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A B S T R A C T   

Silvicultural tending of seedling stands is important to producing quality timber. However, it is challenging to 
allocate where and when to apply these silvicultural tending actions. Here, we tested and evaluated two 
methodological modifications of the ordinary area-based approach (ABAOrdinary) that could be utilized in the 
airborne laser scanning-based forest inventories and especially seedling stand characterization. We hypothesize 
that ABA with added individual tree detection-derived features (ABAITD) or correcting edge-tree effects (ABAEdge) 
would display improved performance in estimating the tree density and mean tree height of seedling stands. We 
tested this hypothesis using single-photon laser (SPL) and linear-mode laser (LML) scanning data covering 89 
sample plots. 

The obtained results supported the hypothesis as the methodological modifications improved seedling stand 
characterization. Compared to the performance of ABAordinary, relative bias in tree density estimation decreased 
from 17.2% to 10.1% when we applied ABAITD. In the case of mean height estimation, the relative root mean 
square error decreased from 19.5% to 16.3% when we applied ABAEdgeITD. The SPL technology provided prac-
tically comparable or, in some cases, enhanced performance in seedling stand characterization when compared 
to conventional LML technology. Based on the obtained findings, it seems that the tested methodological im-
provements should be carefully considered when ALS-based inventories supporting forest management and 
silvicultural decision-making are developed further.   

1. Introduction 

1.1. Seedling stands and importance 

The use of remote sensing (RS) techniques, especially airborne laser 
scanning (ALS), for forest characterization has been intensively inves-
tigated during the past two decades, and its capacity to support forest 
management is well known (e.g., Hyyppä et al., 2012; White et al., 
2016). However, a majority of prior studies have primarily investigated 
the use and development of RS techniques in mature forest stands, while 

less attention has been paid to forests at the early development stages 
(Ørka et al., 2016; Imangholiloo et al., 2020). Information from these 
early development stages would be important for silvicultural decision- 
making. In forestry lingo, stands that are at their early development 
stages are often called seedling stands. Within the seedling stands, trees 
or saplings have not yet reached their dimensions for commercial use. In 
Finland, regenerating forest stands with a mean tree height of < 7 m and 
< 9 m in coniferous- and deciduous-dominated forest stands, respec-
tively, are considered to be seedling stands (Tapio, 2006). The stands are 
considered young (YoS) or advanced (AdS) seedling stands based on 
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their mean tree height being ≤ 1.3 m or more, respectively. For RS-based 
seedling stand inventories, unmanned aerial vehicles (UAV) have been 
used as the carrier platform for sensors providing three-dimensional 
information to be used in characterizing the structure of seedling 
stands. The UAV photogrammetry has been identified as a feasible 
technique to provide this information (Vepakomma et al., 2015; White 
et al., 2018; Feduck et al., 2018; Goodbody et al., 2018; Puliti et al., 
2019; Fromm et al., 2019; Imangholiloo et al., 2019; Green and Bur-
khart, 2020; Hao et al., 2021). 

However, compared to ALS mounted on helicopter or airplane, the 
use of UAV platforms as close-range sensing with often-strict aviation 
regulations lacks the capability to cover large areas; this coverage is 
needed in providing up-to-date information for decision-makers. Trees 
in seedling stands are often densely spaced and thus, competitive in-
teractions between trees heavily drive the development of trees that 
compete for growth resources and space (Berkowitz et al., 1995; 
Hyppönen et al., 2013; Uotila and Saksa, 2014; Bebre et al., 2021). This 
competition is managed by tending, removing the competing vegeta-
tion, and thinning treatments or removal of unwanted trees applied in 
the later stages of stand development (Huuskonen and Hynynen, 2006; 
Haikarainen et al., 2021). These treatments are required to facilitate the 
growth of needed tree species for the future (Uotila and Saksa, 2014) and 
to increase the quality of the trees left to grow (Huuskonen et al., 2020). 
To ensure optimal silviculture and tree development, silvicultural ac-
tions related to the tending and thinning of seedling stands need to be 
carried out in time. Thus, there is a need for timely and detailed spatial 
information to smartly apply silvicultural practices to seedling stands. 
Currently, this information is acquired by laborious, time-consuming, 
costly, and often subjective field visits. Hence, there is a crucial need 
to supply the required spatially explicit and timely information using RS 
technologies capable of covering large areas. Thus, in fact, there is an 
obvious knowledge gap regarding the feasibility of ALS in providing 
reliable information on the characteristics of seedling stands (Iman-
gholiloo et al., 2019; Imangholiloo et al., 2020). 

1.2. Area-based and individual tree detection methods in seedling stands 

In ALS-based forest inventorying, there are two main methods to 
derive forest information: i) the area-based approach (ABA) and ii) in-
dividual tree detection (ITD). 

ABA is a method for estimating forest attributes by exploring the 
statistical dependency of forest attributes (e.g., tree density, height, etc.) 
and ALS-derived features (White et al., 2013) such as height percentiles. 
The ABA method estimates forest attributes at plot- or stand-level using 
parametric (e.g., regression) or nonparametric statistical methods. It has 
become a standard method in operational forest inventories (White 
et al., 2013; Næsset, 2014), especially in Nordic countries (Næsset et al., 
2004; Næsset, 2014; Nilsson et al., 2017; Maltamo et al., 2020) with low 
cost (Næsset et al., 2004; Eid et al., 2004). However, inventorying 
seedling stands using low-density ALS data has remained challenging, 
non-operational, and less attention-devoted. 

ITD methods, on the other hand, include either raster- (canopy 
height model; CHM) or point cloud-based approaches aiming at finding 
treetops, fitting boundaries for each tree crown and extracting ALS- 
features from the point clouds located inside each tree segment (e.g., 
Hyyppä and Inkinen 1999; Wang et al. 2016). Separation of trees in ITD 
is typically based on the use of the following principles: spacing between 
trees, point clouds describing the shape of tree, and intensity (Parkan, 
2019). The methodological principle in CHM-based methods relies on 
finding local maxima to recognize treetops and then using a segmenta-
tion algorithm (e.g., marker-controlled watershed segmentation) to 
delineate the crowns of individual trees or groups of trees. Point cloud- 
based approaches are usually based on point cloud voxelization and 
clustering to distinguish the structures of individual trees from one 
another (Wang et al., 2016). Regardless of the methodology used for 
ITD, the desired forest attributes can be delivered and validated at tree-, 

plot-, or stand-level (Vastaranta et al., 2011). This method is also less 
investigated in seedling stands due to the inability to reliably detect 
small trees from low-density ALS data. 

In conventional or ordinary ABA (ABAOrdinary), features are derived 
from the point cloud within area units with a pre-defined size as sta-
tistical metrics from the point cloud. Since first introduced in opera-
tional forest inventories, there have been some attempts to improve the 
adaptability and performance of this method in different forest stands. 
Two approaches to improvement are: 

1. Adding ITD-derived features to ABA: This approach is based on aver-
aging the ITD-derived features of segments located inside plots and 
using them in accordance with the ABAOrdinary-derived features to 
improve estimation of forest attributes compared to ABAOrdinary. This 
approach was introduced by Hyyppä et al. (2012), then applied and 
proved in other studies as well (Kelley et al., 2022; Parkitna et al., 
2021; Shinzato et al., 2016; Breidenbach et al., 2012; Vastaranta 
et al., 2012).  

2. Correcting the effect of edge (border) trees in a plot boundary: This 
approach is based on adjusting plot boundaries by extending or 
shrinking based on the boundary of edge trees falling inside or 
outside the plot to solve the problem of a discrepancy between ALS- 
derived features and corresponding field measurements at plot-level 
caused by the canopy of the edge trees. This approach was intro-
duced by Packalen et al. (2015), then applied and proven in other 
studies as well (Kotivuori et al., 2021; Knapp et al., 2021; Pascual, 
2019). 

However, both of these improvement methods were applied solely in 
mature forests. This paper will be the first attempt not only to apply 
them in seedling stands but also to propose a new method by combining 
them to characterize seedling stands. 

Moreover, while the conventional ALS system uses multiple laser 
pulses to measure the distance to an object of interest, current state-of- 
the-art sensor technology measures a single photon at a time. This 
became possible with the novel single-photon LiDAR (SPL) sensor, a 
Leica SPL100 sensor, which is more efficient in sending and receiving 
laser pulses than conventional ALS systems are (Degnan, 2016). It has 
been proven to be a competent sensor for inventorying mature forests 
(Swatantran et al., 2016; Wästlund et al., 2018; Yu et al., 2020; White 
et al., 2021). The SPL sensor provided a higher point density, which is 
assumed to be for next-generation forestry in Finland. Thus, this 
research pioneers the application of SPL in characterizing seedling 
stands and compares its performance with that of conventional linear- 
mode laser scanning technology (LML) to assess its feasibility in in-
ventorying operational seedling stands. We believe that the use of SPL 
technology will enable more detailed and accurate characterization of 
forest stands in general, and seedling stands in particular, which have 
previously been understudied. Moreover, such a novel advancement by 
SPL makes it a potentially suitable system for large area ALS-based forest 
inventories as the point cloud data acquisition can be carried out more 
rapidly with reduced costs compared to conventional ALS systems 
(Swatantran et al., 2016; Wästlund et al., 2018; Yu et al., 2020; White 
et al., 2021), because with SPL technology one can capture ALS data 
with a point density similar to that of conventional ALS systems while 
flying at higher altitudes (e.g., 4 km). 

1.3. Objectives 

Thus, based on existing knowledge, our hypothesis is that adding 
ITD-derived features as estimators in ABAOrdinary and correcting the edge 
tree effect can lead to a more accurate estimation of the density (in 
number of trees per hectare; TPH) and arithmetical mean height of trees 
(Hmean) in seedling stands than using only common height and density 
features as estimators (as in White et al., 2013). These forest inventory 
attributes were selected as they are most often used in assessing the state 
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of seedling stands and supporting silvicultural decision-making. We also 
investigated the effects of seedling stand maturity and use of different 
ALS technologies (e.g., SPL or LML) on the performance of ALS-based 
seedling stand characterization. 

2. Materials and methods 

2.1. Materials 

2.1.1. Study area and field data 
The study area is located in southern Finland, near the city of Tam-

pere (N 61◦10ʹ, E 23◦52ʹ; Fig. 1). The study area represents managed 
boreal forests where Scots pine (Pinus sylvestris L.) is the dominant 
species, along with Norway spruce (Picea abies L. H. Karst). The study 

area is part of an operational forest inventory area in which 89 circular 
sample plots had been measured in the field by the Finnish Forest Center 
in the summer of 2017. 

The locations of the field sample plots were determined using a 
systematic stratified sampling method developed by the Finnish Forest 
Center. The aim was to ensure that the structural variation of seedling 
stands within the study area was covered, and thus different stratums 
were used to obtain a representative sample of field plots. Existing forest 
stand information of, for example, the main tree species, height, density, 
and soil type were used to guide the sampling procedure. The charac-
teristics of seedling stands were obtained using different-sized sub- 
sample plots, depending on the structural characteristics of the seedling 
stands (Finnish Forest Centre, 2016; see Fig. 2). From managed and 
developed seedling stands with a mean height of > 4 m and a density of 

Fig. 1. A map of the study area with field-measured plots. The background map in the upper right side is a colored infrared orthophoto (resolution: 50 cm) from the 
National Land Survey of Finland (NLS). The upper- and middle-right images depict some examples of YoS and AdS plots with their PlotID in blue- and green-colored 
shapes, respectively. The lower images are canopy height models (CHM) derived from single-photo LiDAR (SPL) data together with the 2D (X and Z) plot of point 
clouds from SPL and LML datasets inside the blue rectangle shape in the middle of CHM. Number of points within this blue intersecting rectangle was 555 (555, 0, 0) 
and 323 (297, 25, 1) in SPL and LML (first, second, and third return), respectively. 
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< 2000 TPH, all the trees inside the 9-m radius sample plot were 
included in the sample. However, to lessen the burden of field work, 
smaller sub-plots –within the actual sample plots– were used for dense or 
young seedling stands. A 5.64-m radius sample plot was used to repre-
sent the characteristics of unmanaged (unthinned and untended) and 
developed seedling stands with a mean height > 4 m and density varying 
between 2000 and 4000 TPH (Fig. 2A). In young and unmanaged 
seedling stands with mean height < 4 m and/or a density > 4000 TPH, 
four circular sample plots with a radius of 2.82 m were established inside 
the 9-m sample plot, as shown in Fig. 2B. The combined information 
from these subplots was then used to obtain the characteristics of the 
corresponding 9-m radius sample plot. All the seedling trees were 
counted and their species recorded, and the density of each sample plot 
was determined by a tree count of species and scaling the result of the 
count with a sample plot area to obtain the units per hectare. The mean 
height was determined as the height of the seedling trees that repre-
sented the median diameter of all the trees within the sample plot. These 
sample trees were selected on the basis of visual assessments and the 
expertise of the field crew and measured by tree species/strata. As the 
locations of the sample plots resulted from a clustered stratified sys-
tematic sampling, the field crew was advised to discard plots that were 
not completely located within a seedling stand of similar structure. To 
ensure that the ALS data representation corresponded to the field- 
observed seedling stand characteristics, the planned location of sample 
plots with tall trees inside or in surroundings that affect ALS data was 
adjusted, or eventually discarded by the field crew if a tall-tree-free 
location for a sample plot could not be found. This procedure resulted 
in 89 sample plots, of which 22 (24.7%) were observed in the field using 
a single 9-m or 5.64-m circular sample plot (Fig. 2A) and 67 were 
observed (75.3%) using four sub-plots per each 9-m radius sample plot 
(Fig. 2B). 

Field observations included measuring the plot center location as 
well as the diameter and height of individual trees. The plot centers were 
accurately recorded with a GNSS system which had an external antenna 
elevated to 5 m. The plot center locations were then post-corrected with 
a differential GNSS algorithm and reference positions. Diameter at 
breast height (DBH) and species were measured for each tally tree. A tree 
was considered a tally tree if it was located inside the sample plot and 
had a DBH ≥ 5 cm. Trees with a DBH < 5 cm and ≥ 3 cm were also 
considered to be tally trees if their height exceeded 50% of the mean 

height of the sample plot. For each sample plot, one tally tree of each 
species and each height stratum was sampled for tree height measure-
ment. The heights of trees without height measurement in the field were 
then estimated with the species-specific height–DBH curve (mixed-effect 
model) proposed by Eerikäinen (2009). Next, the estimated values of the 
model were calibrated using the random parameters of the model 
(Henderson, 1963, as cited in Räty et al., 2022). A summary of the field- 
measured plot attributes is presented in Table 1. 

2.1.2. Remote sensing data 
Point clouds from two subsequent ALS campaigns (SPL and LML) 

were used in this study for testing the hypothesis. A Riegl VQ-1560i 
scanner was used in the LML data acquisition, which was carried out 
with a flight altitude of 1450 m. The Leica SPL100 scanner was used in 
the SPL data acquisition with a 2.6-times higher flight altitude of 3750 m 
to obtain a point density comparable to that of the LML dataset 
(Table 2). The data were collected in leaf-on condition using a fixed- 
wing aircraft during May 2018. Details of the ALS campaigns are 
described in Table 2. 

The LML and SPL sensors apply rotating polygon and the Palmer 
(nutating mirror) scanning mechanisms, respectively. Therefore, the 
point density of SPL becomes higher on the edges of the flight line and 
lower at the nadir of the flight line. SPL uses an array of 10 × 10 colli-
mated sunbeams for sending and receiving the backscattered laser signal 

Fig. 2. An illustration of sample plot types used in observing the field data and using 9-m circular sample plots. In order to lessen the burden of field work, the sample 
plot size was decreased when the density of the seedling stands increased. Sample plots with a 5.64-m radius were used in developed seedling stands with a mean 
height exceeding 4 m and tree density within 2000–4000 TPH (A). It was assumed that the smaller sample plot represented the structural characteristics of the entire 
9-m radius sample plot. In young (mean height < 4 m) and/or dense (TPH > 4000) seedling stands, four smaller subplots with a radius of 2.82 m were used to 
represent the characteristics of the corresponding 9-m radius sample plot (B). 

Table 1 
The variation of tree density (in number of trees per hectare, TPH) and height (in 
meters) of field-measured sample plots. YoS: young seedling stands; AdS: 
advanced seedling stands; Std: standard deviation. Range contains two numbers 
of minimum and maximum.    

Tree density (TPH) Height 

YoS Mean 6588.9 1.2 
n = 9 Std 4828.2 0.2  

Range 1900–13700 0.8–1.3 

AdS Mean 3974.1 4.0 
n = 80 Std 2792.6 1.7  

Range 1001–14200 1.4–7.8 

All plots Mean 4238.5 3.7 
n = 89 Std 3122.3 1.8  

Range 1001–14200 0.8–7.8  
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of each sunbeam (Bernard et al., 2019). Moreover, it uses very short 
laser pulses in a range of green wavelength (532 nm) and emits six 
million pulses per second (Leica, 2021). 

2.2. Methods 

2.2.1. Pre-processing of the airborne laser scanning data 
The ALS data were pre-processed by the provider (Leica Geosystems) 

using HxMap software (Leica HxMap, 2022). The noise filtering steps 
during pre-processing were adjusted depending on sensor type. 

SPL often recorded only one echo per emitted beamlet, while LML 
also recorded a notable share of multiple returns (Table 3). The echo 
detectors of SPL and LML operate similarly, at least in a specific dynamic 
range (Mandlburger et al., 2019). The categories of the original echoes 
were first-of-many, only, intermediate, and last-of-many. The only- 
echoes were added to both the first-of-many and last-of-many echoes 
to establish the first and last echoes (Table 3). 

Next, laser return echoes were classified into ground and vegetation 
laser returns separately for each SPL and LML dataset, using the 
approach proposed by Axelsson (2000). Then, a digital terrain model 
(DTM) was interpolated with ground returns using a Delaunay trian-
gulation method. The non-ground (vegetation) laser returns were 
height-normalized by subtracting their height from the DTM height. In 
this study, the intensities of echoes were not used, as the analyses were 
based only on the obtained geometric information. 

In LML and SPL data, 21.5% and 47.1% of laser returns within the 
study area were from flight line overlapping areas (classified as 13), 
respectively. This was due to the 40-degree field of view of, for example, 
LML. These points were dropped for the homogeneity of the data. The 
final point density was 19.0 and 12.5 points/m2 in the SPL and LML 
datasets, respectively (Table 4). The laser returns point density and per 
return number for both SPL and LML data are given in Table 4. 

2.2.2. Individual tree detection (ITD) 
Individual trees were detected from the ALS point clouds with the use 

of a simple raster-based approach. A CHM with a pixel size of 0.1 m was 
created by assigning the height of the highest laser return within each 
pixel. Possible gaps in the CHM were filled using the focal function in the 

Raster R package (Hijmans, 2017) with 7 × 7 window size. The CHMs 
were then smoothed by running a low pass mean filter (3 × 3) three 
times. Next, watershed segmentation in ArcGIS (ESRI, 2011) was 
applied to delineate the boundaries of the segments (Fig. 3) above a 
canopy threshold of 0.4 m (as concluded in Imangholiloo et al. (2020). 
Then, the ALS point clouds were delineated according to the crown 
segments to extract point clouds for each tree in the seedling stands. 

2.2.3. Feature extraction from ALS datasets 
For each sample plot and ITD-derived tree segment, a total of 30 ALS 

features describing the characteristics of respective point cloud struc-
tures (i.e., the sample plot or an individual tree) were extracted from the 
ALS point clouds (feature type 1; Table 5). Next, an additional 16 fea-
tures, describing more detailed characteristics of individual trees, were 
extracted from point cloud structures derived for the ITD segments. 
These features were used in modeling in accordance with the previously 
extracted features (type 1) and were called feature type 2 (Table 5). All 
features were computed from all laser returns (listed and defined in 
Table 5). Finally, the features were separated into two groups, those 
related to density and those related to height (D and H, respectively, in 
Table 5). 

2.2.4. Ordinary area-based approach (ABAOrdinary) 
Laser returns located inside the boundary of circular sample plots 

were clipped using the lasclip tool (LAStools, 2015) and used to extract 
ALS features characterizing the structure of the whole seedling stand 
(type 1 features, see Table 5). The 30 features were used to estimate 
seedling stand tree density and mean height by making use of the sta-
tistical relationship between the ALS features and field-measured seed-
ling stand characteristics (as a reference for this methodology, see White 
et al., 2013). 

2.2.5. Adding edge tree effect correction method to ABA (ABAEdge) 
The ITD-derived crown segments were intersected with plot 

boundaries. Next, the segments that had Hmax located inside the plot 
boundary were used to extend the plot boundary (Fig. 4, left). However, 
if the Hmax of the segments fell outside, the plot boundary was adjusted 
by excluding the laser returns of that region (Fig. 4, middle). The next 
methodological steps followed those applied in ABAOrdinary, that is, no 
longer using the advantage of ITD-derived features (see Table 5). 

2.2.6. Adding ITD features to ABA methods (ABAITD) 
In this method, plot-level mean values of the extracted ITD-derived 

features were used in accordance with ABAOrdinary features in order to 
improve the modeling of tree density and mean height of the seedling 
stands. In other words, 30 features from ABAOrdinary (type 1 features) 
were joined with 46 features of plot-level averaged ITD features (type 2 
features, see Table 5) in the modeling phase. 

2.2.7. Combining both improvement methods (ABAEdgeITD) 
For the first time, the two improvements of the ABAOrdinary (e.g., 

ABAEdge and ABAITD) were combined in this approach, allowing not only 
for the use of ITD-derived features in the ABAOrdinary method (ABAITD), 
but also for the correction of the edge/border tree-induced discrepancies 
between ALS-derived features and plot-level field measurements 
(ABAEdge). In other words, this method hybridizes the two methods. To 
apply this, we combined the extracted features from both methods (30 
features of ABAEdge + 46 features of ABAEdgeITD; Fig. 5) to further 

Table 2 
Details of single-photon (SPL) and linear-mode (LML) LiDAR datasets.   

Leica SPL100 (SPL) Riegl VQ-1560i (LML) 

Date of flight May 31, 2018 May 21–23, 2018 
Wavelength (nm) 532 1064 (dual) 
Flight altitude (AGL, m) 3750 1450 
Ground speed (kts) 175 165 
Pulse repetition frequency (kHz) 50 1000 
Field of view (◦) 30 40 
Beam divergence (1/e2; mrad) 0.08 (per beamlet) 0.25 
Footprint diameter (nadir, m) 0.30 (per beamlet) 0.36 
Lateral overlap (%) 15 20 
Swath width (m) 2010 1000 
Vertical accuracy (m) 0.15 0.15 
Horizontal accuracy (m) 0.6 0.6  

Table 3 
Percentage of different laser returns for both SPL and LML datasets within all 
plots (n = 89).  

Return Type SPL LML 

First and Single/Only 99.7 85.7 
Second 0.3 13.2 
Third  1.1 
Last/Ground 0.02 

Total number 366,425 239,746 
Plots area sum 19247.4 19247.4 
Average point density 19.0 12.5  

Table 4 
Average point density (points/m2) from both SPL and LML datasets among 
young seedling stands (YoS) and advanced seedling stands (AdS) plots.   

YoS (n = 9) AdS (n = 80) All plots (n = 89) 

SPL  19.5  19.0  19.0 
LML  10.7  12.7  12.5  
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improve the plot-level estimations for tree density and mean height of 
seedling stands. 

In summary and for further clarity, note that the number of features 
in ABAOrdinary, ABAEdge, ABAITD, and ABAEdgeITD were 30, 30, 76, and 76 
features, respectively (Fig. 5) because the ITD-derived features were 

plot-wise averaged and used together with the plot-level features of the 
ABAOrdinary and ABAEdge methods. 

2.2.8. Investigating relationships between extracted features 
We calculated Pearson’s correlation coefficient (r) between the 

target features (field-measured tree height, log-transformed tree density, 
and each explanatory feature from the corresponding feature groups). 

We selected the three features, not correlated with each other, that 
were most correlated with the target features (r < 0.80). To do that, first, 
we sorted the explanatory features by their r-values with the target 
feature. Next, we selected the explanatory features if their intercorre-
lation value (r) was < 0.80; otherwise, the procedure was iterated until 
we found 3 features that were the most correlated with the target feature 
and not intercorrelated with each other. We used the 3 features to keep 
the method consistent in all models. 

2.2.9. Regression modeling 
We used ordinary least squares(OLS) multiple linear regression 

models for estimating the field-measured tree density and mean tree 
height. Our experiments showed that modeling the mean tree height 
followed assumptions of OLS regression (as did the following tests), but 
logarithmic transformation of field-measured tree density was needed 
(Fig. 6 shows the workflow). The log transformation yielded more ac-
curate models (lower Akaike’s Information Criteria (AIC), Bayesian In-
formation Criteria (BIC), and mean squared residuals, and higher R2) 
and fit better with the assumptions of OLS regression (as did the 
following tests) compared to other transformations, such as square root 
transformation (SQRT). 

We tested the assumptions of linear regression, which are: 1) line-
arity and additivity of the relationship between all features, 2) statistical 
independence of the errors, 3) homoscedasticity of the errors, and 4) 
normality of model residuals or error distribution. These four assump-
tions were considered when building up the models, and statistical tests 
were used for confirming the normality of residuals (e.g., Shapiro-Wilk, 
Jarque-Bera, Kolmogorov-Smirnov, and D’Agostino and Pearson) 
together with confirming the heteroscedasticity of residuals by the 
Breusch–Pagan test and graphical interpretation. 

All these steps were implemented identically for each of the 8 sub- 
datasets—SPL and LML data with ABAOrdinary, ABAITD, ABAEdge, and 
ABAEdgeITD methods—using statsmodels v0.12.2 module in Python 
(Seabold and Perktold, 2010). The developed script is attached. 

2.2.10. Accuracy evaluation 
We used leave-one-out cross-validation (LOOCV) to validate the ac-

curacy of regression models and avoid overfitting (Fig. 6). It split the 

Fig. 3. A visualization of tree canopy boundaries segmented by watershed method, treetops, and canopy height models (CHM). We visualized two sample plots in 
advanced seedling stands with a field-measured tree density of 5100 trees per hectare with a mean height of 2.9 m (A), and 1600 trees per hectare with a mean height 
of 2.6 m (B). The CHMs were smoothed once, and the plot radius is 9 m. 

Table 5 
Summary of the extracted features from both ALS datasets. Type 1 features refer 
to features derived for each crown segment representing the projection area of 
crowns of individual trees (ITD) and for each sample plot (ABA). Type 2 features 
refer to ITD-based features extracted for the crown segments and then aggre-
gated to plot-level attributes. H and D, in the Feature group column, refer to the 
feature group of either density- (D) or height-related (H) features.  

Point cloud 
features 

Definition Feature 
group 

Feature Type 1 
Hmax Maximum of the normalized height of all points H 
Hmean Arithmetic mean of normalized height of all 

points ≥ 0.4 m 
H 

Hstd Standard deviation of normalized height of all 
points ≥ 0.4 m 

H 

Hrange Range of normalized height of all points ≥ 0.4 m H 
Hcov Coefficient of variation (a.k.a. relative standard 

deviation) of points ≥ 0.4 m 
H 

Hskewness Skewness of height of the points ≥ 0.4 m H 
Hkurtosis Kurtosis of height of the points ≥ 0.4 m H 
HP10 to HP90 10th to 90th percentiles of normalized height of 

all points ≥ 0.4 m with a 10% increment 
H 

HP5 and HP95 HP of 5% and 95% also were calculated. H 
PercHmean Percentage of points ≥ 0.4 m which are > Hmean D 
P Penetration as a ratio between number of 

returns below 0.4 m and total returns 
D 

D0 to D10 Di = Ni/Ntotal, where i = 0 to 10, Ni is the 
number of all points within ith layer when tree 
height, starting from 0.4 m, was divided into 10 
intervals, and Ntotal is the number of all points ≥
0.4 m. 

D 

Feature Type 2 
HmeanSegplot Mean height of Hmax segments per plot H 
CA Sum of the crowns’ area over the plots’ area 

(converted to area per hectare), created by a 
convex hull in 2D of all points above 0.4 m 

D 

CAStd The standard deviation of the CA D 
PercHmeanITD Percentage of points ≥ 0.4 m which are > Hmean D 
CAD0 to D10 CA in each vertical bin (used in D1 to D10) D 
NsegpHec Number of segments in plot derived through the 

ITD method 
D 

CA/NsegpHec Sum of the crowns’ area over plots’ area, 
divided by the number of segments (average 
crown area) 

D  
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data into 5 folds and used 4 folds for training and the left-out 1 fold for 
estimating forest attributes (tree density and height). We repeated this 
procedure until all 5 folds were estimated forest attributes. The model 
with the least prediction error was selected for training and predicting 
all the data outside the LOOCV procedure. The estimations were 
compared with field-measured tree density and mean tree height. The 
accuracy of estimates was assessed using absolute and relative values for 
bias and root-mean-square error (RMSE; Equations (1)–(4)): 

BIAS =

∑n
i=1(yi − ŷi)

n
(1)  

rBIAS(%) = 100 ×
BIAS

y
(2)  

RMSE =

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(yi − ŷi)
2

n

√

(3)  

rRMSE(%) = 100 ×
RMSE

y
(4) 

where n is the number of plots, yi is the value from the field data for 

plot i, ŷi is the ALS-estimated value for plot i, and y is the mean of the 
value in the field data. 

The Pearson correlation coefficient (r) was also calculated, using 
Equation (5). It shows the proportion of the variance in an estimated 
attribute to the variance in field data as × and y, respectively: 

r =

∑n
i=1(xi − x).(yi − y)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
∑n

i=1(xi − x)2
.
∑n

i=1(yi − y)2
√ (5) 

The accuracy of plot-level tree density and mean tree height esti-
mations were evaluated and reported for all sample plots (n = 89), as 
well as separately for YoS (n = 9) and AdS (n = 80) by using both SPL 
and LML datasets and all four methods described in the previous sections 
(i.e., ABAOrdinary, ABAITD, ABAEdge, and ABAEdgeITD). 

3. Results 

3.1. Estimating the mean height of seedling stands 

When considering feature importance in mean height estimation, 
HP90 and HmeanSegplot were the most important features (estimators) in 

Fig. 4. Methodological principle behind the edge tree correction method (ABAEdge). The method includes crown segments of edge trees with treetops located inside 
the sample plot (left) while excluding segments of edge trees with treetops located outside the sample plot (middle) to extract an edge-tree corrected sample plot 
(right). The black-filled points show the locations of the treetops. 

Fig. 5. An illustration of data structure in different methods and their number of features.  
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SPL, while HP80 and Hrange (from ITD) were the most important in LML 
(Table 6). 

In the ABAOrdinary and ABAEdge methods, Hkurtosis was the second and 
third most important feature in the SPL and LML datasets, respectively. 
In the ABAITD and ABAEdgeITD methods, the Hcov (from ITD), along with 
Hkurtosis and Hskewness (from ABAOrdinary), was selected as an important 
estimator (Table 6). 

Tree height was accurately estimated with rRMSEs ranging from 
17.1% to 17.4% using SPL and 16.3% to 19.5% using LML. The plot- 
level mean tree height estimations were nearly not biased (e.g., rBias: 
0.02 to 1.1%) in all methods and datasets, with r ranging from 0.92 to 
0.95. Tree height was more accurately estimated with the SPL dataset 
using the ABAOrdinary and ABAEdge methods (>2 percentage points (pp) 
of rRMSE). LML was more accurate when using the ABAITD and 
ABAEdgeITD methods (rRMSE of 16.3% vs. 17.1%). As Table 7 shows, 
adding ITD-features to ABAOrdinary improved tree height estimation in 
LML (>3 pp of rRMSE), but only marginally improved for SPL (<1 pp). 
However, considering edge trees in the methods did not improve tree 

height estimation. 
SPL yielded generally more accurate estimates of tree height for YoS 

plots. For example, in the ABAOrdinary method, rRMSE was 30.3% using 
SPL and 42.9% using LML (Fig. 7). When ITD features were included, the 
differences between height estimates of SPL and LML were significantly 
smaller. LML showed larger benefits from ITD features, including 
reducing rRMSE from 42.9% to 27.8%. SPL showed only slight 
improvement in tree height estimation by including ITD features, 
reducing rRMSE by > 4 pp. Including edge corrections with the height 
estimates did not show significant improvement. 

The tree height estimations were consistently more accurate for 
advanced seedling stand (AdS) plots than for young seedling stand (YoS) 
plots. In AdS, rRMSE (16.4%) was nearly half of that in YoS (30.3%). 
When ABAEdgeITD method and SPL data were used in the estimation, 
rBias was nearly twenty times less in AdS (1.3%) than in YoS (–22.7%, 
Fig. 7). Similarly, SPL yielded more accurate results (about 2% in 
rRMSE) in all methods for AdS plots compared to LML, but rBias was 
higher for the ABAITD and ABAEdgeITD methods in SPL dataset. Fig. 7 
shows that, in all methods and datasets, the height was consistently 
overestimated in YoS and slightly underestimated in AdS plots. 

3.2. Estimating the density of seedling stands 

Analyzing the importance of point cloud features when estimating 
tree density revealed that D9 was the most used estimator in all the 
investigated methods using both SPL and LML (Table 8). Higher vertical 
heights (D9, D8, and D7) and lower vertical heights (D0 and D10) were 
selected in the ABAOrdinary and ABAEdge methods from both SPL and LML 
datasets. Apart from the D9 (from either ABAOrdinary or ABAEdge), in the 
ABAEdgeITD and ABAITD methods, NsegpHec was also nominated in both 
SPL and LML datasets. Other vertical height bins, such as D7, D8, and CA/ 
NsegpHec, were popular tree density estimators. The first selected SPL- 
derived estimators had higher correlation with field-measured tree 
density (-0.47) than the LML-derived estimators did (-0.39; Table 8). 

The density of the seedling stands was estimated with rRMSE, ranging 
from 65.1% to 67.4% for SPL and 64.9% to 69.8% for LML, depending on 
the estimation method used. On average, tree density was underestimated 
by 13.7% and 10.1% using the SPL and LML datasets with the ABAITD 
method, respectively. Correcting edge trees effects (ABAEdge), adding ITD 
features (ABAITD), and combining them into ABAOrdinary (ABAEdgeITD) 
slightly improved the accuracy of tree density estimations in both the LML 
and SPL datasets. For example, using LML data improved the rRMSE of 
69.8% (rBias: 17.2%) in the ABAOrdinary method to rRMSE of 64.9% (rBias: 
10.1%) in the ABAEdgeITD method (Table 9). When SPL was used instead of 
LML, errors in the tree density estimates decreased slightly. However, 
improvements in accuracy were minor with respect to the level of accuracy 
in general (rRMSE of 65–70%). When considering seedling stand struc-
tures, tree density estimates were more accurate for AdS plots (rRMSE of 
60.6%) than for YoS plots (rRMSE of 73.7%; Fig. 8). 

Fig. 6. A flowchart outlining the overall workflow carried out for regression 
modeling of tree density and height estimations. 

Table 6 
The coefficient values and estimators used for mean tree height estimations. The first column contains the constant value of the regression equation. Rows with r show 
the correlation value of the estimators and field-measured mean tree heights. For the ABAITD and ABAEdgeITD methods, the text inside parentheses specifies which 
methods were used to create the estimator.    

SPL      LML  

ABAOrdinary  0.65 + 0.939 HP90 − 0.075 Hkurtosis + 0.230 Hcov   0.42 + 1.089 HP80 + 0.077 
Hskewness 

− 0.100 Hkurtosis 

r   0.94 − 0.47 0.09   0.92 − 0.59 − 0.43 
ABAEdge  0.58 + 0.952 HP90 − 0.074 Hkurtosis +0.151 Hcov   0.41 +1.090 HP80 +0.052 

Hskewness 

− 0.094 Hkurtosis 

r   0.93 − 0.46 0.12   0.92 − 0.59 − 0.42 
ABAITD  0.26 +0.982 

HmeanSegplot 

− 0.079 Hkurtosis 

(ABAOrdinary) 
+0.766 Hcov 

(ITD)   
1.28 +1.075 Hrange 

(ITD) 
+0.895 Hcov 

(ITD) 
− 0.405 Hskewness 

(ABAOrdinary) 
r   0.94 − 0.47 0.43   0.94 0.62 − 0.59 
ABAEdgeITD  0.32 +0.979 

HmeanSegplot 

− 0.098 Hkurtosis (ABAEdge) +0.625 Hcov 

(ITD)   
1.26 +1.065 Hrange 

(ITD) 
+1.070 Hcov 

(ITD) 
− 0.437 Hskewness 

(ABAEdge) 
r   0.94 − 0.46 0.43   0.94 0.62 − 0.59  
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4. Discussion 

In this study, we hypothesized that ALS-based seedling stand char-
acterization could be improved by combining the methodological prin-
ciples of ordinary ABA and ITD. We assumed that the information on the 
characteristics of individual trees brought additional explanatory power 
to the modeling of seedling stands’ density and mean height. The results 
of this study showed that, compared to the performance of ABAOrdinary, 
estimation accuracy increased when ITD-derived features were used as 
estimators in combination with ordinary ALS features that characterize 
the vertical distribution of points on sample plots with geometry cor-
rected according to the trees on these plots’ edges. In general, the use of 
SPL data resulted in comparable or more accurate estimates of tree 
density and mean height of the studied seedling stands. 

4.1. Feature importance analysis 

We estimated the density and mean height of seedling stands using 
the three features most correlated with field-measured density and mean 
height while remaining uncorrelated with each other (r < 0.8). For 
overall tree density estimation, D9 was the most correlating estimator, 
followed by NsegpHec in ABAITD and ABAEdgeITD or by D7, D8, or D1 in the 
ABAOrdinary and ABAEdge methods. Several other studies have reported 
similar findings on the most feasible estimators for modeling the density 
of seedling stands using ABAOrdinary (Ørka et al., 2016; Puliti et al., 2019; 
Korhonen et al., 2013). For example, Ørka et al. (2016) showed that D90 
and HP70 (both log-transformed) were the best estimators of tree den-
sity. Puliti et al. (2019) documented that values of HP60, the median of 
the digital surface model (DSM), and HP70 similar to those found by 
Korhonen et al. (2013), who used HP70 and HP40 to estimate tree density 
using ABAOrdinary methods. We should argue that the height percentiles 
(HPs) used in prior studies as estimators for tree density would not have 
been selected if they separated the features into density- and height- 
related groups. Our experiments showed that feature selection without 
such grouping sometimes proposed ecologically illogical estimators of 
tree density (i.e., only height-related but no density-related features). 
Yet the results of another study using ABAOrdinary in seedling stand 
characterization (Næsset and Bjerknes, 2001) showed that P was the 
only significant (p < 0.05) estimator of tree density. That study lacked 
the use of features characterizing the proportion of ALS points within 
vertical point cloud bins (e.g., D9, used in this study). Nevertheless, it 
should be noted that ALS-based estimation of density of small trees is a 
challenging task and, thus, the accuracy of tree density estimates 
remained somewhat low in this study as well. 

For mean tree height estimation, HP90 and HmeanSegplot were the 
most correlating variables with field-measured mean tree height in the 
SPL dataset, and HP80 and Hrange (from ITD) in LML had a stronger 
correlation with field-measured mean tree height (r = 0.9) than D9 es-
timators had with field-measured tree density (r ranging from − 0.5 to 
0.4). It is an inevitable fact that ALS has higher potential for accurate 
tree height estimation than for accurate tree density estimation (e.g., 
Næsset and Bjerknes, 2001), which is reflected in our study by the higher 
determination coefficient of the regression models estimating mean tree 
height (R2 ranging from 0.8 to 0.9) than that of those estimating tree 
density (R2 ranging from 0.2 to 0.3). In general, prior studies have re-
ported similar findings on the most feasible estimators for modeling the 

mean height of seedling stands with ABAOrdinary (Hyyppä et al., 2012; 
Ørka et al., 2016; Næsset and Bjerknes, 2001; Puliti et al., 2019). 

Moreover, the results of this study showed that the most important 
features themselves often had high intercorrelation with the second 
most important features, and that intercorrelation needs to be consid-
ered and solved before modeling. The feature selection method used in 
this study succeeded in considering this aspect in the modeling phase 
(see Section 3.1.2). 

4.2. Accuracy of characterizing seedling stands 

The results of this study showed that the accuracy of seedling stand 
characterization could be improved when considering the edge trees 
effect and including individual tree characteristics in the ABA. Applying 
the ABAEdgeITD method to estimate the density and mean height of 
seedling stands generally decreased rRMSE values by 4.9 and 3.2 pp, 
respectively, when compared to the performance of the ABAOrdinary 
method. However, the obtained improvement in the accuracy of tree 
density estimates was somewhat marginal in view of the general level of 
accuracy of the respective attribute estimates (rRMSE of 65–70%). 

Despite the use of state-of-the-art ALS data and efforts related to 
improving estimation methodology, characterization of the density of 
seedling stands remained a challenging task. As could be inferred from 
prior knowledge of ALS-based characterization of seedling stands 
(Næsset and Bjerknes, 2001; Puliti et al., 2019), the mean height of the 
seedling stands was estimated more accurately than the density of 
seedling stands. For the density of seedling stands, the coefficient of 
determination (R2) of 0.3 obtained in this study was somewhat 
improved from that (R2 = 0.18) reported by Puliti et al. (2019). They 
used an ALS dataset with 5 points/m2 and based the modeling on 5 ALS- 
derived estimators, selected by random forest regression. Næsset and 
Bjerknes (2001), on the other hand, used a two-stage procedure for the 
ABAOrdinary method to estimate plot-level tree density with 1650 to 7100 
TPH (mean: 4197 TPH) and height ranging from 1.76 to 6.01 m (mean 
3.80 m). They achieved an R2 of 0.42 using stepwise feature selection on 
1.2 points/m2 ALS data. However, the range of the density of seedling 
stands (1650–7100 TPH) was somewhat smaller than that of this study 
(1001–14200 TPH). Moreover, Ørka et al. (2016) used the ABAOrdinary 
method to estimate density of seedling stands using low-density ALS 
(~0.7 points/m2) data, yielding stand- and plot-level rRMSEs of 46.6% 
and 63.1%, respectively. Puliti et al. (2019) and Korhonen et al. (2013) 
reported an improvement in accuracy of estimations converted from 
plot-level to stand-level, because over- and underestimations in the plot- 
level estimations cancel each other out when aggregated to stand-level. 

In regard to the mean tree height of the seedling stands, all methods 
and both datasets that were applied in this study resulted in nearly 
unbiased estimates (rBias: 0.02–1.1%). Among all plots in the ABAEdg-

eITD method using SPL and LML, the rRMSEs were 17.1% and 16.3% (r: 
0.94 and 0.95), respectively. As compared to the performance of 
ABAOrdinary, the application of ABAITD improved mean height estimation 
accuracy (e.g., by > 3% in rRMSE and 0.03 in r in LML) while no major 
improvement was observed with ABAEdge (<1% in rRMSE and no change 
in r in both datasets). The obtained accuracy of mean tree height esti-
mation is in line with the results of prior studies in which ABAOrdinary has 
been used in ALS-based seedling stand characterization. In Næsset and 
Bjerknes (2001), tree height was estimated with an rRMSE of 15% 

Table 7 
Evaluation of mean tree height estimation among all plots (n = 89) using SPL and LML datasets for each method. Unit: meter (m).   

SPL  LML 

RMSE rRMSE(%) Bias rBias(%) r  RMSE rRMSE(%) Bias rBias(%) r 

ABAOrdinary  0.64  17.4  0.03  0.8  0.94   0.72  19.5  0.03  0.8  0.92 
ABAEdge  0.65  17.6  0.03  0.8  0.94   0.73  19.8  0.04  1.1  0.92 
ABAITD  0.63  17.1  0.03  0.8  0.94   0.60  16.3  0.01  0.3  0.95 
ABAEdgeITD  0.63  17.1  0.02  0.5  0.94   0.60  16.3  0.01  0.3  0.95  
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Fig. 7. Mean tree height estimations using SPL and LML datasets for each method, by separating plots in advanced seedling stand (AdS, shown as crosses) and in 
young seedling stand (YoS, shown as circles). The green line shows the fit of the best-performing regression model. The dashed line represents the 1:1 relationship 
between the predicted and observed values. Unit: meter (m). 
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(rBias: 3.5%, r = 0.83) using low-density (1.2 points/m2) ALS data. 
Puliti et al. (2019) used ABAOrdinary and sparse ALS (5 points/m2) to fit 
randomForest models to estimate plot-level mean tree height, achieving 
an rRMSE of 30.9%. Ørka et al. (2016), on the other hand, achieved 
rRMSE of 28% in stand-level tree height estimation when using low- 
density (~0.7 points/m2) ALS data. 

Regarding the use of remote sensing techniques and individual tree 
detection for seedling stand characterization, the obtained results were 
somewhat in line with those of prior studies. Imangholiloo et al. (2020) 
used multispectral ALS data (57 points/m2) to detect and classify trees in 
seedling stands, using randomForest classifier and spectral values from 
three different laser wavelengths. They reported an rRMSE of 37.9% for 
the density of seedling stands. Similarly, Imangholiloo et al (2019) used 

UAV photogrammetry and hyperspectral data to characterize seedling 
stands, achieving an rRMSE of 26.8% for tree density estimations. 
Notably, the plot-level tree density was predefined by thinning in the 
two studies and ranged from 605 to 2388 TPH within 15 plots in 
Imangholiloo et al. (2019) and from 796 to 2228 TPH within 12 plots in 
Imangholiloo et al. (2020). 

When comparing our findings related to the estimation accuracy of 
mean height of seedling stands to those of prior studies, in which 
seedling stands have been characterized with methods based on ITD, it 
seems that bias could decrease with the use of ABAOrdinary in general and 
ABAEdgeITD in particular. For example, Imangholiloo et al. (2019) re-
ported an underestimation of 7.4% using ITD-watershed segmentation 
with UAV photogrammetry and hyperspectral imagery, and 

Table 8 
The coefficient values and estimators used for tree density estimations. The first column with only a number is a constant value of the regression equation. Rows with r 
show the correlation value of the estimator and field-measured tree density. For the ABAITD and ABAEdgeITD methods, text inside parentheses specifies which methods 
were used to create the estimator.    

SPL     LML   

ABAOrdinary 8.15 − 0.567 D9 +0.090 D8 +0.015 D1   8.42 − 0.351 D9 − 0.016 D7 +0.007 D0 

r  − 0.47 − 0.30 0.26   − 0.39 − 0.30 0.21 
ABAEdge 8. 46 − 0.386 D9 − 0.001 D1 − 0.002 D3   8.33 − 0.349 D9 − 0.004 D7 +0.010 D0 

r  − 0.47 0.27 0.14   − 0.39 − 0.28 0.22 
ABAITD 7.92 − 0.414 D9 

(ABAOrdinary) 
+ 0* NsegpHec − 0.022 D8 

(ABAOrdinary)   
8.06 + 0** NsegpHec − 0.208 D9 

(ABAOrdinary) 
− 0.183 CA/ 
NsegpHec 

r  − 0.47 0.33 − 0.30   0.39 − 0.39 − 0.33 
ABAEdgeITD 7.43 − 0.256 D9 (ABAEdge) +0 NsegpHec +0.015 D1 (ABAEdge)   8.09 − 0.215 D9 

(ABAEdge) 
+0 NsegpHec − 0.184 CAc/ 

NsegpHec 

r  − 0.47 0.33 0.27   − 0.39 0.39 − 0.33 

N.B.: The values with 0 were, in fact, 0.0002* and 0.0003**. They were shown 0 here because the coefficients were rounded up to three decimals. Because the value is 
so big (e.g., the mean of NsegpHec was 2395.53 in SPL ABAEdgeITD method), multiplying it to such a tiny coefficient (0.0002*) would be as important as other estimators 
with bigger coefficients. 

Table 9 
Evaluation of total tree densities among all plots (n = 89) using SPL and LML datasets in each method. Unit: trees per hectare (TPH).   

SPL  LML 

RMSE rRMSE(%) Bias rBias(%) r  RMSE rRMSE(%) Bias rBias(%) r 

ABAOrdinary 2856  67.4 669  15.8  0.48  2960  69.8 729  17.2  0.40 
ABAEdge 2884  68.0 653  15.4  0.47  2946  69.5 725  17.1  0.41 
ABAITD 2768  65.3 581  13.7  0.51  2755  65.0 428  10.1  0.49 
ABAEdgeITD 2760  65.1 800  18.9  0.57  2751  64.9 426  10.1  0.49  

Fig. 8. Tree density estimations obtained using SPL and LML datasets on ABAITD method and by separating plots in advanced seedling stand (AdS, shown as crosses) 
and in young seedling stand (YoS, shown as circles). The green line shows the fit of the best-performing regression model. The dashed line represents the 1:1 
relationship between the predicted and observed values. Unit: tree per hectare (TPH). 
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Imangholiloo et al. (2020) reported an underestimation of 6.88% using 
ITD-watershed segmentation with multispectral ALS data. However, the 
rRMSE was higher (17.1%) in this study with SPL compared to that of 
Imangholiloo et al. (2019; 11.5%) and Imangholiloo et al. (2020; 
10.8%). Moreover, Korpela et al. (2008), using leaf-on ALS and aerial 
imagery, reported an underestimation of 20–40%; Vepakomma et al. 
(2015) used UAV photogrammetry to characterize seedling stands and 
found an underestimation of 0.39 m. Other studies using ITD methods 
and UAV photogrammetry for seedling stand characterization reported 
an underestimation between 0% and 16% (Solvin et al., 2020; Gallardo- 
Salazar and Pompa-García, 2020; Albuquerque et al., 2021). We can see 
that the findings of our study fit well with those of the ITD-method- 
focused studies. 

In the context of all sample plots, the observed near absence of bias in 
the mean tree height estimates is most likely due to cancellation of 
overestimation in the mean height of YoS (-18.5% on 9 sample plots) by 
underestimation in the mean height of AdS (1.3% on 80 sample plots, in 
ABAITD SPL data; Fig. 7). Another reason could be the time difference of 
about one year between field data collection (from April 28 to 
September 9, 2017) and laser scanning (from May 21 to 31, 2018); in 
other words, tree height growth within this time lag could be another 
influential factor canceling out the possible underestimation of mean 
tree height. However, from a modeling perspective, the effect of time lag 
is considered irrelevant as the estimates were based on modeling rather 
than on direct observation. 

Similar to the density of seedling stands, there is a lack of prior 
studies on the application of the methods investigated in this study 
(ABAEdge, ABAITD, and ABAEdgeITD) to seedling stands, though some ex-
periments have been carried out in mature forests. For example, Hyyppä 
et al. (2012) investigated estimation of plot-level mean tree height in 
mature forests using ABAITD. The observed nearly unbiased mean tree 
height estimation in seedling stands obtained in our study (rBias: 
0.02–1.1%) aligns with that obtained by Hyyppä et al. (2012; 0.0%) 
when using the ABAITD method. Hyyppä et al. (2012) could improve the 
rRMSE by 0.8 pp (from 7.0% to 6.2%) by adding ITD features to 
ABAOrdinary (ABAITD), which is less than the observed improvement in 
seedling stands (3.2 pp of rRMSE) reported in our study using the ABAITD 
method in LML data. 

4.3. Effect of the maturity of a seedling stand 

We hypothesized that the structure of seedling stands affects the 
accuracy of estimating their density and mean height. To validate this 
hypothesis, we investigated the performance of the ALS-based method 
on seedling stands within different maturity classes (i.e., AdS and YoS). 
Higher estimation accuracies for attributes characterizing tree density 
and height using both SPL and LML datasets were observed for more 
advanced seedling stands (AdS). This is in line with results reported in 
Imangholiloo et al. (2019; 2020), where the accuracy of RS-based esti-
mates for seedling stand characteristics was lower in younger seedling 
stands (YoS). 

Concerning mean height estimation in YoS and AdS: the over-
estimation of YoS tree density led to the overestimation of YoS height 
due to the presence of taller non-tree segments such as deadwood, 
stumps, tall bushes, etc. As for AdS height estimation, we should note 
that the slight underestimation of the mean height of AdS plots could be 
attributed to the regression to the mean value of height; AdS plots were 
generally taller than the mean height value (3.7 m; Table 1) as well as 
lacking a laser to hit treetops or occlusions of suppressed trees by 
dominating tree canopies, which can occur in dense and not-thinned 
seedling stands where conifers are under the dominant birch trees. 

4.4. Effect of laser scanning technology (SPL vs. LML) 

By comparing the tree height and density estimations of the SPL 
dataset to those of the LML dataset, we see that tree density was 

underestimated less when we used the ABAEdgeITD with LML (10.1%) 
than it was with SPL (18.9%), regardless of seedling stand maturity. This 
advantage of SPL is in line with other studies in which LML and SPL 
technologies have been compared in mature forests (Räty et al., 2022; 
Yu et al., 2020). This could be attributed to the denser CHMs created by 
SPL, which needs fewer gap filling of CHM pixels than LML does 
(explained in Section 2.2.2). However, improvement was incremental 
with respect to the general level of estimation accuracy (rRMSE of 
approximately 65–70%). In AdS stands, the performance of SPL (rRMSE: 
61.5%) remained at about the same level as that of LML (60.6%) when 
estimating tree density (Fig. 8). However, Yu et al. (2020) observed that 
SPL flights at 1900 m and 3800 m AGL yielded more accurate estima-
tions of structural metrics (e.g., height) in mature forests, when 
compared to conventional multispectral OptechTitan multispectral ALS 
data (400 m). 

Similarly, for mean height estimates, the use of SPL data resulted in 
slightly better accuracy than the use of LML data did, especially in YoS 
when estimating mean tree height (rRMSE: 26.1%) compared to LML 
(rRMSE: 27.8%) in the ABAITD method. This could be due to the higher 
point density of SPL (19.0 points/m2) and the higher proportion of first/ 
only returns (99.7%) compared to these aspects of LML (12.5 points/m2 

and 85.7%; see Table 3 and Table 4). Comparing both SPL and LML 
results for YoS to previous studies’ reports of YoS strata (Imangholiloo 
et al. 2019; 2020) using multispectral ALS (point density 57 points/m2) 
and UAV-photogrammetric point clouds with ITD methods, we see that 
the height was overestimated in YoS in this study. This overestimation 
could be due to the ABAOrdinary used in this study (in contrast to the 
studies using ITD), removal of possible tall non-tree segments, and 
regression to the mean value of the field-measured tree height. 

5. Conclusions 

In this study, we aimed at improving ALS-based methodologies for 
characterizing the density and mean height of seedling stands, which are 
the key indicators used to assess the need for silvicultural practices. ITD- 
derived features were used in accordance with ALS features character-
izing the vertical and horizontal distribution of points in sample plots 
with geometry corrected according to edge tree crown segments located 
at the sample plot border. 

The applied methodological modifications to ABAOrdinary enhanced 
the accuracy of seedling stand characterization in boreal forest condi-
tions. Compared to the performance of ABAOrdinary, the rRMSEs of the 
estimates for density and mean height of seedling stands were decreased 
by 4.9 and 3.2 pp with the modified ABAEdgeITD method. However, im-
provements in the estimates of seedling stand density were considered 
marginal with respect to the general level of accuracy (rRMSE of 
approximately 65–70%). In general, the performance of ALS-based ap-
proaches to characterize the density of seedling stands fall short of the 
characterization accuracy of mean height of seedling stands. This is due 
to the limited capacity of ALS and related methodologies to detect all the 
small trees within the sample plots. According to the results, charac-
terization accuracy is expected to improve with seedling stand maturity. 
The use of SPL technology in point cloud data acquisition seemed to 
provide practically comparable or even enhanced performance in 
seedling stand characterization when compared to the use of conven-
tional LML technology. More importantly, the ability of SPL technology 
to provide comparable point cloud representation of the structure of 
seedling stands with a higher flight altitude makes it an appealing option 
for use in operational forest inventories in the future. To conclude, it 
seems that the tested methodological improvements should be carefully 
considered in the further development of ALS-based inventories sup-
porting forest management and silvicultural decision-making. 
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