosystems to changing climate
conditions. Even though responses of various species have been studied
in relation to various factors, there is still a need to better understand
the interactions between multiple environmental drivers, such as tem-
perature and precipitation combined (Ehrlén and Morris, 2015) and
we have designed PlotToSat to help to enable such studies at scale.
PlotToSat is not only valuable for forest ecologists but can be applied
to a big range of applications from other disciplines that necessitate
time-series of EO data from multiple locations spread out within a
landscape.
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(c) Histograms of the NDVI July values

Fig. 9. 9(a) and 9(b) show temporal and spectral-temporal signatures from needle-leaved evergreen forest plots at three radius sizes: 25 m, 50 m, and 100 m. 9(c) shows histograms
of the NDVI index derived using different plot radius sizes: 25 m, 50 m, and 100 m. The data used were acquired in 2019. The distribution of NDVI values forms two peaks in
all cases. Minimal differences among these figures suggest forests may not significantly change over these distances.
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