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ARTICLE INFO ABSTRACT

Keywords: The qualitative and quantitative knowledge of forestry stands is a fundamental requirement for their manage-
Artificial neural network ment and exploitation planning. Traditional field measurements, based on plots, are certainly accurate, but time-
Sentinel-2 . consuming and expensive; moreover, it cannot provide a wall-to-wall estimate of measures over large areas. Even
;ODr\e/SIt planning though they are essential for calibrate and validate models and respectively results, remote sensing could be a
NDWI useful support for forest planners when trying to describe wide areas. Optical images from medium-high reso-

lution satellite missions are widely employed due to their accessibility, affordability and readiness to use. Within
this framework, in this study an approach based on open-data from the Copernicus Sentinel-2 mission and
Regional low density LiDAR data was developed in order to assess private forest wood resource in the Susa Valley
(Piemonte Region, NW - Italy). The proposed methodology aims to support private forest management by the
local forest consortium for basal area and wood volume estimation of forest stands. Specifically, the process was
based on the jointly use of Multi-layer Perceptron (MLP) artificial neural network (ANN), trained and validated
with respect to ground data from 285 surveyed plot. Furtherly, to refined wood volume estimates correcting
factors accounting for slope and local stand fertility were applied. Estimates of volume stands were generated
separately for conifers and broadleaves. Results prove that the adoption of correcting factors improved volume
estimates by the MLP and ANN about 2% (relative mean absolute error) and 13% in conifer and broadleaf stands

respectively.

1. Introduction

The qualitative and quantitative knowledge of forestry stands is a
fundamental requirement for their management and planning. Tree
height, diameter at breast height (DBH), basal area (BA) and volume (V)
are essential parameters for foresters to assess current or prospective
commercial value of forest stands and to plan thinning and cutting
(Morin et al., 2018). Traditional field measurements, based on plots, are
certainly accurate, but time-consuming and expensive (Chave et al.,
2014) and cannot provide a continuous spatial description of data over
wide areas (Vacchiano et al., 2018). As a consequence, they are suitable
for a small area application only. Even though field measurement is
absolutely essential for calibrating dendrometric/hypsometric models
and assessing results (Galidaki et al., 2017), remote sensing could be a
useful support for forest planners. In fact, biomass estimation by remote
sensing, in addition to reduce the field work, offers continuous and
consistent estimates at multiple scales (Fang et al., 2019).

* Corresponding author.

Nevertheless, estimates of forest biomass based on remote sensing
can generate inconsistent results mainly due to the lack of a direct
relationship between spectral signal and biomass, especially in broad-
leaved forests and for coppices stands, where the relationship between
stem and foliage mass is inherently different than in high forests (Vac-
chiano et al., 2018). Moreover, the value of remote sensing data to es-
timate forest parameters such as DBH, AGB (above ground biomass),
carbon stocks, tree height and density has been demonstrated (Morin
et al., 2019). Many studies dealings with both climate change and sus-
tainability of forest management based on remotely sensed data can be
found in literature (Dube et al., 2016; Monserud 2003; Bravo et al.,
2008).

Many of them propose different methods for the estimation of forest
biomass-related features and a wide variety of approaches have been
used relying on optical, LiDAR (Light Detection And Ranging) and radar
data; they include parametric (e.g. regression models) and non-
parametric approaches such as K-Nearest Neighbour (K-NN) and
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Fig. 1. Study area location and forest types. Reference system is WGS84 UTM 32N.

Random Forest estimator, Artificial Neural Network (ANN), Support
Vector Machine (SVM), Maximum Entropy (MaxEnt, (Fassnacht et al.,
2014; Lu et al., 2016). Non-parametric approaches, recently, have
become more prevalent due to their higher potential to identify un-
known complex nonlinear relationships (Haywood et al. 2018). Within
this context, optical images from medium-high resolution satellite mis-
sions are widely employed due to their accessibility, affordability and
readiness to use (Dube et al., 2016). The importance of the SWIR (short
wave infrared), NIR (near infrared) and Red Edge bands for stand pa-
rameters estimation (e.g. AGB, BA and V) is well known from literature
(Chrysafis et al., 2017). It was also observed that the green band is a

good predictor for the BA and growing stock volume (Astola et al.,
2019). In some studies, native spectral bands are used to calibrate
empirical regression models for biomass estimation (Vacchiano et al.,
2018; Zhao et al., 2016); in others, vegetation indices are used trying to
better synthesize complex information (Freitas et al. 2005; Pandit et al.
2018). In other works, optical data were jointly used with LiDAR or
radar ones (Jiménez et al., 2017; Morin et al., 2018; Wittke et al., 2019)
or, alternatively, with reference to topographic parameters, such as
altitude and slope (Goncalves et al., 2019). Additionally, repeatability of
satellite acquisitions permits multitemporal analysis of forests making
possible to improve single acquisition deductions (Mura et al., 2018).

Plots
* Conifers
® Broadleaves

0 25 5km
-

350000

325000

Plots
® Training set
Validation set

Al g

0 25 5km
| |

350000

325000

Fig. 2. (a) Ground-plots location within conifers and broadleaves stands; (b) Training and test sets location over the study area. Reference system is WGS84

UTM 32N.
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Concerning accuracy of estimates, radar-based methods appear to be
efficient on a large area analysis, but suitable for homogenous stands
only (Dittmann, Thiessen, and Hartung, 2017); they also prove to
saturate in forest characterized by a high level of biomass (Dube et al.,
2016). Otherwise, LiDAR based approaches appear to be the most effi-
cient and accurate ones for medium sized area applications. Differently,
multispectral imagery appears to be appropriate for large area moni-
toring (Naik et al. 2021). Unfortunately, in general, satellite optical data
generate a coarse estimation of homogeneous stands, and some further
limitations can be observed in mountain regions (Dittmann, Thiessen,
and Hartung, 2017).

Within these premises, in this study an approach based on open-data
(multispectral satellite images and LiDAR data) was developed in order
to assess private forest wood resource in Piemonte Region (NW- Italy).
Ordinary, in Italy private forests are characterized by low economic
value due to poor timber quality generated by no silvicultural man-
agement. Piemonte Regional Forestry Plan (NW Italy) recognizes a lack
between wood harvesting cost and resulting timber low market value
(Rizzo et al., 2019; Nocentini 2009). Within this economic issue, costs
are expected to be possibly reduced if forest biomass estimation is
supported by remote sensing; this would limit the ordinary workflow
where required field surveys and difficulty in areas accessing determine
high costs, mainly related to time consuming (Lu 2006). Therefore,
authors present a possible methodology for the estimation of BA and V of
private forest stands in the study area, with the aim of supporting their
management by the High Susa Valley Forest Consortium (hereinafter
called CFAVS). Methodology relies on freely available satellite imagery
from the Copernicus Sentinel-2 mission and Regional low density LiDAR
data; processing is based on Multi-layer Perceptron - MLP (Rumelhart
et al. 1985), artificial neural network (ANN) trained and validated with
respect to ground data from 285 surveyed plots.

2. Material and methods
2.1. Study area

The study area is located in Susa Valley (Italian North-Western Alps),
within the territory managed by the CFAVS including the municipalities
of Bardonecchia, Cesana Torinese, Claviere, Exilles, Oulx, Salbertrand,
Sauze di Cesana, Sauze d’Oulx, Chiomonte, Gravere and Giaglione (NW
Italian Alps - Fig. 1). The study area sizes about 69,150 ha and altitude
ranges between 600 and 3200 m above mean sea level; climate is con-
tinental (Peel et al., 2007). According to the available regional forest
types map (Camerano et al., 2017), forested areas cover about 30,973
ha, the 30% are private forests, with a prevalence of conifers 79% of the
total forested area (mainly: larch, scot pine, silver fir). The remain 21%
are broadleaves (mainly chestnut, beech and associations of maple, ash
and linden).

2.2. Available data

2.2.1. Ground data

In order to calibrate and validate the proposed method, 285 circular
plots (radius = 15 m) were surveyed; 148 out of them were dominated
by conifers, 137 by broadleaves (Fig. 2a). For each plot all trees having
diameters greater than 7.5 cm were considered and DBH, BA and V were
collected. The latter was estimated adopting the local double-entry tree
volume table of the CFAVS for Abies alba (Mill.) (silver fir), Picea abies
(L.) (European spruce), Larix decidua (Mill.) (European larch) and Pinus
cembra (L.) (Stone pine) and the double-entry tree volume table for the
Fagus sylvatica (L.) (European beech) (Nosenzo 2008). For the other
species the equations of the Carbon National Forest Inventory
(INFC2005) were applied. Plot position was georeferenced in respect of
their central point that was surveyed by Trimble GeoExplorer GNSS
(Global Navigation Satellite System) receiver having an accuracy of
about 0.7 m after differential correction of C/A code measures recorded
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Table 1

S2 images (Level-2A) used for this work. The study
area is located between two S2 tiles (T32TLQ and
T32TLR) aligned along the same orbital path
(timely coherent).

D Date

1 June 19, 2018

2 July 29, 2018

3 August 28, 2018

4 September 27, 2018

with a time step of 5 s for more than 10 min. Finally, the 80% of the plots
was randomly selected constituting the training set that was used to
train ANN, while the 20% was used to test the basal area and volume
maps (Fig. 2b). All plots were located in private stands and were equally
distributed in respect of the main forest classes to ensure a similar
representativeness during procedure calibration and ANN training.

2.2.2. Sentinel-2 imagery

Four Sentinel 2 (S2) level-2A images were obtained from the Open
Data Hub of the EU Copernicus program. Level-2A data were provided
already orthoprojected into WGS84 UTM32N reference frame and cali-
brated at-the-ground-reflectance. One image per month was obtained
along the growing season concerning the period June-September 2018
(Table 1) in order to take care about temporal spectral variability and
improve BA estimation as highlighted by (Shang et al., 2019). Selected
images were those presenting the minimum cloud cover in the consid-
ered month. Sentinel 2 imagery has a spectral resolution of 13 bands
having different geometric resolution (GSD, Ground Sampling Distance).
In this work only the green (560 nm), red (665 nm), NIR (842 nm) and
SWIR1 (1650 nm) bands were selected in order to compute some spec-
tral indices useful to assess forest biomass status/density. The
previous-mentioned bands have a nominal GSD equal to 10 m for green,
red, NIR bands; 20 m for medium infrared one.

2.2.3. Lidar-derived data

To refine ANN estimates a low-density LiDAR dataset (L) obtained
from the Piemonte Region Cartographic Office was also used (http
://www.geoportale.piemonte.it). L dataset was acquired during the so-
called ICE aerial-photogrammetric survey (2009-2011) by LEICA
ALS50-II sensor (Leica Geosystems, 2006). Region Cartographic Office
provided also the digital terrain model (DTM) and digital surface model
(DSM) derived by a L processing. In particular, filtered LiDAR returns
were classified into “ground” and “not-ground” and were regularized
and provided by regional geoportal into DTM and DSM having nominal
GSD equal to 5 m. DSM height accuracy was 0.72 m as reported by
(Borgogno Mondino et al., 2016).

2.3. Data processing

2.3.1. Dendrometric models calibration

V and BA are silvicultural parameters used to measure the amount of
wood existing in a forestry stand. Nevertheless, BA proved to be more
strongly correlated with the spectral properties of canopy, since it only
depending on tree diameter that it is directly related to the size of the
canopy itself (Reis et al., 2018). For this reason, it was decided to focus
on BA in place of V as forest parameter possibly estimable by remotely
sensed data. V was derived in a second step from the estimated BA
adopting self-calibrated dendrometric models. The regression between
BA and V was tested with respect to available ground measures and the
relationship modelled by a 1st order polynomial (eq. (1)), making
possible to translate the map of estimate of BA into the correspondent
map of V.

V=aBA+b 1)
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Table 2
Spectral Indices formulae adopted where pGREEN, pRED, pNIR, pSWIR1 are the
reflectance at 560 nm, 665 nm, 842 nm and 1650 nm respectively.

Spectral Index Formula Reference

Normalized Difference NDVI = (pnir-PreD)/ Rouse et al.
Vegetation Index (NDVI) (PNIR+PRED) (1974)

Normalized Difference Water NDWI=(pGreen-pswir1)/ Xu (2006)

Index (NDWI) (PGREENTPswIRr1)

Where V is the wood volume (m®-ha™!) according to ground data, BA is
the BA (m? -ha™1) according to ground data and a, b are the regression
parameters estimated using ordinary least squares method. Two sepa-
rate dendrometric models were calibrated considering BA and V of co-
nifers and broadleaves.

2.4. Vegetation indices computation

Starting from S2 selected bands, two spectral indices were computed
for each image in the considered period, in particular the normalized
difference vegetation index (NDVI) and normalized difference water
index (NDWI) were selected and reported in Table 2. Final vegetation
index maps were generated and called: NDVI1, NDWI1, NDVI2, NDWI2,
NDVI3, NDWI3, NDVI4 and NDWI4 where 1, 2, 3, 4 are the month
acquisition i.e. June, July, August and September respectively. These
indices, in fact, proved to be correlated to forest stands density and
biomass (Barbachea et al. 2018). Mean index value was computed for
each surveyed plot in the training set by ordinary zonal statistics tools
performed in SAGA GIS 7.0 software (Conrad et al., 2015). These data
were used as inputs to design and train the MLP ANN dedicated to BA
estimation.

2.4.1. ANN-retrieved basal area

In order to produce the final map of estimated BA geometrically
consistent with the size of the plots, all vegetation index map were
downsampled from 10 to 40 m by average method. All downsampled
maps of indices were finally stacked in a single file to feed the trained
ANN and obtaining a map of BA estimate in every forested pixel of the
valley. With reference to the 4 downsampled images, the correspondent
4 NDVI and 4 NDWI maps were used as predictors (total layers adopted
was 8) of BA within a MLP ANN. ANN training set and test set were
obtained coupling the above-mentioned averaged measures of NDVI/
NDWI within the surveyed plots (inputs) with the correspondent BA
values computed, for the same plots, from ground measures. Conifers
and broadleaves plots were processed separately and two different ANNs
trained.

To find a configuration matching a reasonable accuracy of estimates,
a self-developed routine was implemented in MATLAB R2018b (Bor-
gogno Mondino, Giardino, and Perotti 2009; Lessio, Mondino, and Alma
2011) based on the Neural Network Toolbox. The routine is in charge of
testing iteratively different ANN configurations by varying selectively
the number of neurons in the hidden layer; for each architecture the seed
for weights initialization is changed for a number of times depending on
user (one of the routine parameters). It stops when an appropriate ac-
curacy level for the estimates of the BA is found. When both of them are
found to be lower than the reference thresholds (the user has to set them
up) ANN is assumed as properly trained and, consequently, used to
generate estimates of BA in the whole area. During iterations, the
number of inputs is maintained fixed. ANN training algorithm is an or-
dinary back-propagation one, based on the Levenberg-Marquardt
approach. Accuracy test is operated with respect to relative mean ab-
solute error of training set (rMAErg) and relative mean absolute error of
test set (rMAErst - eq. (2)) and were used as performance parameter to
stop ANN training repetitions.
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Fig. 3. Final configuration of the trained MLP ANN: 8 inputs and 2 neurons in
the hidden layer. This configuration proved to be the best performing one for
both confers and broadleaves.
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where MAETR(t) and MAEsr(t) are the Mean Absolute Error (Willmott
and Matsuura, 2005) of BA computed at the generic training t-th itera-
tion for the training and test set, respectively; BArsr and BArg are the
mean BA values for the training and test set, respectively. During
training the number of neurons was iteratively changed from 2 up to 6,
and, for each ANN design, 10 runs were launched with different random
initial weights; the hyperbolic tangent and the linear function were set
as transfer functions for the hidden and output layer, respectively and
the Levemberg-Marquardt parameter was set to 0.001. After some pre-
liminary tests, authors fixed the following ANN performance thresholds
to drive the training: rMAErg = 18% and rMAErst = 20% for conifers
and rMAETR = 25% and rMAErst = 30% for broadleaves. For both co-
nifers and broadleaves, ANN configuration satisfying the above con-
straints proved to require 2 neurons and a single hidden layer (Fig. 3).

Once the ANN was successfully trained, a BA map was computed
having 40 m resolution for both conifers, BA(CX ) and broadleaves

BA(, -
2.4.2. Forest volume map

Starting from BA(CX 9 and BA?X‘y) and adopting the above-mentioned
dendrometric models two maps of V were generated and then mosaicked
to obtain as single map of V, V), to be used by forest managers in
planning future actions. A preliminary qualitative evaluation made by
forest managers of CFAVS highlighted some criticalities in V() espe-
cially in steepest areas or in anomalous forest stations where specific
availability of ecological resources (e.g. light, water, soil, fertility)
strongly affect V. Therefore, some correcting factors was estimated and
mapped in order to improve V estimates.

Slope Correcting Factor. The errors induced by steep areas were
probably related to the satellite acquisition geometry that, recording the
projection of the slope onto the horizontal, if not properly compensate
for using an accurate DTM, induces an overestimation of V. To refine
estimate, V/,,) was therefore corrected with the slope correcting factor
(SCF) calculated according to (eq. (3)) where that slope value (S, - in
radians) was computed from the LiDAR-retrieved DTM.

SCF ) = cos (S(w)) 3
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Fig. 5. Relative weights of predictors as resulting from the trained MLP ANN for conifers (left) and broadleaves (right).

Forest Height Correcting Factor. V|, estimate was generated with no
regards about the different levels of local fertility in the different stands.
Consequently, another correction was applied to refine V|, taking care
of this issue, too. A grid difference between DSM and DTM were
computed in order to retrieve the canopy height model (CHM,))
mapping local tree high. Finally, CHM|,,, was resampled at the same
resolution of Vi, (i.e. 40m) and a map of height anomalies, ha,y,), was
generated according to eq. (4).

CHM )

ha.y) = “

Heum
Where CHM|y, is the local tree height value, ycy, is the tree height
mean value of the considered forest class (conifers and broadleaves)
mapped according to forest map of the study area. The final V refined
map, V(rify), was obtained by equation (5).

V"ff

(xy

) = ha(ey) - SCF(ey)- Viey) )

2.4.3. Validation

Absolute frequency distributions of V(rfc{y) in the private forests for
both conifers and broadleaves were computed. Moreover, a comparison
between V(r;fy) and V|, was performed by grid difference (sz(f_w -
Vixy)) aiming at assessing the improvements induced by correcting
factors application (hereafter called AV). Finally, the relative MAE

(rMAE) was computed using the test set in order to quantify the un-
certainty of BA and V estimates.

3. Results
3.1. Dendrometric models

Two dendrometric models were calibrated involving ground data. In
particular, BA and V (independent and dependent variable respectively)
for conifers and broadleaf trees were separately considered. The
regression parameters and defined models were reported in Fig. 4.

The determination coefficient for conifers was about 0.9 while 0.94
for broadleaves highlighting the well fitting between BA and V. These
models were subsequently adopted using ANN-retrieved BA as inde-
pendent variable and V as dependent one.

3.2. ANN-retrieved basal area

Two MLP ANNs were trained separately to generate estimate of BA
using the NDVI and NDWI average values from plots computed for the 4
selected images for a total of 8 as ANNs inputs. Fig. 5 shows the relative
weights of each input used to design the ANN. It can be noted that: a) for
conifers, NDWI seems more affects BA estimates than NDVI and, spe-
cifically, the observations at the beginning (June) and end (September)
of the growing season are crucial; b) for broadleaves, NDVI and NDWI
values at the starting of season seem to be more important in respect of
the other acquisitions; conversely, values recorded at the end of season
seem to be more negligible.

Successively, trained ANNs were used to generate 2 BA maps for both
conifers (BA(CX _y)) and broadleaves (BA?X y)) over the whole area.
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3.3. Forest volume map accuracy

To translate BA estimates into the correspondent V one, dendro-

metric models were applied resulting into new maps
(Vg(y>andvg(y)).BAg(y>,BA?x )’ V(Cx_y),fow, that were finally mosaicked

(Fig. 6a and b respectively) to generate a single map of BA,,)and V|
having GSD equal to 40 m.

According to eq. (5), V(x,) was refined to take care about local slope
value and local fertility (Fig. 7a and b).

The mabp of refined volume, V(;{y) (Fig. 8a), AV map (Fig. 8b) and its
pixels distribution (Fig. 8c) are reported in Fig. 8. It can be highlighted
that in general V|, overestimated forest volume, in fact the 80% AV
pixels ranging from 0 to —120 m® ha~!. In particular, this over-
estimation is located in the endalpic and mesalpic parts of the valley
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(South-Western part of the study area) where many conifers are present
(Fig. 1). While the esalpic zone of the valley (North-Eastern part of study
area) has AV values ranging from ranging from 0 to 70 m> ha~!. This
zone is mainly characterized by the presence of broadleaves.

Since AV map represent a relative comparison of V estimates pre-
and post-application of correcting factors applied to ANN regression, to

of
test the accuracy of proposed method, BA,), V(xy and szfy) mean

values were computed at each plot in the test set and finally rMAE was
calculated to give an accuracy metric of our deductions. BA rMAE for
conifers was found equal to 16.3% while for broadleaves equal to 26.9%,
denoting worst BA,,) estimates in broadleaves probably due to the
lower fit between spectral measures and biomass. For how to concern
the V estimates, rMAE before and after correcting factors application
was reported in Table 3.
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Fig. 6. (a) BA (x,y) map resulted from ANN-based estimation; (b) V (x,y) resulted from dendrometric models’ adoption. Reference system is WGS84 UTM 32N.
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Fig. 7. (a) SCF(x,y) map of slope correcting factor; (b) ha (x,y) map of forest height correcting factor. Reference system is WGS84 UTM 32N.
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Table 3
rMAE of BA(xy), V(xy) and V('fy) estimates involving test set.

tMAE BA,, ) rMAE V., rMAE ViJ,
(xy
(%) (%) (%)
Conifers 16.29 26.12 24.48
Broadleaves 26.92 62.62 49.29

4. Discussions

It can be highlighted that the adoption of ha(,, and SCF,,) deeply
improved the V estimation, especially for the broadleaves. In fact, tMAE
of conifers slightly decreases from 26.12% to 24.48%, otherwise, the
broadleaves one had a very high improvement, moving from 62.62% to
49.29%. These results confirm that the incorporation of open auxiliary
data, such as LiDAR and topographic information, can significantly
improves the estimates obtained by the ANN. Similar results were ob-
tained by Deb et al., (2017) that proved the superiority of ANN in respect
of other models in terms of statistical significance and reliability
assessment measures for ABG mapping. Moreover, Deb et al. proved that
the adoption of LiDAR data was recommended for very high precision

modelling in ANN for a wide area study improving ANN estimates.

It is worth to highlight that these accuracies are in general low.
Nevertheless, similar results were reported by many authors that
adopted Sentinel-2 or Landsat-8 imagery to estimate BA or V denoting
an intrinsic limitation of multispectral data adoption for forest biomass
estimation (TSITSI 2016; H Nguyen et al., 2020; Laurin et al., 2018;
Boyd and Danson 2005). For example: Ahmadi et al., (2020) found a
RMSE% 10% concerning BA estimation. Moreover, for how to concern
V, Chrysafisa et al. (Chrysafis et al., 2019) found a RMSE% ranging from
30% to 50% according to the Sentinel-2 acquisition period over Greece
alps. In spite of these errors, remote sensing-based regression models
remain the only reliable and available tools to estimate and map wood
volume over wide areas especially while working with private stands
where their low economic values do not allow active silvicultural
management. Finally, some statistics concerning the distribution of final
volume Vz{y)) in the area were reported in Fig. 9 for both conifers and
broadleaves stands.

In the analysed private forests, conifers volume appears to be more
homogeneous, while broadleaves one clearly shows a bi-modal behav-
iour suggesting that two significantly different groups of trees are
populating the area. In particular, this broadleaves volume distribution
is probably linked to a peculiar phenomenon of the Italian mountain
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Fig. 9. (left) relative frequency distribution of V(’f;) over conifer stands; (right) relative frequency distribution of V('fy) over broadleaves stands in private forests of

Susa valley.

region, especially related to private forests. In fact, there are several
agricultural areas that were been historically cultivated and during the
last decades abandoned which were colonized by woods (i.e. maples and
ash) due to a management absence (Minotta and Degioanni 2011).
Specifically, these relatively young forests could be related to the first
peak in the broadleaves volume distribution while second peak could be
related to older stands. Differently, conifers stands are more homoge-
neous and also their management is not significantly changed in last
years. These results show that S2 and open data can effectively support
the wood volume mapping in private forest. In fact, traditional field
measurements, based on sampling plots, are certainly accurate, but
time-consuming and expensive, additionally, such an approach cannot
provide a wall-to-wall estimate of measures over large areas. Otherwise,
the proposed method, based on model calibration involving few ground
data and satellite observations can certainly reduce costs compared to
in-depth field surveys, which, intuitively, would require many field
surveys (Fassnacht et al., 2014). Especially, while working with private
forests, these characteristics allows the constitution of a rough tool
giving an estimation of potential economic value of private forests that
ordinary is not deeply explored.

5. Conclusions

In this work a methodology for estimation of BA and wood volume of
private forest stands over wide areas located in mountain regions was
proposed. Results were expected to support forest management by
technicians of the High Susa Valley Forest Consortium decreasing
ground survey-related costs, thus enhancing the final economic values of
private stands.

The proposed methodology relies on freely available satellite imag-
ery from the Copernicus Sentinel-2 mission and low-density LiDAR data;
processing is based on Multi-layer Perceptron artificial neural network
trained and validated with respect to ground data. Results show that BA
estimation has accuracies (rMAE) lower than 28% that are consistent
with those expected from the forest sector purposes. It was proved that
accuracy of BA estimates is significantly different for conifers (about
16%) and broadleaves (about 26%). V was obtained by 1st order poly-
nomial regression from BA estimates and successively refined taking
into account local stands height (deduced from LiDAR data) and
mountain slope steepness. Final uncertainty (rMAE) of V estimates
resulted 24% for conifers and 49% for broadleaves. With reference to
these values a map of BA, BAy,), and V, V('f(’;), were generated to be used
in future forest planning by CFAVS technicians with the aim of locating
forest stands characterized by higher level of wood biomass and that
could be potentially harvested. The methodology proved to reduce field
work and therefore the related costs. Moreover, for the first time an
estimate of BA and V is given for those areas that usually are not
managed, such as the private properties that could be deeply enhanced
by such tools.
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