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ABSTRACT

The objective of this research is to test and evaluate hyperspectral and lidar data to derive information on tree species dominance and above ground biomass in the
Biatowieza Forest in Poland. This forest is threatened by climate change, fire, bark beetles attacks, and logging, with changes in species composition and dominance.
In this conservation valuable area, the monitoring of forest resources is thus critical.

Results indicate that vegetation indices from hyperspectral data can support species dominance detection: using a Classification and Regression Trees algorithm
the three main plot types (dominated by Deciduous, Spruce, and Pines species) were classified with an Overall Accuracy > 0.9. The accuracy decreased when a
‘Mixed’ group was added to account for very heterogeneous plots, and plots dominated by Spruce were not correctly detected. Hyperspectral vegetation indices were
also used to estimate the level of species dominance in the forest plots, using a Multivariate Multiple Linear Regression model; the obtained accuracy varied according
to groups, being higher for Deciduous (R? = 0.87), compared to Pines (R? = 0.61), and to Spruce-dominated plots (R% = 0.37).

Lidar data were employed to estimate above ground biomass, using an exponential regression model; overall the R? resulted equal to 0.66 but ranged from 0.57 to
0.78 when considering subgroups according to species dominance; the addition of hyperspectral vegetation indices improved the result only for Pines.

The illustrated methods provide a reliable description of important forest characteristics and simplify resource monitoring, supporting local authorities to address

the challenges imposed by climate change and other forest threats.

1. Introduction

Active conservation and management is a requirement for main-
taining forest resources, and linking knowledge to action helps to face
environmental change, providing conservation solutions. To this end,
resource monitoring and robust ecological data are needed (Larson
et al., 2013).

Stand delineation and species composition estimation are con-
sidered key data to support forest inventory and mapping, as well as
forest management decision making (Leckie et al., 2003). Changes in
forest species composition may results in changes in the whole eco-
system and its biodiversity, as evidenced in eastern United States after
that bark beetles altered the forest soil chemistry (Arthur et al., 2017);
or in China where changes in species composition and community
structure caused impacts on above ground biomass and soil carbon
density (Hu et al., 2015); and also in the Bialowieza Forest in Poland,
where different intensity of stand management practices impacted birds
(Czeszczewik et al., 2015) and beetles (Jaworski et al., 2019) species
composition and abundance. Species-level and forest type information
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is also critical for sustainable forest management (SFM), the main ap-
proach in forest policy in Europe, that is assessed by various indicators
including forest type and species/dominance information (Barbati
et al., 2014).

Above ground biomass (AGB) is a fundamental parameter for
carbon accounting and reporting, and for timber production; links to
biodiversity conservation are also well-known (Barlow et al., 2016;
Cheng et al., 2018; Verkerk et al., 2014). Climate change can negatively
impact AGB, as reported in China forests (Zhang and Liang, 2014); or in
United States forest, according to climate change scenarios (Wang et al.,
2017). In European forests increased extreme weather events, such as
prolonged drought or storms and floods, have clear impacts on carbon
sequestration capacity (Lindner et al., 2010).

Remote sensing plays a relevant role in providing forest information
thanks to its ability to extrapolate point data to larger extents, re-
presenting a fundamental tool to monitor vast areas (Chirici et al.,
2020). Hyperspectral sensors are well suited to collect species level
information: with hundreds of radiometric fine bands, each re-
presenting a tiny portion of the electromagnetic spectrum, this sensor
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Fig. 1. The Bialowieza Forest: areas with different protection and management status and distribution of the field plots used in the research.

allows the extraction of reflection characteristics of different species
(Lucas et al., 2008). Hyperspectral data were successfully employed to
discriminate among different species groups or ecological units and
guilds in temperate forests (Schull et al., 2011; Treitz and Howarth,
2000), and in tropical forest (Vaglio Laurin et al., 2016). However,
species classification can still remain a challenge, especially in dense
forest stands with high species intermixture (Heinzel and Koch, 2012;
Modzelewska et al., 2020).

Forest type classification could also be achieved using satellite data
with improved spectral capability such as Sentinel 2, without recurring
to costly hyperspectral data (Puletti et al., 2018; Vaglio Laurin et al.,
2016), as also demonstrated in the Polish Carpathian mountains
(Grabska et al., 2019). However, the prediction at fine spatial scale of
canopy biodiversity, of vegetation associations, or of level of

dominance of species or guilds, requires the use of hyperspectral data
(Asner and Martin, 2009; Leutner et al., 2012; Vaglio Laurin et al.,
2014a, b; Modzelewska et al., 2020).

Lidar (light detection and ranging) usually generates highly accu-
rate biomass estimates, thanks to its ability to provide detailed vertical
forest structure information and based on the strong links occurring
between forest height and density, and tree biomass (Chirici et al.,
2016; Vaglio Laurin et al., 2017). Several studies were developed to
estimate AGB in temperate forests, including in mixed stands in Ger-
many (Latifi et al., 2010, 2015) and in Czech Republic (Brovkina et al.,
2015). Joined lidar and hyperspectral data use was also previously
investigated, e.g. in northern Italy (Vaglio Laurin et al., 2017), and in
the western Carpathians forests (Brovkina et al., 2015). Combining data
from different sensors can be an advantage for forest characterization,
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because of the complementarity of the information content (Koch
2010). This is the case of tree species mapping, when the spectral in-
formation is merged with the structural information from lidar
(Dalponte et al., 2008; Jones et al., 2010); or AGB estimation, when
hyperspectral data added to lidar metrics result in an increase of pre-
dictions accuracy (Anderson et al., 2008; Vaglio Laurin et al., 2014a, b).

Field data on AGB are usually collected in plots and are fundamental
to validate the models used to create biomass estimations. The impact
of the plot size in the accuracy of the estimates was investigated also in
temperate European forests (Maleki and Kiviste, 2015; Sterenczak et al.,
2018a). Small plots are commonly affected by the edge effects caused
by trees standing near the plot border and having part of them (e.g. the
crown) inside and part outside the plot. Sometimes field data are col-
lected in small plots for other purposes: when small plots represent the
only available information, procedures to artificially enlarge it applying
a buffer around the edge might be of help, if the area can be assumed as
sufficiently homogeneous (Maleki and Kiviste, 2015; Stereniczak et al.,
2018b).

The objective of this research is to test and evaluate the use of
airborne hyperspectral and lidar data, separately and jointly, to derive
critical information on stand species dominance and AGB in the
Bialowieza Forest in Poland. This information is urgently requested as
Bialowieza Forests (BF) resources are threatened by different factors
including: fire (Szczygiet et al., 2016; Szczygiel et al., 2018); recurrent
bark beetles attacks (Sterenczak et al., 2019) promoted by climate
warming (Boczon et al., 2018); and recent logging activities (Zmihorski
et al., 2018). BF is also facing accelerated changes in species compo-
sition and dominance, caused by human-induced and natural dis-
turbance, such as bark beetle invasions and consequent dieback of se-
lected species, with expansion of their competitors. In recent years the
BF area registered important spruce (Picea abies) and ash (Fraxinus
excelsior) dieback, with hornbeam (Carpinus betulus) expansion
(Miscicki, 2016; Cholewinska et al., 2018).

2. Methods
2.1. Study area

The Bialowieza Forest UNESCO World Heritage site is one of the
oldest European forest. It is located at the Poland - Belarus border and,
with an extent of 141,885 ha of forest —partly primeval- and a buffer
zone of 166,708 ha, represents an invaluable conservation area and the
remaining part of the vast primeval forest that once covered central
Europe. The BF includes lowland conifers and deciduous species, with
presence of very old trees and extensive undisturbed areas rich in
deadwood; it hosts 59 mammal, over 250 bird, 13 amphibian, 7 reptile
and over 12,000 invertebrate species, and it is home to the largest free-
roaming population of European Bison. The forest benefits from legal
protection in both countries, and includes an area in which stands are
actively managed, a forest reserve, and a national park. This, and ad-
ditional information on BF, is provided by Kujawa et al. (2016). This
study was carried out on Polish part of Bialowieza Forest (Fig. 1) which
covers approximately 62 000 ha.

2.2. Remote sensing and field data

Remote sensing and field data were collected through the
LIFE + ForBioSensing project over the entire Polish part of the BF
UNESCO World Heritage site. The LIFE + project started in 2014 with
the purpose to develop and apply an innovative monitoring approach,
providing comprehensive illustration of forest stands dynamics, and
moving from point or plot level to large scale monitoring to improve the
efficiency of management strategies.

In 2015, 685 circular plots of 500 m? (12.62m radius), randomly
distributed throughout the Polish part of BF according to a stratified
random sampling design, were set up. Height, diameter at breast height
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(DBH), and species information were recorded, and AGB was computed
at tree level according to regional allometric models (Cienciala et al.,
2008; Socha and Wezyk, 2004; Tabacchi et al., 2011). The original size
of the field plots was designed for field-based monitoring purposes, but
such size is of limited usefulness when linking to remote sensing data,
as large tree crowns (r > = 8) cause important edge effects. To over-
come this issue, the size of field plots was artificially increased using
lidar data and following the method proposed by Sterericzak et al.
(2018b), that defines homogeneous patches as areas with similar forest
structure according to ALS data. Thus, ALS-based height and density
metrics were computed for the 685 plots, and for neighbouring areas of
500 m? pixel size. The difference in ALS-based metrics between plots
and neighboring areas was computed, retaining only those plots for
which this difference resulted below a 10 % threshold. The radius of
these plots was increased up to 25 m, obtaining 100 plots (14.6 % of the
total) of 1962.5m?, characterized by similar height and density with
respect to the original ones and located in small forest patches intern-
ally homogeneous. The AGB values computed for the original small
plots were increased proportionally to the new area. Species dominance
information from original plots was also increased proportionally to the
area, after checking the homogeneity in composition through the map
developed by Kaminska et al. (2018), based on ALS and orthophotos
data analysis. The occurring species were partitioned in three groups:
Deciduous (main deciduous species); Pines (mainly Pinus sylvestris); and
Spruce (Picea abies only). A dominance group was assigned when the
individuals of a group represented more than the 60 % of the in-
dividuals recorded in the plot; when this threshold was not reached the
plot was labeled as Mixed.

In July 2015 an airborne survey collected hyperspectral images and
Airborne Laser Scanning (ALS) data in strips covering all the BF plots,
allowing the extraction of the corresponding information over the 100
plots.

Hyperspectral data were acquired with HySpex VNIR-1800 (Ground
Sampling Distance (GSD) - 2.5m) and SWIR-384 (GSD - 5m) sensors,
and were radiometrically corrected. Even if the topography of the area
is gentle, data were geometrically corrected using a Digital Terrain
Model derived by ALS data. Atmospheric correction was performed by
MODTRANS5 model in ATCOR4 (Richter and Schlipfer, 2019) and ap-
plying a spectral smoothing filter (Persson and Strang, 2003). Shadows
were manually masked, and VNIR and SWIR bands were stacked and
resampled at 2.5 m spatial resolution. Hyperspectral pixels having > 60
% of area included in the plot were extracted. Vegetation indices were
computed using the vegetation analysis tool available in ENVI software
(Exelis Visual Information Solutions. 2010. Whitepaper: Vegetation
Analysis: Using Vegetation Indices in ENVI. Boulder, Colorado). Within
the plots, for each band and vegetation index, minimum, maximum,
mean, median, coefficient of variation, and standard deviation were
computed.

The ALS point cloud was collected using a full-waveform Riegl LMS-
6800i sensor at 500 m altitude, with average density equal to 7 points/
m?, + 30° maximum scan angle, and footprint size equal to 0.25 m. 135
individual flight lines were collected with 40 % overlap. Data classifi-
cation was conducted in Terrascan software and data processing in R
statistical package, to obtain Canopy Height Model and a Digital
Terrain Model rasters, resampled at 0,5 m spatial resolution. The forest
metrics included in Table 1 were extracted at plot level using the
rLIDAR package (R Development Core Team, 2019). The metrics were
extracted from lidar pulses filtered above different heights from the
ground, with the purpose to exclude the influence of the dense forest
understory.

2.3. Data analysis and techniques
A Pearson correlation analysis was used to select the hyperspectral

vegetation indices and bands mostly correlated with the percentage of
dominance of Deciduous, Pines and Spruce species occurring in the
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Table 1
Plot level height metrics derived from the LiDAR dataset.

Metric Metrics

All returns

All returns above 1 m height
All returns above 2 m height
All returns above 3 m height
First returns above 2 m height

Maximum and average tree height
Average tree height
Average tree height
Average tree height
Maximum and average tree height

plots.

A Classification And Regression Trees (CART) approach, with hy-
perspectral data as input, was used to classify the plots in the following
‘dominance’ groups: Deciduous, Pines, Spruce, and Mixed. Then, a
Multivariate Multiple Linear Regression (MMLR) technique was used to
predict at plot level the percentage of dominance of each group. Finally,
an exponential stepwise regression model was applied to predict above
ground biomass using lidar metrics, and also testing the addition of
hyperspectral inputs. All the different models were validated with leave
one out approach (LOO), a special case of k-fold cross validation, that
was selected considering the limited number of samples in certain ve-
getation groups.

CART decision tree is a non-parametric machine learning model for
regression and classification problems (Breiman et al., 1984). To find
solutions, a decision tree makes sequential, hierarchical decision about
the outcome variable based on the predictor data. CART extracts sub-
groups of observations within which the explanatory variables are re-
latively homogeneous, and between which the response variable is re-
latively distinct. Advantages in CART use include: the ability to handle
both numerical and categorical data; the use of a white box model in
which explanations for the observed condition are provided by Boolean
logic; the possibility to validate models by means of statistical tests; no
assumption made on training data or prediction residuals; the efficiency
in large dataset analysis; the robustness against collinearity; and the in-
built feature selection that removes irrelevant predictor features.

MMLR is used to model the linear relationship between more than
one independent variable and more than one dependent variable. It
regresses each dependent variable separately on the predictors, initially
producing different and separate models with related responses.
However, the covariance among predictors needs to be taken into ac-
count when determining their contribution. This is done with multi-
variate analysis of variance, meaning that modified hypothesis tests are
used to determine whether a predictor contributes to a model (Fox and
Weisberg, 2011; Johnson and Wichern, 2007). Computationally, MMLR
gives the same coefficients, standard errors, t-and p-values and con-
fidence intervals as one would estimate with individual multiple linear
regression for each of the dependent variables. When a correlation
structure among the dependent variables is present, a single multi-
variate regression is more efficient than regressions analyses for each
dependent variable separately (Breiman and Friedman, 1997).

In above ground biomass regression, a stepwise procedure was used.
In regression modeling, the stepwise procedure is a method of fitting in
which the choice of predictive variables is carried out by an automatic
procedure; in each step, a variable is considered for addition to or
subtraction from the set of explanatory variables (Hocking, 1976).
Different criteria can be used to include or not the variable including F-
tests or t-tests, adjusted R?, Akaike information criterion, Bayesian in-
formation criterion. The following flowchart summarizes the metho-
dological approach (Fig. 2).

3. Results
3.1. Dominance groups and hyperspectral data

Applying the > 60 % threshold to field records, the 100 plots re-
sulted dominated by the following species/groups: Spruce (Picea abies)
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7 plots; Pines (all Pinus species) 21 plots; Deciduous (all deciduous
species) 50 plots; and Mixed (no species/groups over the 60 %
threshold) 22 plots.

The percentage (or level) of dominance in the plots was correlated
with hyperspectral bands reflectance and vegetation indices values.
Only the three indices mostly correlated with each of the vegetation
groups were retained for further analysis, and are the indices presented
in Table 2. In fact, even though the correlations are influenced by plot
number per group, the results are similar for indices and bands. This
suggested the use of vegetation indices for testing, as they facilitate data
analysis by reducing the number of variables without losing informa-
tion, and allowing future comparisons with data collected from other
Sensors.

The retained vegetation indices provide information on vegetation
senescence (CAI), photosynthetic activity (MRENDVI, MRESR, TVI,
MTVI2, TCARI), and water content (NDWI and NDMI).

For classification and regression purposes, four indices were em-
ployed to reduce multicollinearity: CAI, MRESR, TCARI and NDMI. The
Cellulose Absorption Index (CAI, Daughtry, 2001) is based on the
shortwave infrared range and informs on dry carbon that is present in
large amounts in woody materials and senescent/dead vegetation. The
Modified Red Edge Simple Ratio (MRESR, Sims and Gamon, 2002) and
Transformed Chlorophyll Absorption Reflectance Index (TCARI,
Haboudane et al., 2004) report on photosynthetic activity, exploiting
narrowband red and near-infrared reflectance (including the red edge
transition from chlorophyll absorption to near-infrared leaf scattering);
these indices are sensitive to the combined effects of foliage chlorophyll
concentration, canopy leaf area, foliage clumping, and canopy archi-
tecture. The Normalized Difference Moisture Index (NDMI, Gao, 1995)
is based on near-infrared and shortwave infrared reflectance and ex-
ploits the known water absorption features and the light penetration
depth to make integrated measurements of total column water content.

3.2. Classification according to dominance groups

CART, with vegetation indices as input, was used to perform the
classification of plots into three (Spruce, Pines, and Deciduous) and four
(Spruce, Pines, Deciduous, and Mixed) classes. Prior to classification, to
avoid introducing strongly correlated inputs, Pearson correlation values
were computed among the indices in Table 2, to retain only those with
correlation values < |0.5|, and namely: Cai_max, Mresr_max, Ndmi_sd,
and Tcari_median (Fig. 3).

The classifications were validated with Leave-One-Out (LOO) pro-
cedure. Tables 3 and 4 report the confusion matrices, the overall ac-
curacies, and the average variable importance of the input features.

Both classifications produced high overall accuracies, but the ad-
dition of the Mixed group increased the task difficulty. Specifically, the
Spruce group was not predicted at all, due to confusion with Pines and
Mixed groups, that might be the result of the spectral similarity and the
limited number of samples in the Spruce group. The order of im-
portance of the input variables remained the same with 3 or 4 groups,
with Tcari_median being the most important input.

3.3. Estimate of dominance levels

To estimate the level of dominance in the plots, a Multivariate
Multiple Linear Regression model was set up for the Deciduous, Pines
and Spruce groups, after checking the linearity of the relationships
between the groups and the considered vegetation indices.

Information on the level of dominance can be relevant, as a plot
dominated for 95 % by a certain species/group can be ecologically quite
different from a plot dominated at 65 % level. The four vegetation in-
dices used for CART classification were used as inputs (Cai_max,
Mresr_max, Ndmi_sd, and Tcari_median), allowing second order poly-
nomials in the model. According to MANOVA test results, all the terms
resulted significant except ‘CAl_max"2’, that was excluded. The model
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Fig. 2. Flowchart of the methodological approach.

Table 2
Hyperspectral vegetation indices considered in this study. The Pearson correlation values are reported for the three indices and the three bands mostly correlated
with the percentage of dominance in the Spruce, Pines, and Deciduous groups.

Dominance Veg. Index Pearson r Band Pearson r
Class
Spruce CAI_max (Daughtry, 2001) 0.89 80max (666.7 —670.5 nm) 0.90
(7 plots) MRESR _max (Sims and Gamon, 2002) 0.88 81max (669.9 —673.7 nm) 0.89
MRENDVI_max (Sims and Gamon, 2002) 0.87 79max (663.6 —667.4 nm) 0.88
Pines NDMI sd (Gao, 1995) -0.63 382sd (2134.2—-2138 nm) -0.67
(21 plots) NDMI cv (Gao, 1995) -0.63 365sd (2042 —2045.8 nm) —0.66
NDWILmin (Gao, 1995) —0.63 242sd (1374.9—1378.7 nm) —0.66
Deciduous MTVI2_median (Haboudane et al., 2004) -0.79 92median (705.1 —708.9 nm) 0.75
(50 plots) TVI_median (Broge and Leblanc, 2001) 0.79 91median (701.9 —705.7 nm) 0.75
TCARI_median (Haboudane et al., 2004) -0.78 90median (698.7 —702.5 nm) 0.75
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Fig. 3. Pearson correlation among the 9 indices presented in Table 2.

Table 3
CART results for the 3 groups (Spruce, Pines, and Deciduous) classification.
Predicted
Deciduous Pines Spruce
Obs. Deciduous 49 0 1
Pines 0 19 2
Spruce 0 3 4
Overall accuracy 0.92
Variable importance Tcari_median 53.07
Variable importance Mresr_max 21.67
Variable importance Ndmi_sd 17.91
Variable importance Cai_max 7.35

Table 4
CART results for the 4 groups (Spruce, Pines, Deciduous, and Mixed) classifi-
cation.

Predicted

Deciduous Pines Spruce Mixed

Obs. Deciduous 45 0 5
Pines 0 19 0 2
Spruce 0 3 0 4
Mixed 0 5 0 17
Overall accuracy 0.81
Variable importance Tcari_median 48.80
Variable importance Mresr_max 24.16
Variable importance Ndmi_sd 20.58
Variable importance Cai_max 6.45

Table 5

MMLR results (LOO validated) for the prediction of species dominance in the BF
plots.

Species Adjusted R* RMSE%
Deciduous 0.87 13.1
Pines 0.61 19.5
Spruce 0.37 16.6

was validated using LOO, and the accuracy per each vegetation group is
reported in Table 5, and scatterplots are presented in Fig. 4.

The MMLR results and the scatterplots indicate an accurate pre-
diction of the level of dominance only for the Deciduous group, that
resulted the dominant one in 47 plots (those with predicted percentage
value > 60 %). This result is consistent with those obtained with CART
classification, but here the added value is that MMLR allows to quantify
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the exact amount of Deciduous trees in a given plot.

Only in10 plots the predicted Pines percentages result above the 60
% threshold, while from field data the plots assigned to the Pines group
were 21. Finally, none of the plots has a Spruce percentage > 60 %,
against the 7 plots assigned to Spruce group from field records. In
summary, the test shows with MMLR is possible to evaluate the amount
of Deciduous and non-Deciduous trees in a given plot, but not to dis-
tinguish the amount of other groups.

3.4. Above ground biomass

An exponential multiple regression, validated with LOO approach,
was used to predict the above ground biomass of the plots, using the
inputs selected by the stepwise procedure, and checking the distribu-
tion of errors to exclude the presence of biases. The stepwise selection is
based on Akaike Information Criteria computed among different
models, and the inputs selected in the final models have an associated
significance p-value.

Six groups of plots were tested:

- the four groups according to dominant species/group (Deciduous,
n = 50; Pines, n = 21; Spruce, n = 7; and Mixed, n = 22)

- all the plots (n = 100)

- all the plots without the Mixed group (n = 78).

With lidar data, the ‘mean plot height’ metric based on all returns
was always included, excepting for the Mixed group, for which the
‘mean plot height’ computed using all the returns above 1 m of height
(thus excluding the returns from the lower understory) was included.
For the Spruce group the regression is not robust, with no input being
significant, due to low number of plots in modelling.

With lidar and hyperspectral joined data, the previously included
lidar metrics remained unchanged. Hyperspectral included indices
were: Pines (Tcari_median and Cai_max, both significant); all the plots
and the Deciduous group (Tcari _median, not significant); all the plots
without Mixed group (Tcari_median, significant). Fig. 5 illustrates the
linearity of the relationship for predicted vs. observed AGB.

The accuracy of LOO validated results are presented in Table 6,
together with the included inputs for each model. The results evidence
that the addition of hyperspectral data in certain cases can improve the
model accuracy.

4. Discussion and conclusions

Vegetation indices obtained from remote sensing are effective
variables for quantitative and qualitative evaluations of vegetation
cover, vigor, and growth dynamics, among other applications (Xue and
Su, 2017).

The present study confirms the usefulness of VIs in this study area.
All the vegetation indices that obtained higher variable importance in
the classification models bring information on the chlorophyll content,
showing that for the detection of Deciduous, Pines, and Spruce groups,
the presence of narrowband indices from the red-edge portion of the
spectra is critical.

The classification accuracies resulted high for both CART models,
with and without the Mixed class. In the model that includes the four
classes (Deciduous, Pines, Spruce, and Mixed), the Spruce class is
completely confused with Pines and Mixed classes. Instead, in the
model based on three classes only (without Mixed) the Spruce class is
only partly confused with Pines. The major confusion that occurs when
using four classes indicates that too much spectral similarity exists
between Spruce and Mixed groups, in addition to unbalanced samples
number. Therefore, even in presence of a satisfactory overall accuracy,
it is advisable to exclude the use of a Mixed class in the classification
efforts of this study area.

There are limitations in the classification approach that have to be
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Fig. 4. Scatterplots for MMLR regressions predicted vs. observed values for level (%) of dominance in Deciduous, Pines and Spruce groups.

reminded. First, the accuracy results are referred to a reference data-
base, characterized by its own inaccuracy (Kaminska et al., 2018); then,
the procedure of increasing the field samples area (Sterericzak et al.,
2018b) could introduce additional errors with respect to species com-
position. Even when keeping these limitations in mind, the present
research illustrates an approach to cope with small forest plots, that are
common reference data in forest analysis; it also highlights the value of
hyperspectral data to characterize at fine scale the vegetation types of
the study area.

The MMLR-based predictions of dominance levels are characterized
by high variability in results accuracy; overall, the method provides
satisfactory results only to estimate the amount of dominance for the

Deciduous group (R? = 0.87). This is possibly due to spectral similarity
between the other two groups and the unbalanced sampling among
groups. Even if with this method is only possible to evaluate the per-
centage of Deciduous and non-Deciduous tree species in a given area,
and not to detect the percentages of other groups, for BF conservation
management this is already valuable information for management
purposes, especially with respect to pests that often affect conifer spe-
cies in BF forst. The results of this grouping approach could be im-
proved by more balanced sampling; the approach is valuable for sim-
plifying data collection and analysis, and thus facilitating repeated
monitoring. This method could be applied to predict the composition of
certain groups of species and monitor their dynamics, especially where

AGB prediction from Lidar and Vegetation Indices
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Table 6
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Accuracy and inputs in exponential multiple regression tests, validated with LOO procedure. The * indicates not significant inputs (p value > 0.05).

Groups Lidar Lidar Inputs lidar Lidar + Hyper VI  Lidar + Hyper VI RMSE (%) Inputs lidar + hyperspectral VIs
adj. R> RMSE adj. R?
(%)
Deciduous 0.67 23.56  Mean plot height 0.69 24.06 Mean plot height
(n = 50) (all returns) (all returns) +
Tcari median*
Pines 0.78 15.17  Mean plot height 0.84 16.39 Mean plot height
(n=21) (all returns) (all returns) +
Tcari median, Cai max
Spruce 0.68 26.90  Mean plot height 0.66 28.22 Mean plot height
m=7) (all returns)* + (all returns)* +
Mean plot height Mean plot height
(all returns above 1 m height)* (all returns above 1 m height)*
Mixed 0.57 28.17  Mean plot height 0.57 28.17 Mean plot height
(n = 21) (all returns above 1 m height) (all returns above 1 m height)
All plots 0.66 22.36  Mean plot height 0.67 21.03 Mean plot height
(n = 100) (all returns) (all returns) +
Tcari median™
All plots without Mixed (n = 78)  0.69 20.95  Mean plot height 0.72 22.60 Mean plot height

(all returns)

(all returns) +
Tcari median

pest problems or accelerated climate impacts cause relevant changes in
the arboreal assemblages.

The results of the AGB estimation using ALS data alone, and adding
to ALS data the hyperspectral vegetation indices, were similar
(R? = 0.69 and R? = 0.70, respectively). These results are comparable
to those obtained for a similar ecosystem in a Czech forests, where
Brovkina et al. (2015) obtained with lidar inputs in AGB regression a
slightly higher accuracy (R* = 0.77, without cross-validation), with
limited improvement from hyperspectral data addition (R? = 0.79). In
a Finnish mixed forest Kankare et al. (2013) lidar based AGB estimate
resulted in R? of 0.71. In a German temperate forest Latifi et al. (2012)
achieved a relative error of 32-45 % for plot level biomass based on
lidar metrics and of 35-45 % with joined hyperspectral inputs. How-
ever, other authors reported a significant improvement when using
fused data from the two sensors (Anderson et al., 2008; Vaglio Laurin
et al., 2014a, b).

It is worth to note that the procedure adopted to increase the plot
area assumes that to similar structure corresponds similar amount of
biomass. Above ground biomass also depends on species wood density,
and errors in species composition could have been introduced, influ-
encing the results. The procedure, although not perfect, allowed the
objective detection of similar fragment of stands, and even considering
the potential introduced errors, the obtained results are in line with
those presented by other authors in similar ecosystems.

Furthermore, the AGB estimation results suggest that the improve-
ment brought by the addition of hyperspectral data to ALS could occur
for specific vegetation types: here a relevant increase in accuracy was
observed for the Pines group (R? from 0.78 to 0.84) when adding
chlorophyll/LAI (Tcari_median index) and senescence (CAI_max) in-
formation. Also Popescu et al. (2004) observed quite different ac-
curacies in the estimates of AGB for Pines and Deciduous species, based
on combined lidar and hyperspectral data. It is recognized that differ-
ences in the 3D structure of the species assemblages, or the density of
the understory layer, influence the penetration of the lidar pulses
(Wassihun et al., 2019). The predictive power of hyperspectral data can
be higher when lidar relationships with biomass are weaker, favoring
the joint data use. Hyperspectral data can also support the stratification
of vegetation types prior to biomass estimate, to improve the estimates
in selected vegetation types.

Overall, this research confirms the value of hyperspectral and ALS
data to derive valuable forest characteristics in the BF area. ALS data
proved to be suited to characterize forest above ground biomass.
Vegetation indices based on red-edge bands were useful for detecting

groups of species. Sentinel 2 data is equipped with red-edge bands, but
it lacks the spatial resolution needed to fine-detail the forest composi-
tion, for which hyperspectral airborne data appear to be necessary. New
opportunities could arise by the use of the hyperspectral satellite
PRISMA, which data will be soon available; PRISMA is equipped with a
panchromatic camera (5 m spatial resolution), that joined with the fine
radiometric hyperspectral bands could improve the detection of groups
of species or guilds without recurring to an airborne survey. However,
for AGB estimation at fine scale, the use of airborne lidar data remains
fundamental.

With the presented methods, a reliable description of the most im-
portant Bielowieza forest characteristics was produced: this kind of
approach can simplify the monitoring operations in broad areas and
could support local authorities in deriving useful information to con-
serve and sustainably manage the valuable BF resources.
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