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Abstract

Edible wild mushrooms constitute a valuable marketable non-wood forest product with high relevance worldwide. There is
growing interest in developing tools for estimation of mushroom yields and to evaluate the effects that global change may
have on them. Remote sensing is a powerful technology for characterization of forest structure and condition, both essential
factors in triggering mushroom production, together with meteo-climatic factors. In this work, we explore options to apply
synthetic aperture radar (SAR) data from C-band Sentinel-1 to characterize, at the plot level, wild mushroom productive
forests in the Mediterranean region, which provide saprotroph and ectomycorrhizal mushrooms. Seventeen permanent
plots with mushroom yield data collected weekly during the productive season are characterized with dense time series of
Sentinel-1 backscatter intensity (VV and VH polarizations) and 6-day interval interferometric VV coherence during the
2018-2021 period. Weekly-regularized series of SAR data are decomposed with a LOESS approach into trend, seasonality,
and remainder. Trends are explored with the Theil-Sen test, and periodicity is characterized by the Discrete Fast Fourier
transform. Seasonal patterns of SAR time-series are described and related to mycorrhizal and saprotroph guilds separately.
Our results indicate that time series of interferometric coherence show cyclic patterns which might be related with annual
mushroom yields and may constitute an indicator of triggering factors in mushroom production, whereas backscatter intensity
is strongly correlated with precipitation, making noisy signals without a clear interpretable pattern. Exploring the potential
of remotely sensed data for prediction and quantification of mushroom yields contributes to improve our understanding of
fungal biological cycles and opens new ways to develop tools that improve its sustainable, efficient, and effective management.
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Introduction

Predicting mushroom presence, occurrence, and produc-
tivity has growing interest (Kiiciiker and Baskent 2014;
Herrero et al. 2019) as fungi provide a wide range of eco-
system services (Devkota et al. 2023) and contribute to
maintain and augment biodiversity of other taxa (Miiller
and Biitler 2010; Cockle et al. 2012). The triggering fac-
tors in mushroom production are complex (Alday et al.
2017), being precipitation of paramount importance
(Agreda et al. 2015). Furthermore, mushroom develop-
ment and productivity are strongly related with forest
structure (Tomao et al. 2017), particularly with density and
age (Agreda et al. 2013; Martinez-Rodrigo et al. 2022).

Remote Sensing in Forest Applications

Satellite remote sensing has become a major technology in
environmental applications (Beland et al. 2019). Remote
sensing is particularly well suited for the assessment of
forest resources (White et al. 2016) and changes over time,
thanks to its overall perspective and spatial completeness
(Li and Roy 2017). The assessment of forest products,
particularly wood (e.g., Eitel et al. (2020)) but also non-
wood products like pine-nuts (e.g., Blazquez-Casado et al.
(2019)), cork (e.g., Soares et al. (2022)), or mushrooms
(e.g., Olano et al. (2020)) has been favored using remote
sensing. While passive sensors from MODIS, Landsat or
Sentinel-2 are widely employed, active sensors are increas-
ingly being adopted for various applications (e.g., Ballere
et al. (2021)). For instance, LiDAR is used to characterize
forest structure (Dassot et al. 2011; Indirabai et al. 2019)
and has shown potential to contribute in the estimation
of mushroom yields in Mediterranean forests (Martinez-
Rodrigo et al. 2022; Pascual and de-Miguel 2022).

The Potential of SAR for Monitoring Mushroom
Production

Synthetic aperture radar (SAR) is also an active-sensor
technology that provides useful data in all atmospheric
conditions (Pulella et al. 2020), and it is well-suited for
characterization of forest structure (Neumann et al. 2010;
Gomez et al. 2021). Moreover, the high frequency of
data and open access policy of the Copernicus Sentinel-1
program (https://scihub.copernicus.eu/), together with
improved data processing, have triggered new opportu-
nities for application of SAR-based approaches in char-
acterization of forests (Dostalova et al. 2018), mapping
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of above-ground forest biomass (Cartus et al. 2022), and
assessment of change (Tanase et al. 2019).

In the context of mushroom production, SAR can provide
valuable insights due to its sensitivity to vegetation moisture
and structure, which are critical factors influencing fungi
development. The ability of SAR to penetrate forest canopies
and provide consistent data under various weather condi-
tions makes it an ideal tool for monitoring the environmental
variables that affect mushroom growth over time.

Time Series Analysis and SAR in Mushroom Growth
Monitoring

Time series of radiometric data identify intra-annual veg-
etation patterns (Gémez et al. 2020) and anomalies (Rubio-
Cuadrado et al. 2021). Since retrieving good quality time
series of optical data without gaps becomes difficult in
cloud-prone areas (Komisarenko et al. 2022), time series of
SAR data are being explored for applications like seasonal-
ity and phenological characterization (Frison et al. 2018;
Dubois et al. 2020) and detection of anomalies (Schellenberg
et al. 2023).

Backscatter intensity is sensitive to vegetation moisture
(Ezzahar et al. 2019), a triggering factor of fungi produc-
tion (Agreda et al. 2015). Processing easiness and intuitive
interpretation make backscatter intensity the preferred fea-
ture in SAR-based time series analysis. At C-band, the VH
backscatter intensity is more sensitive to volume, making the
upper canopy response dominant in this polarization (Brown
et al. 2003), whereas VV backscatter is more sensitive to tex-
ture and may respond to the vegetation-soil interplay (Veloso
et al. 2017). Some atmospheric interferences may attenu-
ate C-band SAR backscattering (Danklmayer et al. 2009),
but rain may also increase SAR signal (Doblas et al. 2020),
becoming these data useful to evaluate rain storage and soil
moisture in forests (de Jong et al. 2000; Vaca and van der
Tol 2018; Benninga et al. 2019).

Interferometric SAR (InSAR) exploits the phase differ-
ence between two complex SAR observations of the same
area acquired from different sensor positions and extracts
distance information about the Earth’s terrain (Gens and
Genderen 1996; Ferretti et al. 2000). Interferometry has
been applied for land cover classification (Jacob et al. 2020;
Rizzoli et al. 2022) and crop mapping and monitoring (Mes-
tre-Quereda et al. 2020; Villarroya-Carpio et al. 2022). In
a forestry context, the interferometric coherence parameter
can be related to structure (Pinto et al. 2013), and the time
series of this parameter have shown useful to detect changes
(Mastro et al. 2022). The temporal decorrelation of repeat-
pass InSAR is known to hinder some applications (Ahmed
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et al. 2011), but it may facilitate the identification of trigger-
ing punctual phenomena like mushroom production.

Our goal is to explore the potential of time series C-band
SAR data from Sentinel-1 to characterize mushroom yields
at the plot level in Mediterranean forests. The specific
objectives are (1) to construct time series of Sentinel-1
data over mushroom-productive pine plots and character-
ize the temporal patterns present and (2) to investigate the
relationship between C-band SAR time series patterns and
the weekly yields of ectomycorrhizal and saprotrophic
mushrooms.

Materials and Methods
Study Area and Experimental Design

The study area, centered at coordinates 41.61 N, —2.54 W,
encompasses 17,000 ha of pine forests in Soria province,
Spain (Fig. 1). These reforestations of Pinus pinaster Ait.
also host Quercus pyrenaica Willd. resprouts. The area is
relatively flat with an altitude in the range of 1000—-1200 m.
The climate is Continental Mediterranean with cool winters
(average January temperature of 2 °C) and marked summer
drought, with annual rainfall between 500 and 700 mm.

Seventeen permanent plots of 150 m? (5x 30 m) have
been established in this forest since 1997, with an external
fence preventing harvesting and trampling. Plots are strati-
fied to represent different forest structures (Fig. 1). The
diameter and height of all trees within the plots were meas-
ured in 2020, and the volume of aboveground biomass was
derived from TLS (Terrestrial Laser Scanner) measurements
acquired in 2022 (Martinez-Rodrigo et al. 2022).
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All edible fungi fruiting bodies (sporocarps) are sam-
pled weekly during the main fruiting period, which cor-
responds to the autumn months of September—December.
Sporocarps are collected, fresh-weighted, and identified
to the species level (Agreda et al. 2015). A database
with values of annual mushroom production at the plot
level records the yields, indicating species, number of
individuals and biomass per species. We used a temporal
subset (2018-2021) of this database and split the sam-
ple into ectomycorrhizal and saprotroph trophic guilds
(Rinaldi et al. 2008) for a more detailed understanding
of the relationship between SAR data and mushroom
production.

Sentinel-1 and Precipitation Data

Sentinel-1 is a dual-satellite mission under the Coperni-
cus programme of the European Commission, developed
and managed by the European Space Agency (ESA). The
Sentinel-1A and -1B satellites are equipped with a C-band
synthetic aperture radar (SAR) sensor, operating at fre-
quency of 5.405 GHz (wavelength of 5.56 cm) and capable
of VV + VH dual polarization (ESA - Sentinel 1 2022).
This dual polarization allows Sentinel-1 to gather informa-
tion in two channels: VV channel, where the sensor emits
and receives vertically polarized signals, and VH chan-
nel, where it emits vertically and receives horizontally.
The VH cross-polarized channel, being more sensitive
to volume scattering, is particularly responsive to forest
canopy properties compared to the co-polarized VV chan-
nel (Udali et al. 2021). The default acquisition mode for
Sentinel-1 over land is Interferometric Wide swath (IW),
which provides data with a spatial resolution of 5x20 m

.1 Study area. a Location in Spain and Sentinel-1 orbits; b arrangement of plots within the study area; and ¢ climodiagram
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and a nominal 6-day temporal resolution, assuming data
from both satellites are utilized (Torres et al. 2012).

To analyze four complete years of time series data, we
downloaded all accessible data acquired over the study
area from January 5, 2018, to December 21, 2021. The
power supply system failure in Sentinel-1B in December
2021 precluded further acquisitions from this satellite.
Sentinel-1 data were downloaded from the Alaska Satel-
lite Facility (ASF, https://search.asf.alaska.edu/).

Sentinel-1 Climate
A
.
GRD InSAR Precipitation
(2018-2021) (2018-2021) (2018-2021)

Daily precipitation data were retrieved from the Span-
ish Meteorological Agency (AEMET, http://www.aemet.
es) station in Soria.

Analysis Workflow

The methodology in this study involves processing time
series data from remote sensing and field measurements,
imputing data to experimental plots, and performing statisti-
cal analysis of the time series data (Fig. 2).
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Fig.2 Schematic workflow of the main stages in the methodology for characterizing mushroom productive plots using time series Sentinel-1

SAR data

Table 1 Summary of Sentinel-1

datasets downloaded and Orbit type 2018 2019 2020 2021 Total
processed, indicating the Asc Des Tot Asc Des Tot Asc Des Tot Asc Des Tot
number of dates required to
image the entire study area Slices down- 128 151 279 114 107 221 151 148 299 152 125 277 1076
loaded and
processed
Data dates 97 6l 158 85 58 143 120 59 179 120 57 177 657
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Backscatter Intensity Datasets

To derive time series of backscatter intensity, 1076
Sentinel-1 slices from ascending and descending orbits
(Table 1) were downloaded in Ground Range Detected
(GRD) mode. GRD products are multi-looked, projected
to ground range using an Earth ellipsoid model (e.g.,
WGS84), and feature square pixels representing the
intensity of the returned SAR pulse. These products were
further processed using a standard workflow (Filipponi
2019) with the Sentinel-1 Toolbox in SNAP. Our process-
ing included applying orbit file, thermal noise removal,
calibration to radiometric backscatter, terrain flattening,
speckle filter (Boxcar, 5 X 5), range Doppler terrain cor-
rection, and linear to dB transformation. The resulting
products are raster sets of backscatter intensity values cor-
rected for local topography and various sources of noise,
with 10X 10 m square pixels projected to WGS84 UTM30.

Interferometric Coherence Datasets

Sentinel-1 Single Look Complex (SLC) data collected
in Interferometric Wide-Swath (IW) mode include both
amplitude and complex phase information. Interferometric
techniques leverage this complex signal, comparing SAR
observations acquired at different dates to measure their
correlation, a parameter known as interferometric coher-
ence, and which ranges from O to 1. Coherence values serve
as indicators of landscape changes: low coherence indicate
notable changes, while high coherence identifies stable
scatterers.

Aggregating coherence values over time enables the iden-
tification of variability patterns across the landscape. Spe-
cifically, in interpreting time series of coherence over veg-
etation cover, a value of 0 indicates low correlation between
consecutive acquisitions and suggests high variation over
time, whereas a value of 1 indicates high correlation and
little variation over time (Borlaf-Mena et al. 2021).

We ordered and downloaded 6-day interval VV-pol inter-
ferograms processed with HyP3 (Hogenson et al. 2020) from
the ASF Data Search Vertex portal, to generate time series
data. For InSAR pairs, we selected a 10 X 2 multi-look size
to achieve a 40-m pixel resolution.

We retrieved interferograms from 235 image pairs in
descending orbit, spanning from January 5, 2018, to Decem-
ber 21, 2021. This regular series was only interrupted three
times due to the absence of Sentinel-1 acquisitions (June 29,
2019, December 8, 2020, and August 11, 2021). Similarly,
an equal number of interferometric pairs were available in
ascending orbit, but we excluded them due to incomplete
coverage of the study area.

Retrieval of SAR and Precipitation Time Series

We retrieved time series of VV and VH backscatter inten-
sity corresponding to the average value of pixels within the
mushroom plots, along with VV interferometric coherence
corresponding to the centroids of these plots. These time
series were regularized to a 7-day frequency by averaging
weekly values and interpolating missing data using a third-
degree polynomial model. To enhance quality and reduce
noise, we applied seasonal, trend, and remainder decompo-
sition (STL, seasonal-trend decomposition using LOESS)
(Cleveland et al. 1990). This method involves smoothing
large residuals with a locally estimated scatterplot smooth-
ing filter, rather than outright removal. The three STL com-
ponents relate to the raw time series as follows (Eq. (1)):

Y, =§5,+T,+R, (1)

where Y; = raw time series value at point i. S; = time series
seasonal component value at point i. 7; = time series trend
component value at point i. R; = time series remainder com-
ponent value at point i. A similarly regular time series of
precipitation was built with weekly accumulated values of
rainfall.

Characterization of Sentinel-1 Time Series

The denoised seasonal plus trend time series of SAR back-
scatter intensity and interferometric coherence for each plot
were analyzed to identify variations on intra- and interannual
scales. The presence and degree of trends were tested using
the Theil-Sen estimator (Theil 1950; Sen 1968) which inter-
prets the linear trend as the slope of the series (Chervenkov
and Slavov 2019).

Seasonality in the interferometric coherence’s seasonal
component was analyzed via Fourier decomposition, which
breaks down the time series into simpler functions (Hsu and
Mehra 1987) using the Fast Fourier Transform (Brigham
1988). This transformation converts a signal into its sinusoi-
dal components by decomposing any periodic signal into a
sum of sinusoids, each harmonically related to the original
signal’s frequency (Semmlow 2012). The dominant frequen-
cies were interpreted as indicators of cyclic patterns.

Statistical Relationship Between SAR
and Precipitation Time Series

To investigate the temporal relationship between SAR time
series (backscatter intensity and interferometric coher-
ence) and precipitation, we examined the cross correlation
between these data sets on a weekly scale. The goal was to
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determine whether an event in one time series (precipitation)
triggers changes in the other (SAR) or they are independent
(Brockwell and Davis 2016). If precipitation influences SAR
values, this effect could be immediate or occur with some
delay. For this analysis, we considered the average backscat-
ter (VV and VH) and coherence values across all plots.

To explore the temporal relationship between interfero-
metric coherence and mushroom yields, we analyzed the
rate and direction of change in the temporal derivative of
SAR interferometric coherence, following the method used
by Goémez et al. (2011). The temporal derivative of inter-
ferometric coherence (D) was calculated as the difference
in coherence values between consecutive dates, divided by
the time interval between them, as shown in Eq. (2). We
focused on the relationship between D, ;, and the yearly first
emergence of mushrooms in productive plots.

D _M )

coh — ¢

Results
Characterization of Mushroom Productive Plots

Plots are structurally diverse (Fig. 3; Table 2) with
8.9-16.91 m average tree height and 16.23-42.58 cm aver-
age tree diameter. Plot 21 has the maximum number of trees
with minimum average diameter, and plot 16 has the mini-
mum number of trees with largest average diameter. Plot
15 has the tallest trees on average, and plot 20 the shortest.
Plot 22 has the most volume biomass, and plot 18 is the least
dense and with minimum volume biomass.

Relationship Between Interferometric Coherence
and Field Parameters

As shown in Fig. 4, despite the limited number of samples,
we find a strong negative relationship between interfero-
metric coherence and average tree height at the plot level
(R=-0.70), as well as between coherence and average
tree diameter (R= —0.67) within their respective ranges of
8—18 m for tree height and 0.16-0.42 m for tree diameter.
Conversely, interferometric coherence shows a strong posi-
tive relationship with biomass volume per plot (R=0.57)
and the number of trees per plot (R=0.56).

Figure 5 shows that the relationship between interfero-
metric coherence and the average production of ectomy-
corrhizal mushrooms is moderately strong and positive
(R=0.47). In contrast, the relationship with the average
production of saprophytic mushrooms is weak and negative
(R=-0.17).

@ Springer

Characterization of Sentinel-1 Backscatter Intensity
Time Series

During the 4 years of data examined, Sentinel-1 co-pol (VV)
backscatter intensity corresponding to mushroom plots was
higher than cross-pol (VH) intensity in both descending
(morning at 6 a.m.) and ascending (evening at 6 p.m.) orbits
(Fig. 6).

Averaging the individual time series values per plot
over the entire period, the lowest intensity values for both
VH and VV were observed in plot 22 (the plot with the
most biomass volume) in descending acquisitions and in
plot 21 (the plot with the greatest number of trees) in
ascending acquisitions. The highest values were recorded
in plots 17 and 11 during morning orbits and in plots 8
and 19 during evening orbits.

The average dynamic ranges of VH and VV backscatter
intensity values were 4.1 and 3.9 dB in ascending orbit and
2.9 and 3.4 dB in descending orbit. The maximum values
were 5.9 dB in plots 12 and 22 (ascending) and 3.9 and
4.8 dB in plots 7 and 22 (descending).

The SAR intensity time series evaluated using the Theil-
Sen slope do not show a significant overall trend. A statisti-
cal summary of trend values in the backscatter coefficient
time series (Table 3) reveals that in the evening time series
(ascending), most plots have a decreasing trend in both VH
and VV polarizations. Conversely, in the morning time
series (descending) most plots display an increasing trend
over time. Additionally, the overall patterns of the intensity
series are irregular and noisy, lacking any cyclic structure
over the 4-year period considered.

Characterization of Sentinel-1 Interferometric
Coherence Time Series

Average interferometric coherence in descending orbit over
the entire period ranged from 0.59 in plot 8 to 0.75 in plot
21. All coherence time series showed a positive trend with
high slope values over time, as calculated with Theil-Sen
test, ranging from 237 (plot 9) to 114.29 (plot 6). The high-
est increasing trends were observed in plots 9, 21, 18, and 7,
while the lowest were in plots 6, 16, 15, and 11.

The coherence time series showed an annual periodic pat-
tern in all plots, readily identifiable by visual inspection and
complemented with individualized minor traits. The highest
coherence values (0.76-0.98) were recorded in September
and the lowest values (0.16-0.35) in January (Fig. 7). Fou-
rier analysis demonstrated that, in addition to the annual
frequency, most plots have 26-, 17- and 13-week frequency
patterns, indicating cyclicity every 6, 3, and 2 months. How-
ever, plots 6 and 18 did not show the 13-week cyclicity and
plot 8 lacked the 17-week cyclicity.
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Fig. 3 Spatial distribution of forest structural variability and mushroom productivity during the period 2018-2021

The amplitude in the Fourier decomposition repre-
sents the magnitude of each component function, with the
annual periodicity (amplitude 10.72-22.46) being domi-
nant over other less relevant periodicities (Table 4). Plot

17, which had the greatest number of trees, recorded the
maximum amplitude in the 26-week frequency and plot
22 (with the maximum biomass volume) in the 13-week
frequency.
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Table 2 Description of

. . Variable Max Min Mean Stedv Plot (max) Plot (min)
structural variables in
mushroom productive plots Volume biomass (m*ha™) 30095  151.53  221.60  49.16 22 18
Average height (m) 16.91 8.90 12.94 2.57 15 20
Average diameter (cm) 42.58 16.23 27.71 9.34 16 21
Trees (#) 50.00 9.00 2147 13.34 21 18,17, and 16
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Fig.6 Average values of inten-
sity per plot during the period
considered (2018-2021), per
polarization and orbit direction

Plot

VH Polarization
Ascending

Descending

VV Polarization
Ascending

Descending

Table 3 Statistical summary of
Theil-Sen slope values for the
time series of the backscatter

Orbit

Polarization  Plots

Range Number of plots

according to trend

coefficient Max trend Mintrend Max Min Mean Positive  Negative
Ascending Vv 22 and 7 16 and 9 1239  -13.51 -305 5 12
VH 15and 9 18 and 8 1262 -16.61 -0.72 8 9
Descending VV 11and 8 15and 6 44.82  -46.59 5.61 11 6
VH 15and 11  Sand 13 35.5 -28.19  5.76 8 9

In most plots, mushroom production was triggered when
coherence dropped drastically (Fig. 7). Most plots began
producing ectomycorrizal sporocarps 4 weeks after a peak
in coherence transitioned to lower values (local minimum in
the derivative values). Exceptions included plots 20, 16, and
17, where ectomycorrhizal production began a few weeks
after the maximum change in coherence.

Statistical Relationship Between SAR
and Precipitation Time Series

Our analysis of the cross correlation between precipita-
tion and SAR features time series reveals a statistically
significant relationship (confidence level >95%). This
relationship is observed in both VH and VV polariza-
tions for ascending and descending acquisitions. Nota-
bly, in ascending acquisitions, a significant correlation
is evident at lag 0, indicating an immediate response to
precipitation events (Fig. 8a, b). In contrast, descending
acquisitions show a delayed correlation, with a notable

impact observed 2 to 3 weeks after precipitation (Fig. 8c,
d). This suggests that precipitation affects backscatter val-
ues within this time frame. Interestingly, the correlation
between precipitation and interferometric coherence does
not manifest immediately in these forests. As shown in
Fig. 9, the correlation values for interferometric coherence
remain below the significance threshold.

Discussion

Wild mushroom production is directly influenced by forest
structure, climate, and terrain characteristics (Tomao et al.
2017). Among these factors, forest structure is the only one
that can be managed through interventions such as adjusting
species composition and basal area (Collado et al. 2020).
Recently, an Aerial Laser Scanning (ALS)-based forest
inventory was employed for tactical forest planning, utiliz-
ing clustered silvicultural treatments to promote mushroom
yields (Pascual and de-Miguel 2022). This ALS-based
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Fig. 7 Examples of time series patterns of coherence and its temporal derivative in mushroom productive plots along with mushroom production

Table4 Summary of the Fourier amplitude statistics of coherence

time series

inventory could be further improved by integrating remotely
sensed data from the ESA’s Copernicus programme, which

would enhance spatial coverage and increase the frequency

Amplitude :
Period (days) Max Min Mean of inventory updE.lteS. .

SAR data can independently characterize forest structure
52 22.46 (plot 6) 10.72 (plot 21) 17.23 at the stand level (e.g., Gomez et al. 2021), but its synergy
26 12.35 (plot 17) 3.66 (plot 13) 7.445 with optical data can offer additional benefits (e.g., Li et al.
17 8.27 (plot 13) 2.15 (plot 11) 4.59 2022), especially under cloudy conditions. While backscat-
13 5.11 (plot 22) 1.53 (plot 9) 2.71 ter intensity is commonly used, interferometric techniques
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present further opportunities by leveraging the scene stabil- The short temporal interval enabled by the Sentinel-1

ity between multiple data acquisitions. Therefore, Sentinel-1 ~ constellation is a critical factor for enhancing forest bio-
interferometric coherence is increasingly being explored for ~ mass and volume estimations (Cartus et al. 2022) and for

various applications, such as monitoring grasslands (Abdel-  monitoring changes and deforestation (Mastro et al. 2022)
Hamid et al. 2021) and detecting landslides (Ohki et al.  using time series of Sentinel-1 coherence. The advantage of
2020), thanks to the accessibility of data. a short temporal interval in coherence time series has also
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been underscored by Seppi et al. (2022) who worked with
L-band SAOCOM-1 in Argentinian forests. Our research,
utilizing a 6-day revisit time of Sentinel-1 time series, con-
tributes to this emerging field for characterizing wild mush-
room productive plots and aiming to model their production.

In this work, we retrieved 4 years of weekly time series
data from Sentinel-1, focusing on naturally productive
mushroom plots in dry pine forests of Spain. Time series
of backscatter intensity for both VH and VV polarizations
were constructed, as well as VV interferometric coherence,
to characterize seasonal variation patterns and relate them
to weekly wild mushroom harvests from field surveys. We
identified SAR time-series features that trigger autumn
mushroom productivity in different plots.

Our results indicate that backscatter intensity is highly
influenced by precipitation variability. Since precipitation
triggers mushroom production (Agreda et al. 2015), back-
scatter intensity and VH polarization values would appear
useful for assessing this non-wood forest resource. However,
in sparse and short Mediterranean forests, the C-band radar
signal reaches the ground, strongly influencing backscatter
intensity. Consequently, the backscatter time series become
noisy, reducing its predictive power for mushroom yields.

High correlations were found between time-averaged val-
ues of coherence values and forest stand structure metrics,
including mean plot height (R= —0.70), mean tree diameter
(R=—0.67), plot volume (R=0.57), and number of trees
(R=0.56), confirming that coherence is a good descriptor
of forest structure. The relationship between interferometric
coherence and mushroom production is stronger for ecto-
mycorrhizal mushrooms than for saprotrophic mushrooms
(R=0.47 versus R= —0.17). Mycorrhizal species rely on
carbon supplied by the host tree (Biintgen et al. 2011) for the
production of sporocarps, while saprotrophic species acquire
carbon from decomposition processes closely linked to soil
moisture and temperature (Rousk and Baath 2011). Thus,
being more connected to the condition of the forest stand,
mycorrhizal species production can be more effectively
assessed with SAR data than saprotrophic species.

Time series of interferometric coherence measured with
a 6-day interval in this forest scene are relatively stable and
not influenced by punctual rainfall events, varying only
with more persistent changes in local conditions. Therefore,
coherence time-series could potentially indicate the driv-
ers triggering mushroom production. The dynamic range
of coherence values over time becomes key to exploiting
the predicting capacity of the time series. A larger dynamic
range of coherence suggests more transitional variations
in the stand caused by environmental factors such as frost,
persistent wind, and accumulated rainfall, which alter for-
est conditions. These disturbances also affect forest NDVI,
driving annual spectrophenological patterns (Gémez et al.
2020). In this sense, Bai et al. (2020) demonstrated the
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correlation between coherence amplitude and NDVI time
series in monsoon forests of China, and Villarroya-Carpio
et al. (2022) showed similar findings in agricultural crops of
Spain. In our study area, mushroom production is directly
linked to forest primary productivity as depicted by NDVI
temporal curves (Olano et al. 2020).

Future work should explore the local relationship between
NDVTI and interferometric coherence time series to gain fur-
ther insights into the potential and synergies of both param-
eters as indicators of the timing of fungal fruiting. Through
a modest analysis relating the temporal derivative of coher-
ence time series to the start of the mushroom season, we
observed that changes in the forest — whether due to autumn
instability caused by rainfall or wind — result in a marked
decrease in coherence, which precedes mushroom produc-
tion by approximately 4 weeks.

The availability of analysis ready data (ARD) facilitates
complex analysis (Zhu 2019) for numerous applications.
We accessed interferometric coherence from the ASF, sim-
plifying SAR data processing but limiting analysis of non-
standardly processed VV coherence. Other globally evalu-
ated sources of interferometric coherence (Kellndorfer et al.
2022) enable potential characterization of forest structure
for further applications. Self-processing of data provides
flexibility in the parametrization and preparation, opening
opportunities to explore combinations of indices (e.g., (Vil-
larroya-Carpio and Lopez-Sanchez 2023)) that may comple-
ment explanations of vegetation temporal behavior.

The widespread availability and free access to high spatial
and temporal resolution remotely sensed data are crucial
for characterizing ecosystems and their components. There
is an opportunity to contribute to the sustainable, efficient,
and effective management of ecosystem functions, including
predicting and quantifying non-wood forest products such as
wild mushroom yields.

Conclusions

This study highlights the potential of synthetic aperture radar
(SAR) data, particularly from Sentinel-1, in enhancing the
estimation and prediction of wild mushroom production in
Mediterranean forests. Our findings demonstrate that back-
scatter intensity correlates strongly with precipitation and its
noisy time series complicate interpretation. In contrast, the
time series of interference coherence emerges as a valuable
indicator for identifying the environmental conditions that
trigger wild mushroom production.

To refine and improve predictive models for mushroom
yields, future research should focus on integrating addi-
tional field data and considering a broader range of forest
conditions. Exploring alternative SAR-based techniques
and combining them with optical data could enhance the
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accuracy and reliability of these models. This comprehen-
sive approach will deepen our understanding of the factors
influencing mushroom production and contribute to the sus-
tainability management of non-wood forest products.

By leveraging high-resolution, frequently updated remote
sensing data, we can develop more effective tools for forest
management. These tools will not only help in predicting
and quantifying mushroom yields but also aid in making
informed decisions to support the conservation and sustain-
able use of forest resources. Overall, the advancements in
SAR technology offer promising avenues for ecological
research and the management of forest ecosystems.
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