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ABSTRACT
An accurate forest inventory is crucial for forest monitoring and quantifying forest above-
ground biomass (AGB). This study aimed to investigate the feasibility of Terrestrial Laser
Scanning (TLS) in forest inventory and AGB estimation in the tropical forest of Malaysia.
Individual trees were detected using manual and automatic detection methods. An average
tree detection rate of 99.55% and 93.75% were achieved using the manual and automatic
detection method respectively. The accuracy of the diameter at breast height (DBH) of trees
measured from TLS was validated using field DBH as reference. A root means square error
(RMSE) of 1.37 cm (6.60%) and 2.36 cm (11.47%), respectively, were obtained for manually and
automatically measured TLS DBH. Similarly, TLS based tree height was validated using
Airborne Laser Scanner (ALS) height as a reference and resulted in RMSE of 1.74m (9.30%) and
3.17m (17.40%) with manual and automatic method respectively. Finally, AGB was calculated
using the variables derived from the TLS data. Results show an R2 value of 0.98 and RMSE of
0.08Mg. The results of this study confirmed that TLS as a nondestructive approach can provide
a very good estimation of forest attributes and AGB in the dense tropical forest conditions.

RÉSUMÉ

Un inventaire forestier pr�ecis est crucial pour la surveillance et la quantification de la bio-
masse des forêts (AGB). Dans cette �etude, la faisabilit�e de l’utilisation d’un laser terrestre
(TSL) pour l’inventaire forestier et l’estimation de l’AGB a �et�e �etudi�ee dans la forêt tropicale
de la Malaisie. Des arbres individuels ont �et�e localis�es �a l’aide de m�ethodes de d�etection
manuelle et automatique. Un taux moyen de d�etection des arbres de 99.55% et de 93.75%
a �et�e atteint �a l’aide de la m�ethode de d�etection manuelle et automatique respectivement.
La pr�ecision du diam�etre �a la hauteur de la poitrine (DBH) des arbres mesur�es �a partir du
laser terrestre a �et�e valid�ee �a l’aide d’un inventaire terrain. Un RMSE de 1.37 cm (6.60%) et
de 2.36 cm (11.47%) a �et�e respectivement obtenu pour le DBH mesur�e manuellement et
automatiquement. De même, la hauteur des arbres TSL a �et�e valid�ee �a l’aide de la hauteur
�evalu�ee par un LiDAR a�eroport�e comme r�ef�erence et a entrâın�e un RMSE de 1.74 m (9.30%)
et de 3.17 m (17.40%) respectivement. Enfin, la biomasse a �et�e calcul�ee �a l’aide des variables
d�eriv�ees des donn�ees TLS. Les r�esultats montrent une valeur R2 de 0.98 et un RMSE de
0.077Mg donn�ees. Les r�esultats de cette �etude ont confirm�e que le TLS en tant qu’approche
non destructive peut fournir une tr�es bonne estimation des attributs forestiers dans les con-
ditions denses des forêts tropicales.
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Introduction

Forest inventory plays a great role in quantifying the
amount of forest biomass, and monitoring of the terres-
trial carbon cycle. Globally, about 80% of the carbon
stock found in the aboveground biomass of the forest

ecosystem (Dixon et al. 1993). Estimating the contribu-
tion of the forest resource for carbon sink requires
accurate and reliable information on the amount of
aboveground biomass (AGB) of the forest ecosystem.
Most of the time forest inventory assessment and

CONTACT Solomon Mulat Beyene solibnm@gmail.com
Copyright � CASI

CANADIAN JOURNAL OF REMOTE SENSING
https://doi.org/10.1080/07038992.2020.1759036

http://crossmark.crossref.org/dialog/?doi=10.1080/07038992.2020.1759036&domain=pdf&date_stamp=2020-05-04
https://doi.org/10.1080/07038992.2020.1759036
http://www.tandfonline.com


biomass estimation are based on field sample plots
established in the forest area (Liang et al. 2016). Forest
field inventory information is conducted at the plot
level by measuring each tree in the field. It requires
much effort and resources, accordingly, it limits the
extent of forest inventory that can be conducted (Liang
et al. 2018). In the past attempts have been made to
improve forest field inventory and biomass estimation
techniques efficiency, but the development has been
slow until the laser scanning method became practically
available (Liang et al. 2018).

In recent years, terrestrial laser scanning (TLS) and
airborne laser scanner (ALS) technologies have become
the most promising techniques for forest inventory and
biomass estimation (Barbosa et al. 2014; He et al. 2013;
Srinivasan et al. 2015). The application of such technol-
ogies (i.e., ALS and TLS) provides accurate measure-
ment of forest inventory parameters such as height,
DBH, crown area, and individual tree position through
scanning of the object with laser pulses (e.g., Ferraz
et al. 2016; Hopkinson et al. 2004; Hyypp€a et al. 2012;
Ramirez et al. 2013). ALS measures the vertical struc-
ture of forests by determining the distance between the
sensor and the target object and provides accurate tree
height estimation than the traditional field height meas-
urement (Wang et al. 2019; Kronseder et al. 2012).

TLS is an instrument that automatically measures
the surrounding object by sending laser pulses to the
object and produced 3D of the object’s surface (Liang
et al. 2016, 2018). It produces dense point cloud data
that can be used for research in various fields of
study. TLS technology has been successfully imple-
mented in the field of forestry since the early 2000s
(Hopkinson et al. 2004; Simonse et al. 2003; Thies
and Spiecker 2004; Watt and Donoghue 2005). These
studies explored the potential of TLS for measuring
forest attributes. TLS also provides structural parame-
ters that have not been addressed by the traditional
forest inventory system (Newnham et al. 2015). With
these advantages, TLS has been used in the measure-
ment of DBH, height, stem curve, species detection,
crown width, volume, and biomass estimation at the
plot, single tree, and stand-level (Åkerblom et al.
2017; Liu et al. 2018; Olschofsky et al. 2016;
Srinivasan et al. 2015). Forest field inventory and bio-
mass estimation techniques have shown a dramatic
change in the past few years because of the introduc-
tion of TLS (Liang et al. 2016).

Three types of TLS based data acquisition have been
reported in forest inventory: namely single scan, multi-
single, and multi-scan approaches (Liang et al. 2016).
The multi-single scan approach combines the elements

from single and multi-scan approaches but reference tar-
gets are not used in this case (Liang et al. 2016). In the
single scan approach, the TLS device is placed at the plot
center and scans all the trees that are visible for the scan-
ner only from one position. Shadowing of the target
object by the other objects (e.g., branches, leaves, other
tree stems) is a challenge in a single scan, which results
in low accuracy of extracting individual trees (Kankare
et al. 2013, 2017; Wilkes et al. 2017). Research has con-
firmed that about 40% of the trees in the sample plot
could not be detected from the center of the plot when
applying a single scan method (Brolly and Kir�aly 2009;
Liang et al. 2012; Lovell et al. 2011). A single scan
method is less efficient in an area where there is a dense
and complex forest stand. The detection of individual
trees decreases as the complexity of the sample plot
increases. For instance, with a single scan, a tree detec-
tion rate of 70%, 60%, and 30% was reported in easy,
medium and difficult plots respectively (Liang et al.
2018). Because of the above reason, a multi-scan
approach is chosen in many studies despite its more
time-consuming task in data collection. Multi-scan pro-
vides a highly detailed and dense point cloud that helps
for the detection of individual tree trunks. It considered
as the most effective and efficient way of capturing all
trees in the sample plot. It also has the advantage to pro-
vide better 3D tree modeling (Hackenberg et al. 2014).

Several studies have been done on tree detection
and measurement of inventory parameters such as
DBH and height from TLS point cloud data using dif-
ferent algorithms (Astrup et al. 2014; Heinzel and
Huber 2016; Kankare et al. 2015; Kore�n et al. 2017;
Liu et al. 2017; Olofsson et al. 2014). For instance,
Cabo et al. (2018) applied the automatic method to
estimate DBH and height from TLS data and reported
RMSE of DBH ranged from 0.8 and 1.3 cm and total
tree height ranged from 0.3 to 0.7 m. The study was
conducted in a broadleaved stand and temperate for-
est and more than 99% of the trees were detected
from the sample plot. Kelbe et al. (2015) used low
density single scan TLS data and estimated DBH with
an R2 value of 0.80 and RMSE 6.0 cm. Similarly, de
Conto et al. (2017) reported RMSE ranges between
1.06–3.21 cm for Scots pine and 1.19 to 3.58 cm for
Norway spruce using small sets of trees. Liang et al.
(2018) presented the state of the art algorithms for
tree attribute extraction from TLS point cloud data
and 18 algorithms were benchmarked for boreal forest
inventory. In this study, we detected trees and meas-
ured DBH and height of individual trees from the
TLS data using both manual and automatic methods.
Retrieval of forest attributes with TLS has been tested
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in different tree species and vegetation types (Kankare
et al. 2013; Liang et al. 2016).

The potential of TLS in forestry is clear but not yet
fully exploited since most of the studies focused on a sin-
gle species, plantation, deciduous and coniferous forests,
with limited research in the tropical forests. The meas-
urement of forest attributes with TLS has been proven to
be challenging in dense multilayered forests due to occlu-
sion (White et al. 2016). The detection and measurement
of trees decreases as the complexity of the forest
increases. The study site of this research is characterized
by a multilayered canopy structure with diversified tree
species, dead tree branches, and dense understory vegeta-
tion. The question is how TLS can effectively detects and
measures forest attributes in the tropical forest character-
ized by dense understory and multilayered forest.
Accordingly, this study aimed to investigate the perform-
ance of TLS in tree detection, DBH, and height measure-
ment in the dense tropical forest of Malaysia.

Materials and methods

Study area

The study was conducted in the Ayer Hitam tropical
forest reserve, Puchong Selangor, Malaysia, which is
geographically situated on the southern edge of Kuala

Lumpur city within 3�01029.100N and 101�38044.400E
(Figure 1). The area represents the complex tropical
forest with multiple layers of different species and dense
understory vegetation. The forest consists of diversified
tropical tree species which is recognized as one of the
oldest lowland forests. The landscape of the forest area
is undulated with elevation ranges between 15 and
233m above sea level. The area is located at about
20 km southwest of Kuala Lumpur. It covers 1248 ha of
forest and is surrounded by residential and develop-
ment areas (Nurul-Shida et al. 2014). The area has a
tropical climate characteristic with a mean annual tem-
perature of 25.2 �C. The average annual temperature
within the study area falls between 23 to 32 �C. The
average annual rainfall of the area reaches up to
1765mm, and the peak rainfall occurs between October
and February (Toriman et al. 2013).

Field data

The field data collection was conducted between
September and October 2016. The sample plots were
established by considering the terrain conditions and
distance from the road which enabled us for easy
movement while carrying TLS. In total, 10 sample
plots with a size of 500m2 (radius of 12.62m) were

Figure 1. Location of the study area.
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established. When necessary, slope correction was
made to keep an area of 500m2. Within each plot,
height, DBH, and tree locations with DBH �10 cm
were measured and recorded. DBH was measured at
1.3m above the ground using a measuring tape and
the height of the tree was measured using Leica
DISTO D510. Within each plot, tree location was
recorded for all trees with DBH �10 cm using a hand-
held Garmin GPS.

Concurrently with the field data collection, TLS
was deployed in each plot with five scanning positions
setup. The plots were scanned using RIEGL VZ- 400
TLS. The TLS device uses a near-infrared laser beam
(1550 nm) and has a measurement ranging from 1.5
to 600m. It provides dense point cloud data with pre-
cision and accuracy of 3mm and 5mm respectively
(Riegl 2017). In each plot, trees with DBH �10 cm
were identified and tagged with unique numbers. The
numbers tagged in each tree were used to recognize
the trees in the TLS scan data, and linked to the cor-
responding field data. In each plot, clearance of the
undergrowth vegetation was carried out to make all
the tagged trees and reflectors visible for the scanner.
Fifteen cylindrical and four circular reflectors were
placed inside the plot and kept visible to the scanner.
The cylindrical retro-reflectors were placed on top of
sticks, whereas the circular retro-reflectors were placed
on some of the selected tagged tree stems which faced
toward the central scan. One scanning position was
placed at the center of the plot, and four positions
were placed outside the plot. It is a commonly used
scan setup at plot level study (e.g., Abegg et al. 2017).

In this study, the ALS data obtained from the
University Putra Malaysia (UPM) has been used
for validation of tree height extracted from TLS.
The data were acquired by the University on July 23,
2013. It was acquired using LiteMapper 5600
waveform-digitizing LiDAR system. The average flight
altitude ranged from 700 to 1000m. The point cloud
density produced by ALS was 5–6 points/m2. The
pulse rate of the sensor varied from 70 to 240 kHz.
The differences between LiDAR first and last pulse
returns used to obtain the tree canopy height model
(CHM). The detailed processing steps of the ALS data
can be found in (Bazezew et al. 2018).

Pre-processing of TLS data

The registration of TLS data was performed using the
RiSCAN PRO software. Retroreflectors that placed
inside the sample plot were used for registration.
Similar artificial retroreflectors were used for

registration of point clouds in other studies
(Holopainen et al. 2014). The point cloud data of each
sample plot was co-registered using retroreflectors and
produced a single dataset. The main aim of co-regis-
tering all the scan positions was to produce a com-
plete dataset for the scanned sample plot. Multiple
station adjustment of the multiple scans was used to
further refine and reduce error by improving the
alignment in the registration of multiple scans. The
registration error of the multiple scans varied from
plot to plot (Table 1).

The registered multiple point cloud data were used
as a source to extract sample plots for further analysis.
The actual area scanned by TLS was larger than the
plot size. Therefore, we delineated the boundary of
the sample plots and filter out all the point cloud data
outside the sample plot in RiSCAN PRO software.
The trimmed out point cloud data with the size of the
sample plot was used for both manual and automatic
measurement of forest inventory parameters.

Extraction of individual trees
Within the sample plot, RiSCAN PRO software was
used again to extract the point cloud data belonging
to each tree. The point cloud data of the sample plot
was converted into a color image to allow visualiza-
tion of individual trees. By superimposing true color
images, which were taken by the TLS during scanning
of the plots, on top of the point cloud of the plot, the
individual trees could be assigned the corresponding
tree number. The point cloud associated with each
tree was extracted. An example of a manually
extracted individual tree from the TLS point cloud is
shown in (Figure 2). Similarly, the automated detec-
tion of individual trees from the point cloud was per-
formed in the Computree software package. The
automatic detection algorithm developed by Othmani
et al. (2011) was used to detect the individual trees
and estimate DBH and height from the point cloud.

Measurement of individual tree height and DBH
The manual measurement of DBH and height of indi-
vidual trees was performed in the RiSCAN PRO soft-
ware using the distance measurement tool. The
distance measurement tool in TerraScan was used for
manual measurement of DBH from the TLS point
cloud in the study of (Kankare et al. 2016). DBH was
measured manually from the point cloud at 1.3m

Table 1. Multiple scan TLS registration error in each plot.
Plot No. 1 2 3 4 5 6 7 8 9 10

Std.Dev.(m) 0.020 0.018 0.028 0.022 0.021 0.024 0.023 0.022 0.026 0.023
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above the ground at the base of the tree trunk. The
manual measurement of individual tree height was
also performed using a similar tool. It measures the
total distance between the base of the tree and its
most tip part as shown in (Figure 3). Similarly, the
point cloud data of the sample plot was imported into
Computree to automatically generate DBH, height
and individual trees. The automatic detection algo-
rithm developed by Othmani et al. (2011) was used
for the automatic measurement of forest inventory
parameters (i.e., DBH and height) from the point
cloud data in Computree software. The sample plot
was trimmed out with a radius of 12.62m in
Computree software. The first step in the measure-
ment of individual tree height and DBH in
Computree software was generating a Digital Terrain
Model (DTM) from the point cloud data (Maas et al.
2008). Since we used multi-scan TLS data, we applied
a 0.05m grid resolution to decrease the point density
as well as the calculation and processing time. The
point cloud was further processed to separate the
ground and vegetation points. We generated a hori-
zontal grid cell size of 0.5 to separate the point cloud
belonging to the ground and vegetation part. The
point cloud belonging to the vegetation part was fur-
ther segmented to individual trees to measure tree
height. Cylinders were fitted to merged logs to esti-
mate DBH of individual trees. The main steps we

applied for the automatic extraction and measurement
of parameters in Computree software were: (1) digital
train model generation, (2) clustering of points and
merging logs, (3) creation of virtual logs, (4)
Skeletonization, (5) cylinder fitting and DBH compu-
tation. The results of the steps applied in Computree
are DTM, canopy height model, and DBH estimates
of individual trees. The reader is referred to the work
of Othmani et al. (2011), for further details of the
algorithm used in this study.

Statistical analysis

The coefficient of determination (R2) was calculated
among the variables derived from TLS and field meth-
ods. The accuracy of the detected tree height and
DBH was evaluated using the root mean square error
(RMSE). The RMSE was calculated by using the meas-
ured value of the detected parameters Yi, i.e., DBH or
height of individual trees and the estimated value Yª
(Equation (1)). It used to depict the deviation between
the measured and the estimated values of the parame-
ters. A Student’s t-test was also performed to test and
examine if there was a significant difference between
measured variables.

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPn

i¼1 ðyi� ŷÞ2
n

s
(1)

Figure 2. A sample of manually extracted individual trees from Terrestrial Laser Scanner (TLS).
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where RMSE—root mean square error; Yi—the meas-
ured value of the dependent variable; Yª—estimated
value; n—the number of observations;

Tree detection %ð Þ

¼ No: of trees detected from TLS
No: of trees recorded in the field

� 100

(2)

AGB and carbon stock estimation

Since there is no site-specific allometric equation
available for this particular study site, the generic allo-
metric model developed by Chave et al. (2014) was
applied (Equation (3)). The inputs of the allometric
equation were TLS DBH, height, and wood density.

AGB ¼ 0:0673 � ðqD2HÞ0:976 (3)

where AGB-above-ground biomass (kg); D-DBH
(cm); H-height (m); and q-wood density (g/cm3).

The amount of AGB was converted into above-
ground carbon using (Equation (4)). For this study,
the IPCC (2006) conversion factor of 0.47 was used to
convert the total AGB to aboveground carbon stock.

C ¼ AGB� CF (4)

where C-represents carbon stock (Mg); AGB-above-
ground biomass (Mg); CF-conversion factor ¼ 0.47.

Results

Individual tree detection from TLS

In all plots, the accuracy of tree detection was assessed
with respect to the number of trees recorded in the
field. The total number of trees in each plot was
recorded at the same time as the TLS scan. In total,
394 trees were recorded from the 10 sample plots,
ranging from 34 to 44 trees per plot. The accuracies
of tree detected from the TLS point cloud data using
manual and automatic methods were evaluated with
respect to field collected data. The tree detection rate
from the point cloud data varied from plot to plot.
The manual tree detection was expressed in terms of
percentage and the result varied from 95.45% to 100%
(Table 2). Trees that were obscured by the other trees
could not be detected from the point cloud data. Of
all the trees recorded in the field, only two trees were
missed in the manual tree detection. The two trees
were occluded by the adjacent standing tree stems.

In the case of automatic tree detection, 24 trees could
not be detected from the point cloud data. As can be
seen from Table 3, the automatic tree detection rate var-
ied from plot to plot. In plots two and three, all the trees
that are identified in the field could be correctly detected
(i.e., 100%) whereas in the other plots the detection rate
varies from 85.71% to 97.72% (Table 3). Plot 7 and 8
showed lower extraction percentages as compared to the
other plots. These plots had stronger occlusion because
of abundant denser undergrowth vegetation.

Figure 3. Individual tree height and diameter at breast height (DBH) measurement in RiSCAN PRO.
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DBH measurement and accuracy assessment

The DBH of each tree was measured at 1.3m above
the ground from the point cloud data. The manual
and automatic measurement of DBH was done separ-
ately. The relationship between field measured DBH
and TLS based DBH estimation was indicated with a
linear regression (Figures 4 and 5). A very good rela-
tionship was observed between manually measured
TLS DBH and field measured DBH, indicating the
effectiveness of TLS in DBH measurement. The rela-
tionship between the field and manually extracted
DBH from TLS point cloud showed a high R2 value
of 0.98. An RMSE value of 1.37 cm (6.60%) was
achieved between field measured DBH and manually
extracted DBH from the TLS point cloud. The result
showed that DBH measurement from the TLS point

cloud had no influence on the model since the linear
regression line was close to the one to one line as
shown in (Figure 4). The t-test result showed that
there was no significant difference (p value ¼ 0.62)
between field measured DBH and manually derived
DBH from the TLS point cloud at a 95% confi-
dence level.

In the case of automatic measurement of DBH in
the point cloud, there was some difference as com-
pared to the field measured DBH. A total of 370 trees
were extracted automatically from the TLS point
cloud. The field measured DBH was plotted against
the automatically extracted TLS DBH to compare
their relationship. The relationship between field and
automatically extracted DBH from TLS point cloud
showed a linear regression with an R2 value of 0.95.
The deviation of the automatically measured DBH
from the field DBH was calculated by using RMSE. It
was observed that the RMSE was 2.36 cm (11.47%) for
automatically derived DBH from the TLS point cloud.
Based on the statistical test result there was no signifi-
cant difference between the field measured and auto-
matically derived DBH from the TLS point cloud with
p value ¼ 0.79 at the 95% significance level. Figure 5
shows the scatterplots of the DBH measured with a
measuring tape in the field versus the DBH derived
automatically from the TLS data. The dashed line
shows the 1:1 line and the solid line shows the
trend-line.

Table 2. Manually extracted individual trees from TLS point
cloud data.
Plot 1 2 3 4 5 6 7 8 9 10

Total trees 35 39 42 44 40 35 38 34 43 44
Extracted trees 35 39 42 44 40 35 38 34 43 42
Extraction % 100 100 100 100 100 100 100 100 100 95.5

Table 3. Automatically extracted individual trees from TLS
point cloud data.
Plot 1 2 3 4 5 6 7 8 9 10

Total trees 35 39 42 44 40 35 38 34 43 44
Extracted trees 32 39 42 43 37 30 33 33 41 40
Extraction % 91.42 100 100 97.72 92.50 85.71 86.84 97.05 95.34 90.9

Figure 4. Comparison of manually derived TLS DBH with field measured DBH.
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Height measurement and accuracy assessment

The tree height measurement from the point cloud
was done by two different methods: namely manual
measurement in the RiSCAN PRO software using the
distance measurement tool and the automatic meas-
urement algorithm using Computree software. The
heights of individual trees were then measured from
the TLS point cloud data. It was observed that trees
that were obscured by the other trees were not
detected and measured. Of all the trees recorded in
the field, a total of 392 individual tree heights were
detected and measured manually from the TLS
point cloud.

Traditional field based tree height measurement
using handheld devices are often used for collecting
reference data for evaluating the accuracy of
other inventory techniques (Vastaranta et al. 2013).
However, such traditional measurements are often
susceptible to substantial errors since they are subject
to the experience and skill of the user. Field tree
height measurements are also more sensitive to stand
complexity, crown classes and tend to overestimate
individual tree heights particularly in areas where
there is a complex forest canopy layer (Wang et al.
2019). On the contrary, the ALS based tree height
estimation found to be powerful across different stand
conditions (Wang et al. 2019). In this study, we
observed that tree height measurement, by identifying
treetops, with Leica DISTO D510 laser was difficult
since our study site is located in dense forest stand

conditions. The height measuring device, used in this
study, requires a clear view of the treetop and its base
to accurately measure the tree height. However, the
visibility of the treetops and its base was limited in
the study area due to several reasons such as occlu-
sion by the adjacent tree crown, large tree crowns,
and limited observation positions. It was noted that
errors are presented in the field tree height measure-
ment because of the above reasons. It was also stated
in the study of Bazezew et al. (2018) that field-based
height measurement is associated with more errors
since it is difficult to spot the treetops in the dense
forest. Thus, for this study, we used ALS data as a ref-
erence for validation. However, it does not mean that
ALS height is absolutely accurate, but better as com-
pared to field height. The accuracies of manually and
automatically derived tree heights from TLS were
assessed by training them with the corresponding ALS
height of the individual trees. Tree height derived
from CHM of ALS data was considered as a reference
for validation of tree height derived from TLS. TLS
derived trees were matched with the corresponding
ALS identified trees. The individual tree locations
recorded in the field were used to link TLS derived
trees with the corresponding trees in the ALS data.
The trees extracted automatically from the TLS point
cloud were matched with the corresponding ALS
derived tree height using ArcGIS10.2 software. The
trees selected for validation of manually and automat-
ically derived tree heights from the point cloud were
those trees which matched with ALS height. The

Figure 5. Comparison of automatically derived TLS DBH with field measured DBH.
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result showed that an R2 value of 0.86 and an RMSE
of 1.74m (9.30%) were achieved for manually meas-
ured TLS height. For all matched trees, it was
observed that manually measured tree height from the
point cloud had no significant difference in the model
and the linear regression line was close to the one to
one line as shown in (Figure 6). The statistical test
showed that there was no statistically significant dif-
ference between manually measured tree height from
the TLS point cloud and ALS identified tree height
with p value ¼ 0.94 at a 95% significance level. One
of the major challenges in manually measured tree
height from the point cloud was segmenting the point
cloud which belonging to each tree. The result also
showed a positive linear relationship with an R2 value
of 0.48 for the automatically measured tree height.
The result reflects an RMSE value of 3.17m (17.40%)
for automatically measured height from the point
cloud data.

Discussion

Individual tree detection

This study tried to assess the feasibility of TLS in tree
detection and measurement of forest attributes (i.e.,
DBH and height) as well as AGB/carbon stock estima-
tion in the tropical forest of Malaysia. The study was
conducted in the dense tropical forest which is rich in
diversity of species composition. Tree density has an
effect on tree detection from the point cloud data
because of occlusion. One of the serious challenges

associated with the use of TLS in forestry is the non-
detection of trees from the point cloud data (Ducey
and Astrup 2013). Thus accurate tree detection is one
of the most important steps since it determines the
quality of forest attribute estimation and helps for
unbiased forest inventory (Liang et al. 2018; White
et al. 2016). According to Abegg et al. (2017), the
effect of occlusion on tree detection and forest inven-
tory parameters can be reduced by putting the scan-
ners on the sample plot with equal distance from the
center of the plot and between the scanners. In this
study, the TLS data were collected according to the
scan setup (i.e., five scans) stated in the study of
Abegg et al. (2017) to minimize occlusion on the
point cloud. Individual trees were extracted from the
TLS point cloud data with manual and automatic
extraction approaches, and some trees were missed in
the extraction process. Most of the individual trees on
the sample plot were detected with manually and
automatically detection method (Tables 2 and 3). The
detection of an individual tree from the TLS point
cloud varied with the quality of the point cloud data.
Accurate tree detection implies that the TLS could
efficiently capture data about the stem. Of all the trees
recorded in the field, only two trees were missed in
the manual tree detection process. Similarly, 24 trees
could not be detected in the automatic tree detection
method. Those trees were obscured by other trees and
thus could not be detected from the point cloud data.
The branches and neighboring trees also blocked the
measurement of some trees too much, since the area

Figure 6. The relationship between the Airborne Laser Scanner (ALS) heights and manually derived TLS height.
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is dense tropical forest. Tree detection from TLS data
at the sample plot has been addressed in previous
studies. In the study of Heinzel and Huber (2016),
97.4% of the trees could be detected for DBH �12 cm
from TLS with five scanning positions on sample plots
(r¼ 7.98 m). In the above study, a tree detection rate
of 97.3% and 84.6% was achieved for DBH �36 cm
and DBH �12 cm respectively. Olofsson et al. (2014)
reported tree detection ranges between 73% and 96%
depending on the distance of the trees to the scanner
and its tree density in the plot. In the above study,
tree detection was affected by tree density in the plot.
A tree detection rate of 61.8% was also reported by
Oveland et al. (2018) using a single scan setup on a
sample plot (r¼ 12.62 m) with a tree density of
380–1380 trees/ha. With the same scan setup, Reddy
et al. (2018) attained an average tree detection rate of
91% on sample plots (r¼ 10m) with a tree density of
400–500 stem per hector. Besides, the study reported
a tree detection rate of 96.5% and 100% using five
scanning positions on sample plot with a radius of
20m and 10 m respectively. In this study, we achieved
an average tree detection rate of 93.75% and 99.55%
on sample plots (r¼ 12.62 m) with a tree density of
1080 trees per hectare using automatic and manual
detection methods respectively. However, the auto-
matic extraction percentage of individual trees was
low as compared to manual extraction. A study con-
ducted by Bauwens et al. (2016) resulted in an average
tree detection rate of 93% ±8% using five scanning
positions performed in Computree software. Though
it is a time-consuming and tedious task, in this study,
tree detection error was minimized by using the man-
ual detection method. Tree detection with manual seg-
mentation was challenging in plots where there is a
high mixed crown. It is difficult to make a direct
comparison between studies since different studies
work with different plot sizes, scan setup, stem dens-
ity, scan conditions, detection algorithms, and tree
species (Liang et al. 2018). Though it is difficult to
make a direct comparison with other studies because
of the above reasons, in this study, we obtained high
accuracy of tree detection using both the manual and
automatic methods in dense forest conditions. The
results of this study indicated that TLS is capable of
detecting trees with high accuracy in the complex for-
est stands of tropical forest.

DBH measurement

Tree DBH is one of the most important forest param-
eters for AGB and carbon stock estimation which

could be extracted from the TLS point cloud data. In
this study, individual tree DBH was measured manu-
ally and automatically from the TLS point cloud data.
The accuracies of forest inventory parameters derived
from the TLS point cloud were validated using refer-
ence data. Validation of DBH detected from TLS was
done using field measured DBH as reference data.
Different manual and automated methods have been
used for the measurement of DBH from TLS point
cloud data. For example, Liu et al. (2018) applied
Random Hough Transform for tree detection and
DBH measurement; cylinder fitting (�Cer�nava et al.
2017), and circle fitting (Cao et al. 2017; Kore�n et al.
2017), and manually from TLS point cloud (Kankare
et al. 2016). In this study, we applied both automated
and manual DBH measurement techniques from TLS
point cloud data. The result (RMSE ¼ 1.37 cm, R2¼
0.98) achieved in this study was comparable with the
study of Stovall et al. (2017) who reported an R2 value
of 0.98 between field measured DBH and TLS based
DBH estimates. The accuracy of DBH measured from
TLS in this study has shown better accuracy than
other studies. For instance, Prasad et al. (2016)
reported an average R2 value of 0.95 with RMSE of
2.7 cm for the relationship of field measured DBH
and manually derived TLS DBH. Kankare et al. (2013)
also reported a similar result with the above-men-
tioned study for DBH estimation. They achieved R2 of
0.95 and RMSE of 1.48 cm using the manual measure-
ment from the TLS point cloud, so the result is nearly
similar to the current study. There was no significant
difference observed between the field and manually
measured TLS DBH accuracy. DBH can also be esti-
mated by fitting a circle to a slice of stem point clouds
(Kore�n et al. 2017; Liang et al. 2014). The stem point
cloud slices at a height of 1.3 above the ground and
fit a circle to the sliced point clouds. The diameter of
the circle that fitted on the sliced stem point cloud
will be taken as DBH of the tree. Liang et al. (2014),
for instance, sliced stem point clouds at breast height,
between 1.28m and 1.32m above ground, and fit
circles to the sliced stem point clouds to estimate
DBH of the tree. They reported RMSE of 2.36 cm for
DBH estimation. The irregular shape of the tree stem
at breast height affects the accuracy of DBH estima-
tion. Kankare et al. (2013) noticed a noncircular stem
form and stated that the accuracy of DBH estimation
is highly impacted by the stem form. The manual
measurement of DBH in RiSCAN PRO software
applied in this study has improved the accuracy of
DBH estimation. However, manual measurement
using RiSCAN PRO software is a tedious and time-
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consuming task. It worth noting that uncertainties
also occur in manual measurement of DBH from the
TLS point cloud (Kankare et al. 2013).

The automatic measurement was done using the
Computree software plugin which is open-source soft-
ware that uses point cloud data as input. The accuracy
of DBH estimated from the TLS point cloud obtained
in this study was better than the study of (Hopkinson
et al. 2004; Kankare et al. 2015; Lindberg et al. 2012)
conducted in Pine and Spruce dominated forest and
slighter lower than the study conducted by (Bauwens
et al. 2016; Calders et al. 2015). Liu et al. (2017)
reported an RMSE value of 6.38% for mean DBH esti-
mated using matched point clouds of multiple scans
with five scanning positions. In the above study, it is
stated that matched multiple scans with five scanning
positions enhanced the correctness of the stem map-
ping because of the full coverage of the point cloud.
The result of this study also agreed with the above
cited study. One of the challenges in the automatic
derivation of DBH from the point cloud was that the
software could not detect big trees in the point cloud
data. The accuracy of DBH can be affected by the
form of the tree stem since the tree stems are not per-
fectly circular (Kankare et al. 2013). Some of the tree
stem shapes were not circular and straight, and thus
the cylinder could not fit on it. Brolly and Kir�aly
(2009) also observed that the roughness of the bark
seems to have an influence on the accuracy of the
automatic commutation of TLS based DBH with circle
fitting on the stem. The DBH measurement from TLS
could be also affected by occlusion. Trees far away
from the scanner may have fewer laser return points
or be completely blocked by other trees which makes
it difficult to measure individual trees DBH.
Determining appropriate plot size and scan the sample
plot with multi-scans minimized the problem of
occlusion of the point cloud. In the multi-scans, trees
in the sample plot are more likely to be scanned from
a different direction and received sufficient point
could coverage of the stem that enabled for accurate
measurement of the tree DBH. The full coverage of
the tree stem enabled for accurate measurement of
DBH from the point cloud data. In this study, we
minimized the problem of occlusion and improved
the accuracy of DBH by using five scanning positions
approach in a circular plot with a radius of 12.62m.
The radius of the sample plot is depending on the
conditions of the forest to be studied. Decreasing the
radius of the sample plot in a dense forest would
improve the point cloud data quality, but it would
minimize the variation of the forest to be captured.

Tree height measurement

The individual tree height could also be measured
from the TLS point cloud data. The height measure-
ment from the point cloud was done after the proc-
essing and extraction of individual trees. It was
difficult to identify the treetops using the traditional
field height measurement device. In this study, it was
found that the field height measurement of trees in
the dense tropical forest was challenging. Thus, field
measured tree height could not be used for validation.
Instead, ALS height which is considered as accurate
tree height measurement was used to validate the
manually and automatically measured tree height
from the TLS point cloud data. Tree CHM was
acquired based on the LiDAR first and last return
from an entire study area.

The manually measured tree height from the TLS
point cloud was compared against the ALS measured
tree height in (Figure 6). The manual measurement of
tree height directly from the point cloud in RiSCAN
PRO provided a very good estimation of tree height.
The result showed a good linear fit (R2¼ 0.86) with
the reference tree height which is ALS height. The
present study showed better accuracy and is consistent
with previous work Hilker et al. (2010). The result
also comparable with the study of Wang et al. (2019)
who achieved root mean square deviation of 0.81m
between ALS height and TLS height conducted on a
complex sample plot. However, the manual measure-
ment of tree height from the point cloud in RiSCAN
PRO was challenging since it took more time to detect
and measure the individual treetops. It is notated that
TLS is a ground-based LiDAR so that its vertical view
could be limited by the structure of the forest crown.
Some of the dominant treetops could not be fully vis-
ible for the scanner. Thus, the possible source of error
in tree height measurement with TLS could be the
interlocking crowns of the forest. Besides, there is a
time gap between ALS and TLS data of the study
area. We assume that the tree height difference in the
old forest would not be substantial. However, we
could not measure the effect of the time gap on tree
height since there is no height growth model available
in the area. The tree growth rate on the matured trop-
ical forests would not have a major effect on the tree
height variation (Bazezew et al. 2018).

In contrast to the manual measurement, a great
disagreement was observed between ALS based tree
height and automatically measured TLS height. The
result showed a large disagreement with a lower R2

value of 0.48 and an RMSE of 3.13m. The R2 value of
ALS height versus automatically derived TLS height
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dropped by 54%. The result indicated that a good
agreement was observed between ALS height and
manually measured TLS height but the automatically
measured TLS height deviated from the ALS height.
The pattern of the outlines can be observed by com-
paring Figures 6 and 7 where the ALS height is plot-
ted against manually and automatically derived TLS
height. The main challenge in tree height measure-
ment was the intermingled nature of the tree crown
that made the segmentation of trees difficult.

AGB/carbon stock estimation

TLS has the potential to measure forest attributes with
high accuracy and reduce uncertainties in AGB esti-
mation since it estimates the complete tree volume
(Calders et al. 2014; Lu et al. 2016). Forest biomass
estimation typically calculated based on allometric
models that use tree height and DBH as input param-
eters. In this study, the biomass was calculated for
individual trees derived from TLS point cloud data.
The AGB was calculated with the allometric equation
developed by Chave et al. (2014) that requires height,
DBH and wood density as input parameters. We used
a multi-scan approach with five scanning positions for
the retrieval of forest attributes and AGB/carbon stock
estimation. TLS derived DBH and height values were
used as the predicting variables in the estimate. We
used only the manually derived TLS based forest
attributes to calculate AGB since the automatically
derived height had very poor accuracy. A total of
83.75 Mg AGB was obtained based on TLS in the 10

sample plots. Several studies have reported nondes-
tructive estimation of biomass using TLS data
(Calders et al. 2015; Hackenberg et al. 2015; Stovall
et al. 2017). In this study, R2 values of 0.98 and RMSE
of 0.08Mg was achieved for the biomass calculated
from TLS point cloud data. In Stovall et al. (2017),
the AGB was estimated for coniferous trees using TLS
data. They reported an RMSE of 2.1 kg. A comparable
result with an R2 value of 0.93 was reported by
Bauwens et al. (2016) in a study that was conducted
in a large variety of forest types in the south of
Belgium. Similarly, in the study of Kronseder et al.
(2012), AGB was estimated from LiDAR data with R2

values 0.90 and 0.91, with RMSE of 22.12 and 26 kg,
conducted in the Scots pine and Norway spruce forest.
In the study of Calders et al. (2015), RMSE of 9.7%
was reported for AGB estimated for 65 trees in a
native Eucalypt forest using multi-scan TLS data. The
results of these studies demonstrate that TLS is a non-
destructive method that is capable of estimating AGB
with reasonable accuracy. In this study, we proved the
ability of TLS for the derivation of forest inventory
parameters and AGB/carbon estimation in the tropical
dense forest.

Conclusions

The main objective of the study was to demonstrate
the feasibility of TLS in the derivation of forest attrib-
utes and AGB estimation at the plot level in the trop-
ical forest of Malaysia. The TLS data were acquired
using a multi-scan approach with five scanning

Figure 7. The relationship between ALS heights and automatically derived TLS height.
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positions on each sample plot. Both manual and auto-
matic tree detection and measurement of forest attrib-
utes were carried out from the TLS point cloud data.
The result demonstrated very high accuracy in tree
detection and forest inventory attributes estimation in
the dense forest stand conditions. Most of the trees
on the sample plot, particularly using the manual
extraction method, could be detected from TLS point
cloud data. Accuracy of TLS based tree height and
DBH were compared with the reference data, and the
result demonstrated that TLS could be used to meas-
ure tree height and DBH accurately in the dense for-
est stand conditions. However, the automated tree
height measurement resulted from the TLS point
cloud showed a very low agreement with reference
height. This implies that further studies need to be
done to develop robust automated algorithms that can
accurately estimate tree height in the tropical dense
forest stand conditions. As explained in the study of
Côt�e et al. (2011) the analysis of TLS data remains a
challenging task due to the effect of object occlusion.
Recent studies have proposed various automated tech-
niques to extract individual tree stem from plot-level
TLS scan data (Kore�n et al. 2017; Liang et al. 2012; Xi
et al. 2016; Yang et al. 2016; Zhang et al. 2019).
Nevertheless, all of the automated approaches devel-
oped in the above studies were focused on boreal,
deciduous, and coniferous forests. For instance, Xi
et al. (2016) proposed a fully automated approach for
plot-level stem analysis from TLS data. They tested
the automation on a mature pine forest in Finland
using both single and multi-scan TLS data.
Developing automated approaches in tropical forests
characterized by dense and multilayered canopy struc-
ture will help to fully utilize TLS in various forest
conditions in the future. Forest plot density and level
of occlusion also affects the tree detection accuracy
and estimation accuracy of TLS based forest attributes.
The problem of occlusion in the dense forest can be
reduced by determining the appropriate distance from
the scanner and using a multi-scan approach. The dis-
tance might be small in dense forest as compared to
the sparse forest stand since trees found far away
from the scanner will receive fewer laser points of the
tree stem that affects the estimation accuracy. Multi-
scan allows the scanning of trees in the plot from a
different direction that result in dense laser points of
the tree stem. The result of this study confirmed that
TLS based forest inventory and AGB/carbon stock
estimation using five scanning positions per plot with
a radius of 12.62m showed a very promising result
that can encourage the application of TLS in the

tropical dense forest stand conditions. With this TLS
as a nondestructive approach is feasible for tree detec-
tion and accurate DBH and tree height estimation in
dense forest stand conditions. The manual tree detec-
tion method improved the accuracy of forest attrib-
utes estimation but it is a time-consuming and
tedious task to detect and measure individual trees.
Therefore, to routinely utilize TLS in the future, still,
further studies are needed to improve the automated
tree height detection methods in dense forests consid-
ering the structure of the forest stand.
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