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Abstract

Above-ground biomass and carbon stock are fundamental components of the global
carbon cycle, essential for climate change mitigation. Remote sensing data can provide
timely and accurate estimates of various forest attributes, especially over large and remote
forested areas. The objective of this research was to investigate the potential of multispectral
LIDAR data for estimating the stem biomass (SB) and total biomass (TB) in a multi-layered fir
forest using an Edge-tree corrected Area Based Approach (EABA). Subsequently, a Random
Forest (RF) regression analysis was performed to develop SB and TB predictive models using
LiDAR-derived height metrics. Two RF models were produced and evaluated in terms of their
predictive performance. Overall, our work demonstrates the capability of mulfispectral
LIDAR data to provide reliable SB and TB estimates in a complex structured forest,
contributing significantly to sustainable forest management.
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1 Introduction

Forests are a key component of the tertestrial carbon cycle, providing various socio-economic
and environmental services (Cao, Liu, Shen, Wu & Liu, 2019). Plants store more than 80% of
the total above-ground carbon, while at the same time removing large amounts of CO; from
the atmosphere (Wegiel & Polowy, 2020). Forest biomass consists of various components
(stems, leaves, needles, branches, bark, roots) and can be classified into above-ground biomass
(AGB) and below-ground biomass, commonly expressed as the dry mass at the individual tree
level (Kajimoto et al., 1999; Luo et al., 2017). Traditionally, field measurements are required to
estimate AGB, which in most cases involve destructive sampling, diameter at breast height
(DBH) measurements, and tree height (Zhang Z., Cao & She, 2017) — direct measurements
that are considered laborious and time-consuming (Dutci et al., 2020).

In recent decades, vatious remote sensing technologies have been applied for biomass
estimation (Wang & Jiao, 2020). While a variety of remote sensors have been employed for
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forest biomass estimation (e.g. Multispectral and Hyperspectral Optical sensors, Synthetic
Aperture Radar sensors), Light Detection and Ranging (LiDAR) has been identified as the
most accurate data source for forest parameters and biomass estimation (Clark, 2011; Socha
et al., 2020). LiDAR instruments have become the dominant sensors for accurate AGB
estimation, mostly due to their ability to penetrate the forest canopy, providing 3D information
for all forest layers (Jiang, Li, Lu, Chen & Wei, 2020; Silva Carlos A. et al., 20106).

Recent developments in LIDAR technology have led to the development of multispectral
systems. The latest LIDAR sensors have the ability to gather vertical distribution information
on different physiological processes across multiple spectral channels (Wallace, Nichol &
Woodhouse, 2012). The additional, complementary, information derived from multispectral
LiDAR data has been widely used in studies for improved land-cover and biomass estimation
(Dalponte, Ene, Gobakken, Nzsset & Gianelle, 2018; Georgopoulos, Gitas, Stefanidou,
Korhonen & Stavrakoudis, 2021; Hopkinson, Chasmer, Gynan, Mahoney & Sitar, 2016).
According to these studies, the AGB is highly correlated with the mean intensity values of the
multispectral LiIDAR data for the various forest layers.

AGB quantification can be accomplished using either single-tree or plot-level approaches. The
former usually aims to extract height- and/or intensity-detived metrics for each individual tree
(Latella, Sola & Camporeale, 2021). However, the single-tree approach requires high pulse
densities and its effectiveness is closely related to the accuracy of tree detection and of the
crown delineation (Georgopoulos et al., 2021). Biomass estimates at the plot level, on the other
hand, have been widely used in different biomes (Kelley, Trofymow, Metsaranta, Filipescu &
Bone, 2021; Nasset, 2004; Silva Carlos Alberto et al., 2018) and include the integration of
height-derived and other LiDAR-related metrics to predict forest characteristics. It should be
noted that the plot-level approach provides more accurate AGB and carbon estimates
compared to the tree-level approach, mostly due to the poor performance of the segmentation
algorithms used to identify the understorey trees (Coomes et al., 2017). For the task of
estimating AGB, various regression methods have been tested along with LIDAR data. These
include linear regression (Salum et al., 2020), Support Vector Machines (Almeida et al., 2019),
Random Forest (Sun, Li, Wang & Fan, 2019), Extreme Gradient Boosting (Li, Li, Li & Liu,
2019), Artificial Neural Networks (Dong, Tang, Min, Veroustracte & Cheng, 2019), and deep
learning models (L. Zhang, Shao, Liu & Cheng, 2019).

Although many different biomes and tree species have been adequately examined in the
literature, few studies have explored the potential of LIDAR remote sensing for estimating the
biomass of multilayered forests (Dorado-Roda et al., 2021; Korpela, Hovi & Morsdorf, 2012).
The purpose of this study is to assess the potential of multispectral LIDAR data in estimating
both stem biomass (SB) and total biomass (IB) in a multilayered fir forest in central Greece.
More specifically, the Random Forest regression algorithm was examined using LIDAR-
derived height-related metrics to investigate its potential for achieving reliable estimates of SB
and TB.
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2 Materials and Methods
2.1 Study Area

The study area is located in the southeastern part of Mt. Pindos in Pertouli, Greece, and covers
almost 33 km? (Figure 1). The mountainous forest has been under the management of the
Aristotle University of Thessaloniki since 1934 for research and education purposes. The
climate in the area is transitional Mediterranean to Mid-European, exhibiting significant
variations across seasons. The dominant tree species in the study area is Abies borissi regis
(Bulgarian fir), with individual trees of Scots pine and black pine, and various broadleaf species
(e.g., beech, Austrian oak, various willow species, English yew and maple). The forest stands
consist of different-aged trees, including mature fir trees in the overstorey, as well as natural
regeneration and young trees in the understorey.
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Figure 1: Map of the study areaq, including the forest boundaries and plofs, projected in WGS 84.

2.2 Dataset Description

Field data

Field measurements were conducted in 2019 and 2022, with a total of 48 pure Bulgarian fir
plots in Pertouli University Forest being measured in both campaigns. Plots were located using
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a handheld GPS with an average horizontal positional accuracy of 3m and covering a total area
of 1000 m?2. In each plot, the DBH and height of all trees were extracted from the forest
inventory plan, completed in 2018.

LiDAR Data

Multispectral LIDAR data for Pertouli University Forest were acquired in 2018. Data collection
used a RIEGL VQ-1560i-DW laser scanner sensor mounted on an airplane. The data included
information derived from two spectral channels, namely Green and Near Infrared (532 nm
and 1064 nm, respectively). All data collected were preprocessed by the provider, resulting in
a dense point cloud (maximum of 7 returns per pulse). The mean point cloud density of all
acquisitions is 82.99 points m2, with a scan angle range of —32° to +32°.

2.3 LiDAR Analysis

LiDAR data processing was performed primarily using R and more specifically the lidR
package (R Core Team, 2017; Roussel et al., 2020). First, the point cloud covering each plot
was extracted and height-normalized using the kriging algorithm (Oliver & Webster, 1990).
Large scan angles (i.e. greater than +15°) were removed to avoid errors originating from off-
nadir angles, which have a significant impact on the LIDAR-derived canopy structure metrics
(Donoghue, Watt, Cox & Wilson, 2007). Subsequently, the pit-free algorithm was employed
for the generation of the canopy height model (CHM), since it provides significantly improved
tree detection accuracy in high-density LiDAR data (Khosravipour, Skidmore, Isenburg, Wang
& Hussin, 2014). Tree segmentation was performed using the watershed algorithm and the
CHM.

In this study, an Edge-tree corrected Based Approach (EABA) was implemented. Thus the
tree crowns obtained from the segmentation process were used to adjust the plot boundaries
(Kotivuori, Maltamo, Korhonen, Strunk & Packalen, 2021) (Figure 2). According to Packalen,
Strunk, Pitkanen, Temesgen & Maltamo (2015), this approach provides lower Relative Mean
Square Error (RMSE) for the stem volume prediction compared to the traditional Area Based
approach. In addition, the EABA can minimize the effects of co-registration errors, which are
frequent in the typical plot-based approach (Pascual, 2019).

Figure 2:
Plot footprint for the EABA approach. The black rectangle represents
the corrected plot where the height meftrics were calculated.
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Finally, a suite of LiDAR-derived height metrics were calculated, an overview of which is

presented in Table 1.

Table 1: LiDAR-derived metrics calculated for the SB and TB estimation. All metrics were calculated
excluding the ground returns.

LiDAR Metrics Description

ple, p2e.. p95, p99 Height Percentiles

b1o, b2e.. b95, b99 Height Bicentiles

Hmax Max Height

Havg Average Height

Hstd Height Standard Deviation
Hskew Height Skewness

Hkur Height Kurtosis

Hgav Average Square Height

2.4 Biomass Estimation using Allometric Equations

The reference SB and TB were calculated using species-specific allometric equations developed
by Georgopoulos et al. (2021). More specifically, these equations were developed using
ordinary least square regression from 32 destructively sampled trees and were based primarily

on DBH (Table 2). The SB includes the stem and bark biomass, while the TB includes all the
above-ground biomass components (stem, bark, needles and branches).

Table 2: Parameter values, residual standard error, R2, and adjusted R2 for total stem and fotal biomass
estimation of the allomeftric equations based on DBH.

Equation Parameter RSE R2 adjR2
a = 8.3488

Stem Biomass 0.3014 0.9597 0.9584
b = 2.5691
a = 8.63722

Total Biomass 0.1563 0.9913 0.9905
b = 2.46266

2.5 Regression model and accuracy assessment

In this study, the Random Forest (RF) algorithm was examined for its potential to reliably
predict both TB and SB. Prior to the statistical analysis, all the predictors (i.c., reference data)
were ‘Centre’-scaled and divided into two sets, namely training (70%) and testing (30%) sets.
Additionally, a nested ten-fold cross-validation was applied in each training set to obtain the
best-performing model. The regression models were validated using an independent testing
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set (30% of the total number of samples), which was randomly split from the training data to
obtain the predictive performance of each algorithm. Assessment of the models’ performance
for SB and TB estimation was based on the Mean Absolute Error (MAE), bias, Relative Mean
Square Error (RMSE), and R2.

3 Results

SB and TB were estimated using the RF algorithm, and the RF was evaluated for its potential
to reliably estimate both. The results are presented in detail in the following sections.

3.1 Stem Biomass

The performance of the RF for the SB estimate when multispectral LiDAR data are used is
presented in Table 3. The model fit is illustrated in Figure 3, which shows the regression line
and the confidence interval. Concerning the model’s tuning, the number of trees to be grown
was set at 300 (according to the grid-search and cross- validation results), and the number of
variables was set as the number of predictors divided by three.

In general, the RF model achieved a reasonable prediction rate, with an R2 of 0.71. More
specifically, the RF model developed in this project provided satisfactory results in terms of
MAE (2175.80 kg/1000 m2), rbias (-0.21), and RMSE% (27.69%).

Table 3: Testing the performance of the algorithm for stem biomass (SB) estimation using multispectral
LIDAR data.

Model MAE rbias RMSE RMSE % R?

RF 2,175.80 -0.21 2,661.46 27.69 0.71

Random Forest

Predicted Stem Biomass(kg/plot)

Figure 3:

Scatterplots of the observed
s versus the predicted stem

In-situ Stem Biomass(kg/plot) biomass (SB)‘
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3.2 Total Biomass

The performance of the RF for TB estimation using multispectral LiDAR data is presented in
Table 4. The model fit is illustrated in Figure 34. In this instance, the number of trees to be
grown was set to 100 (according to the grid-search and cross-validation results); the number
of variables was set as the number of predictors divided by three, as for the SB model.

In general, the RF model achieved an R2 of 0.76 on the testing set, which is slightly higher than
for the SB model. In addition, the MAE is higher than for the SB model (i.e., 2593.56 kg/1000
m?). As far as the RMSE and bias are concerned, the results were noticeably improved (-0.05
and 24.67% respectively).

Table 4: Testing the performance of the algorithm for total biomass (TB) estimation using multispectral
LIDAR data.

Model MAE rbias RMSE RMSE % R?

RF 2593.56 -0.05 3561.10 24.67 0.76

Random Forest

18000~

16000 -

Predicted Total Biomass{kg/plot)

14000-

Figure 4:
12000~ ] Scaftterplots of the observed
10500 15000 20000 S50 versus the predicted total
In-situ Total Biomass({kg/plot) biOmOSS (TB) .

4 Discussion

In this study, multispectral LiDAR data were evaluated for their potential in reliably estimating
SB and TB in a multilayered coniferous forest. More specifically, height-related LIDAR-
derived metrics were used as inputs to an RF regression algorithm to estimate EABA, SB and
TB in 48 sample plots. A set of species-specific allometric equations were used to extract
reference values for SB and TB in each plot.
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Overall, the results demonstrate that both SB and TB can be accurately estimated using LIDAR
data and the RF algorithm in a structured forest with trees of different ages. In the case of the
SB, the results are in accordance with most published studies that have analysed LiDAR data
in different ecosystems (e.g., Allouis, Durrieu, Vega & Couteron, 2013; Cao, Coops, Innes,
Dai & She, 2014; Cao et al., 2019; Georgopoulos et al., 2021). Thus, we can consider that SB
is well described by the LIDAR-derived height-related metrics. The TB model’s estimation
accuracy was slightly better than the SB one, a finding similar to that of Cao et al. (2014). The
results show that the TB model has lower bias and RMSE% (-0.05 and 24.67% respectively),
which can be attributed to the effectiveness of the LIDAR data to accurately capture branch
and leaf biomass (Allouis et al., 2013).

If we compare the results with those of studies carried out in the same forest using single-tree
detection methods, it can be observed that the EABA approach resulted in slightly worse
biomass estimation accuracy (in both SB and TB) (Georgopoulos et al., 2021). This is
attributable to the various co-registration and position errors that can easily occur between the
ground and Airborne Laser Scanning (ALS) statistics, which can shift the plot sides in different
directions. In the single-tree approach, only cleatly detected and identified trees were used,
which significantly reduces the estimation errors. The single-tree approach is more
computationally demanding compared to the EABA, and results in a minor improvement in
terms of biomass estimation accuracy.

In the present work, 48 plots were used for SB and TB estimation, divided into training and
testing sets (70% and 30% respectively). Although the number of plots is sufficient for
statistical analysis, an increased sample size would provide more reliable estimates. In addition,
the model validation and transferability should be tested in a wider range of conditions that
are representative of multilayered forests.

Although this research reached its objectives, there are some noteworthy limitations. The
models are specifically calibrated for multilayered fir forests with natural regeneration and, as
a result, the specific methodology can be transferred only to similar biomes. Furthermore, the
research focused primarily on the trees that can be detected in the LiIDAR point cloud,
excluding all the understorey trees. In addition, only height-derived metrics were employed for
the SB and TB estimations, while the intensity metrics were removed. The importance of
intensity in biomass estimation has been highlighted in several studies (Dalponte et al., 2018;
Hopkinson et al., 2016) and should be studied further.

Overall, the present research shows the ability of multispectral LiD AR data to provide accurate
SB and TB estimations in a complex structured forest. This study highlights the importance
of height-derived metrics for above-ground biomass estimation, which is crucial for the
sustainable and effective management of forest ecosystems.
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5 Conclusions

The potential of multispectral LiDAR data to estimate stem and total biomass using the EABA
approach was examined. Specifically, a Random Forest regression algorithm and LiDAR-
derived height-related metrics were used as inputs to estimate the plot-based predictions of SB
and TB. The results demonstrated the capability of multispectral ILiDAR data to provide
reliable estimates for both stem and total biomass, in a dense, multilayered coniferous forest.
More specifically:

e Stem biomass can be adequately predicted using LiIDAR-derived height-related
metrics and the RF algorithm.

e Total biomass was predicted with higher accuracy than stem biomass; this was
the most precise estimation obtained using the RF model.

e The RF algorithm can provide accurate biomass predictions in multilayered
stands.

e The height metrics derived from both spectral channels contribute to accurate
biomass predictions.

This research offers an approach for estimating above-ground biomass in complex-structured
forests where the alternative of field measurements would be extremely costly and laborious.
Given the limitations described in Section 4, future work might investigate the difference in
accuracy between typical plot-based methods and EABA in similarly complex and dense
stands. Another assessment could take into account intensity-related metrics and investigate
their capacity to improve estimation accuracy.
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